
SIS
ComSIS

Com

Computer Science 
and Information Systems

C
om
puter Science and Inform

ation System
s

ISSN: 2406-1018  (Online)

Computer Science 
and Information Systems

Published by ComSIS Consortium

V
ol 21, N

o 1, January 2024

Volume 21, Number 1
January 2024

Volume 21, Number 1, January 2024
Contents
Editorial
Guest Editorial: Adaptive Smart Areas and Intelligent Agents
Guest Editorial: Role of Agents in Traffic and Transportation
Guest Editorial: Innovations in Intelligent Systems and Applications

Papers
1      FSASA: Sequential Recommendation Based on Fusing Session-1      FSASA: Sequential Recommendation Based on Fusing Session-Aware Models and Self-Attention Networks
        Shangzhi Guo, Xiaofeng Liao, Fei Meng, Qing Zhao, Yuling Tang, Hui Li, Qinqin Zong
21    Applying SPIN Checker on 5G EAP-TLS Authentication Protocol Analysis
        Qianli Wang
37    PI-BODE: Programmable Intraflow-based IoT Botnet Detection system
        Đorđe D. Jovanović, Pavle V. Vuletić
57    Feature Parameters extraction and Affective Computing of Voice Message for Social Media Environment
        Peng Jiang, Cui Guo,        Peng Jiang, Cui Guo, Yonghui Dai
75    Machine Learning and Text Mining based Real-Time Semi-Autonomous Staff Assignment System
        ARSLAN, Yunus Emre IŞIK, Yasin GÖRMEZ, Mustafa TEMİZ
95    Activity Recognition for Elderly Care Using Genetic Search
        Ankita Biswal, Chhabi Rani Panigrahi, Anukampa Behera, Sarmistha Nanda, Tien-Hsiung Weng,
        Bibudhendu Pati, Chandan Malu
117  Comparing Semantic Graph Representations of Source Code: The Case of Automatic Feedback on
        Programming        Programming Assignments
        José Carlos Paiva, José Paulo Leal, Álvaro Figueira
143  MK-MSVCR: An Efficient Multiple Kernel Approach to Multi-class Classification
        Zijie Dong, Fen Chen, Yu Zhang
167  An Approach for Supporting Transparent ACID Transactions over Heterogeneous Data Stores in
        Microservice Architectures
        Lazar Nikolić, Vladimir Dimitrieski, Milan Čeliković
203  SPC5: an e203  SPC5: an efficient SpMV framework vectorized using ARM SVE and x86 AVX-512
        Evann Regnault, Bérenger Bramas

Special Section: Adaptive Smart Areas and Intelligent Agents
223  Evaluation of Deep Learning Techniques for Plant Disease Detection
        Cedric Marco-Detchart, Jaime Andrés Rincon, Carlos Carrascosa, Vicente Julian
245  A Flexible Approach for Demand-Responsive Public Transport in Rural Areas
        Pasqual Martı, Jaume Jordán, Vicente Julian
269  How to Fairly and E269  How to Fairly and Efficiently Assign Tasks in Individually Rational Agents’ Coalitions? Models and Fairness Measures
        Marin Lujak, Alessio Salvatore, Alberto Fernández, Stefano Giordani, Kendal Cousy

Special Section: Role of Agents in Traffic and Transportation
291  Comparing Reinforcement Learning Algorithms for a Trip Building Task: a Multi-objective Approach Using
        Non-Local Information
        Henrique U. Gobbi, Guilherme Dytz dos Santos, Ana L. C. Bazzan
309  Sustainability-Oriented Route Generation for Ridesharing Services
        Mengya Liu,         Mengya Liu, Vahid Yazdanpanah, Sebastian Stein, Enrico Gerding
335  Knowledge Transfer in Multi-Objective Multi-Agent Reinforcement Learning via Generalized Policy Improvement
        Vicente N. de Almeida, Lucas N. Alegre, Ana L. C. Bazzan

Special Section: Innovations in Intelligent Systems and Applications
363  3D Convolutional Long Short-Term Encoder-Decoder Network for Moving Object Segmentation
        Anil Turker, Ender Mete Eksioglu
379  Echo State Network for Features Extraction and Segmentation of Tomography Images
        Petia Koprinkova-Hristova, Ivan Georgie        Petia Koprinkova-Hristova, Ivan Georgiev, Miryana Raykovska
395  VINIA: Voice-Enabled Intent-Based Networking for Industrial Automation
        Raul Barbosa, João Fonseca, Marco Araújo, Daniel Corujo



ComSIS is an international journal published by the ComSIS Consortium 
 

ComSIS Consortium: 
University of Belgrade: 
Faculty of Organizational Science, Belgrade, Serbia 
Faculty of Mathematics, Belgrade, Serbia 
School of Electrical Engineering, Belgrade, Serbia 
Serbian Academy of Science and Art: 
Mathematical Institute, Belgrade, Serbia  
Union University: 
School of Computing, Belgrade, Serbia 

University of Novi Sad: 
Faculty of Sciences, Novi Sad, Serbia 
Faculty of Technical Sciences, Novi Sad, Serbia 
Technical Faculty “Mihajlo Pupin”, Zrenjanin, Serbia 
University of Niš: 
Faculty of Electronic Engineering, Niš, Serbia 
University of Montenegro: 
Faculty of Economics, Podgorica, Montenegro 

EDITORIAL BOARD: 
Editor-in-Chief: Mirjana Ivanović, University of Novi Sad 
Vice Editor-in-Chief: Boris Delibašić, University of 
Belgrade 
Managing Editors: 
   Vladimir Kurbalija, University of Novi Sad 
   Miloš Radovanović, University of Novi Sad 
 

Editorial Assistants:  
   Jovana Vidaković, University of Novi Sad 
   Ivan Pribela, University of Novi Sad 
   Davorka Radaković, University of Novi Sad 
   Slavica Kordić, University of Novi Sad 
   Srđan Škrbić, University of Novi Sad 

Editorial Board: 
A. Badica, University of Craiova, Romania  
C. Badica, University of Craiova, Romania 
M. Bajec, University of Ljubljana, Slovenia 
L. Bellatreche, ISAE-ENSMA, France 
I. Berković, University of Novi Sad, Serbia 
D. Bojić, University of Belgrade, Serbia 
Z. Bosnic, University of Ljubljana, Slovenia 
D. Brđanin, University of Banja Luka, Bosnia and Hercegovina 
R. Chbeir, University Pau and Pays Adour, France 
M-Y. Chen, National Cheng Kung University, Tainan, Taiwan 
C. Chesñevar, Universidad Nacional del Sur, Bahía 
Blanca, Argentina 
W. Dai, Fudan University Shanghai, China 
P. Delias, International Hellenic University, Kavala University, Greece 
B. Delibašić, University of Belgrade, Serbia 
G. Devedžić, University of Kragujevac, Serbia 
J. Eder, Alpen-Adria-Universität Klagenfurt, Austria 
Y. Fan, RMIT University, Australia 
V. Filipović, University of Belgrade, Serbia 
T. Galinac Grbac, Juraj Dobrila University of Pula, Croatia 
H. Gao, Shanghai University, China 
M. Gušev, Ss. Cyril and Methodius University Skopje, North 
Macedonia’ 
D. Han, Shanghai Maritime University, China 
M. Heričko, University of Maribor, Slovenia 
M. Holbl, University of Maribor, Slovenia 
L. Jain, University of Canberra, Australia 
D. Janković, University of Niš, Serbia 
J. Janousek, Czech Technical University, Czech Republic 
G. Jezic, University of Zagreb, Croatia 
G. Kardas, Ege University International Computer Institute, Izmir, 
Turkey 
Lj. Kašćelan, University of Montenegro, Montenegro 
P. Kefalas, City College, Thessaloniki, Greece 
M-K. Khan, King Saud University, Saudi Arabia 
S-W. Kim, Hanyang University , Seoul, Korea 
M. Kirikova, Riga Technical University, Latvia 
A. Klašnja Milićević, University of Novi Sad, Serbia 

J. Kratica, Institute of Mathematics SANU, Serbia 
K-C. Li, Providence University, Taiwan 
M. Lujak, University Rey Juan Carlos, Madrid, Spain 
JM. Machado, School of Engineering, University of Minho, Portugal 
Z. Maamar, Zayed University, UAE 
Y. Manolopoulos, Aristotle University of Thessaloniki, Greece 
M. Mernik, University of Maribor, Slovenia 
B. Milašinović, University of Zagreb, Croatia 
A. Mishev, Ss. Cyril and Methodius University Skopje, North 
Macedonia 
N. Mitić, University of Belgrade, Serbia 
N-T. Nguyen, Wroclaw University of Science and Technology, Poland 
P Novais, University of Minho, Portugal 
B. Novikov, St Petersburg University, Russia 
M. Paprzicky, Polish Academy of Sciences, Poland 
P. Peris-Lopez, University Carlos III of Madrid, Spain 
J. Protić, University of Belgrade, Serbia 
M. Racković, University of Novi Sad, Serbia 
M. Radovanović, University of Novi Sad, Serbia 
P. Rajković, University of Nis, Serbia 
O. Romero, Universitat Politècnica de Catalunya, Barcelona, Spain 
C, Savaglio, ICAR-CNR, Italy 
H. Shen, Sun Yat-sen University, China 
J. Sierra, Universidad Complutense de Madrid, Spain 
B. Stantic, Griffith University, Australia 
H. Tian, Griffith University, Australia 
N. Tomašev, Google, London 
G. Trajčevski, Northwestern University, Illinois, USA 
G. Velinov, Ss. Cyril and Methodius University Skopje, North 
Macedonia 
L. Wang, Nanyang Technological University, Singapore 
F. Xia, Dalian University of Technology, China 
S. Xinogalos, University of Macedonia, Thessaloniki, Greece 
S. Yin, Software College, Shenyang Normal University, China 
K. Zdravkova, Ss. Cyril and Methodius University Skopje, North 
Macedonia 
J. Zdravković, Stockholm University, Sweden 

 
 

 
ComSIS Editorial Office: 

University of Novi Sad, Faculty of Sciences, 
Department of Mathematics and Informatics 

Trg Dositeja Obradovića 4, 21000 Novi Sad, Serbia 
Phone: +381 21 458 888; Fax: +381 21 6350 458 

www.comsis.org; Email: comsis@uns.ac.rs 



Volume 21, Number 1, 2024 

Novi Sad 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Computer Science and Information Systems 

 
 

 
 
 

 

 
 

 

 

 

 

 
 

 

 
 

 

 
 

 

 
 

 

 

 

ISSN: 2406-1018 (Online) 
 

 
The ComSIS journal is sponsored by: 

 
Ministry of Education, Science and Technological Development of the Republic of Serbia 

http://www.mpn.gov.rs/ 

http://www.mpn.gov.rs/


  

 

 

Computer Science and  
Information  Systems 
 
 

AIMS AND SCOPE 

Computer Science and Information Systems (ComSIS) is an international refereed journal, pub-

lished in Serbia. The objective of ComSIS is to communicate important research and development 

results in the areas of computer science, software engineering, and information systems. 

We publish original papers of lasting value covering both theoretical foundations of computer 

science and commercial, industrial, or educational aspects that provide new insights into design 

and implementation of software and information systems. In addition to wide-scope regular 

issues, ComSIS also includes special issues covering specific topics in all areas of computer 

science and information systems. 

ComSIS publishes invited and regular papers in English. Papers that pass a strict reviewing 

procedure are accepted for publishing. ComSIS is published semiannually. 

Indexing Information 

ComSIS is covered or selected for coverage in the following: 

۰ Science Citation Index (also known as SciSearch) and Journal Citation Reports / Science 

Edition by Thomson Reuters, with 2022 two-year impact factor 1.4, 

۰ Computer Science Bibliography, University of Trier (DBLP), 

۰ EMBASE (Elsevier), 

۰ Scopus (Elsevier), 

۰ Summon (Serials Solutions), 

۰ EBSCO bibliographic databases, 

۰ IET bibliographic database Inspec, 

۰ FIZ Karlsruhe bibliographic database io-port, 

۰ Index of Information Systems Journals (Deakin University, Australia), 

۰ Directory of Open Access Journals (DOAJ), 

۰ Google Scholar, 

۰ Journal Bibliometric Report of the Center for Evaluation in Education and Science 

(CEON/CEES) in cooperation with the National Library of Serbia, for the Serbian Ministry of 

Education and Science, 

۰ Serbian Citation Index (SCIndeks), 

۰ doiSerbia. 

Information for Contributors 

The Editors will be pleased to receive contributions from all parts of the world. An electronic 

version (LaTeX), or three hard-copies of the manuscript written in English, intended for 

publication and prepared as described in "Manuscript Requirements" (which may be downloaded 

from http://www.comsis.org), along with a cover letter containing the corresponding author's 

details should be sent to official journal e-mail.  



  

Criteria for Acceptance 

Criteria for acceptance will be appropriateness to the field of Journal, as described in the Aims 

and Scope, taking into account the merit of the content and presentation. The number of pages of 

submitted articles is limited to 20 (using the appropriate LaTeX template).  

Manuscripts will be refereed in the manner customary with scientific journals before being 

accepted for publication. 

Copyright and Use Agreement 

All authors are requested to sign the "Transfer of Copyright" agreement before the paper may be 

published. The copyright transfer covers the exclusive rights to reproduce and distribute the 

paper, including reprints, photographic reproductions, microform, electronic form, or any other 

reproductions of similar nature and translations. Authors are responsible for obtaining from the 

copyright holder permission to reproduce the paper or any part of it, for which copyright exists. 



  



  

Computer Science and Information Systems 

Volume 21, Number 1, January 2024 

 

CONTENTS 
 

Editorial 

Guest Editorial: Adaptive Smart Areas and Intelligent Agents 

Guest Editorial: Role of Agents in Traffic and Transportation 

Guest Editorial: Innovations in Intelligent Systems and Applications  

 

 

Papers 
 

1 FSASA: Sequential Recommendation Based on Fusing Session-Aware 

Models and Self-Attention Networks  

Shangzhi Guo, Xiaofeng Liao, Fei Meng, Qing Zhao, Yuling Tang, Hui Li, 

Qinqin Zong 

21 Applying SPIN Checker on 5G EAP-TLS Authentication Protocol 

Analysis  

Qianli Wang 

37 PI-BODE: Programmable Intraflow-based IoT Botnet Detection system  

Đorđe D. Jovanović, Pavle V. Vuletić  

57 Feature Parameters extraction and Affective Computing of Voice Message 

for Social Media Environment  

Peng Jiang, Cui Guo, Yonghui Dai 

75 Machine Learning and Text Mining based Real-Time Semi-Autonomous 

Staff Assignment System  

ARSLAN, Yunus Emre IŞIK, Yasin GÖRMEZ, Mustafa TEMİZ 

95 Activity Recognition for Elderly Care Using Genetic Search  

Ankita Biswal, Chhabi Rani Panigrahi, Anukampa Behera, Sarmistha Nanda, 

Tien-Hsiung Weng, Bibudhendu Pati, Chandan Malu 

117 Comparing Semantic Graph Representations of Source Code: The Case of 

Automatic Feedback on Programming Assignments  

José Carlos Paiva, José Paulo Leal, Álvaro Figueira 

143 MK-MSVCR: An Efficient Multiple Kernel Approach to Multi-class 

Classification  

Zijie Dong, Fen Chen, Yu Zhang 

167 An Approach for Supporting Transparent ACID Transactions over 

Heterogeneous Data Stores in Microservice Architectures  

Lazar Nikolić, Vladimir Dimitrieski, Milan Čeliković 

203 SPC5: an efficient SpMV framework vectorized using ARM SVE and x86 

AVX-512  

Evann Regnault, Bérenger Bramas 



  

 

Special Section: Adaptive Smart Areas and Intelligent Agents 
 

223 Evaluation of Deep Learning Techniques for Plant Disease Detection  

Cedric Marco-Detchart, Jaime Andrés Rincon, Carlos Carrascosa, Vicente 

Julian 

245 A Flexible Approach for Demand-Responsive Public Transport in Rural 

Areas  

Pas ual Mart  , Jaume Jordán, Vicente Julian  

269 How to Fairly and Efficiently Assign Tasks in Individually Rational 

Agents’ Coalitions? Models and Fairness Measures  

Marin Lujak, Alessio Salvatore, Alberto Fernández, Stefano Giordani, Kendal 

Cousy  

 

Special Section: Role of Agents in Traffic and Transportation  
 

291 Comparing Reinforcement Learning Algorithms for a Trip Building Task: 

a Multi-objective Approach Using Non-Local Information  

Henrique U. Gobbi, Guilherme Dytz dos Santos, Ana L. C. Bazzan  

309 Sustainability-Oriented Route Generation for Ridesharing Services  

Mengya Liu, Vahid Yazdanpanah, Sebastian Stein, Enrico Gerding 

335 Knowledge Transfer in Multi-Objective Multi-Agent Reinforcement 

Learning via Generalized Policy Improvement  

Vicente N. de Almeida, Lucas N. Alegre, Ana L. C. Bazzan  

 

Special Section: Innovations in Intelligent Systems and Applications 
 

363 3D Convolutional Long Short-Term Encoder-Decoder Network for 

Moving Object Segmentation  

Anil Turker, Ender Mete Eksioglu 

379 Echo State Network for Features Extraction and Segmentation of 

Tomography Images  

Petia Koprinkova-Hristova, Ivan Georgiev, Miryana Raykovska 

395 VINIA: Voice-Enabled Intent-Based Networking for Industrial 

Automation  

Raul Barbosa, João Fonseca, Marco Araújo, Daniel Corujo  



Computer Science and Information Systems 21(1): i–ii https://doi.org/10.2298/CSIS240100iI

Editorial

Mirjana Ivanović, Miloš Radovanović, and Vladimir Kurbalija

University of Novi Sad, Faculty of Sciences
Novi Sad, Serbia

{mira,radacha,kurba}@dmi.uns.ac.rs

Kicking off the year 2024, this first issue of Volume 21 of Computer Science and Infor-
mation Systems consists of 10 regular articles and three special sections: “Adaptive Smart
Areas and Intelligent Agents” (3 articles), “Role of Agents in Traffic and Transportation”
(3 articles) and “Innovations in Intelligent Systems and Applications” (3 articles). This
editorial brings brief presentation of regular papers. Papers published in special sections
are briefly presented in appropriate guest editorials.

As always, we are thankful for the hard work and enthusiasm of our authors, review-
ers, and guest editors, without whom the current issue and the publication of the journal
itself would not be possible.

In the first regular article, “FSASA: Sequential Recommendation Based on Fusing
Session-Aware Models and Self-Attention Networks,” Shangzhi Guo et al. propose an
approach for sequential recommendation based on Fusing Session-Aware models and
Self-Attention networks (FSASA), where the Self-Attentive Sequential Recommendation
(SASRec) model is used as a global representation learning module to capture long-term
preferences under user behavior sequences.

The second regular article, “Applying SPIN Checker on 5G EAP-TLS Authentication
Protocol Analysis” by Qianli Wang, applies the SPIN model checker to produce a formal
analysis of the 5G EAP-TLS authentication protocol. The article provides a comprehen-
sive understanding of the security properties of the 5G EAP-TLS protocol, and offers
valuable insights and guidance for the verification of the protocol’s security properties,
security design, and optimization of protocol implementation and interoperability.

“PI-BODE: Programmable Intraflow-based IoT Botnet Detection system,” by Ðord̄e
D. Jovanović and Pavle V. Vuletić, proposes a programmable intraflow-based IoT botnet
detection (PI-BODE) system based on the detection of Command and Control (C&C)
communication between infected devices and the botmaster. Based on the analysis of the
traffic intraflow statistical parameters, the approach allows detecting malicious communi-
cation before any attacks occur.

Peng Jiang et al., in “Feature Parameters extraction and Affective Computing of Voice
Message for Social Media Environment” analyze the cognitive differences between se-
mantic and acoustic features of voice messages from the perspective of cognitive neuro-
science, and present a voice feature extraction method based on EEG (electroencephalo-
gram) experiments, on top of which an affective computing method based on Pleasure-
Arousal-Dominance (PAD) is proposed.

In “Machine Learning and Text Mining based Real-Time Semi-Autonomous Staff As-
signment System,” Halil Arslan et al. present a machine learning-based decision support
system for staff assignment that works with real-time data. The system analyses the de-
scription of newly requested tasks using text mining and machine-learning approaches,
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predicts the optimal available staff that meets the needs of the project task, and iteratively
updates personnel qualifications after each completed task.

The article “Activity Recognition for Elderly Care Using Genetic Search” by Ankita
Biswal et al. proposes a model for human activity recognition (HAR) which provides a
substructure for the assisted living environment, and uses genetic search based feature
selection to manage the voluminous data generated from various embedded sensors. The
article also presents a cloud based edge computing architecture for seamless deployment
of the proposed model.

José Carlos Paiva et al., in “Comparing Semantic Graph Representations of Source
Code: The Case of Automatic Feedback on Programming Assignments,” provide a thor-
ough comparison of the most widespread semantic graph representations for the auto-
mated assessment of programming assignments, including usage examples, facets, and
costs for each of these representations. A benchmark has been conducted to assess their
cost using the Abstract Syntax Tree (AST) as a baseline. The results demonstrate that the
Code Property Graph (CPG) is the most feature-rich representation, but also the largest
and most space-consuming.

In “MK-MSVCR: An Efficient Multiple Kernel Approach to Multi-class Classifica-
tion,” Zijie Dong et al. introduce a novel multi-class support vector classification and
regression (MSVCR) algorithm with multiple kernel learning (MK-MSVCR) based on
two-stage learning (MK-MSVCR-TSL). The two-stage learning aims to make classifica-
tion algorithms better when dealing with complex data by using the first stage of learning
to generate “representative” or “important” samples.

Lazar Nikolić et al., in “An Approach for Supporting Transparent ACID Transac-
tions Over Heterogeneous Data Stores in Microservice Architectures,”present the Service
Proxy Transaction Management (SPTM) approach to microservice architectures (MSA),
which offers scalable reads and transactions with ACID (Atomicity, Consistency, Isola-
tion, and Durability) guarantees. The novelty of the approach is in intercepting inbound
messages to services, rather than having services directly communicate with a transaction
manager.

Finally, “SPC5: An Efficient SpMV Framework Vectorized Using ARM SVE and
x86 AVX-512” authored by Evann Regnault and Bérenger Bramas describes how the
SPC5 sparse matrix/vector product (SpMV) framework was ported to the ARM-based
AFX64 CPU by converting Intel AVX512 kernels to the Scalable Vector Extension (SVE)
vectorization technology.

This first issue of the Journal brings a number of papers from diverse research domains
and contemporary research fields. Accordingly we expect that wider audience will find at
least one interesting paper for reading. Also we hope that papers will inspire readers
to improve their research or even try to do innovative work in some of research areas
presented in papers.
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Guest Editorial: Adaptive Smart Areas and Intelligent
Agents

Marin Lujak1, Adriana Giret2, and Sara Rodrı́guez González3

1 CETINIA, University Rey Juan Carlos, Madrid, Spain
marin.lujak@urjc.es

2 Universitat Politècnica de València, Valencia, Spain
agiret@dsic.upv.es

3 University of Salamanca, Salamanca, Spain
srg@usal.es

Intelligent agents showcase adaptability as computational entities that utilize sensors
and actuators to navigate and manipulate different environments in pursuit of predefined
objectives. One of the promising research fields on Agents and Multi-Agent Systems is in
adaptive smart areas, which refer to spatial constructs with a high need for sensorization
intentionally designed to be responsive and adaptable to changing environmental condi-
tions and user needs and preferences. Unlike environments that merely tolerate external
factors, the goal is to create an intelligent environment that actively responds to changes
and seamlessly accommodates the evolving requirements and challenges, ensuring opti-
mal functionality. The integration of intelligent agents within these adaptive environments
amplifies their effectiveness, creating synergies that enhance the overall adaptability and
responsiveness of both the computational entities and the designed systems. This inter-
connected approach underscores the importance of harmonizing the design of agents and
multi-agent systems in the face of diverse and evolving conditions. Research in adaptive
Smart Areas integrates cost efficiency, sustainable mobility, environmental protection, and
economic sustainability including intelligent agents with unlimited opportunities to dis-
play their abilities to react, plan, learn, and interact in an intelligent and rational manner.

This Special Section contains a selection of revised and extended versions of the pa-
pers presented at the first Workshop on Adaptive Smart areaS and Intelligent Agents
(ASSIA) held in conjunction with PAAMS 2022, the 20th International Conference on
Practical Applications of Agents and Multi-Agent Systems in L’Aquila, Italy on the 14th
July, 2022. The aim of the ASSIA 2022 workshop was to propose and discuss new
agent technologies aimed at fostering collaboration and coordination and providing in-
telligence to Adaptive Smart Areas applied to urban and rural areas, buildings, farms, and
forests, among others. The use of agents in Adaptive Smart Areas tackled issues related to
smart architectures, simulations, intelligent infrastructure, smart transport, robotics, and
open data. The workshop also addressed specific methodological and technological issues
raised by the deployment of agents in the real-world Adaptive Smart Areas. This perspec-
tive offered a unique opportunity to advance the current state of the art, while addressing
ongoing challenges in the field. The ASSIA 2022 workshop, as well as the PAAMS 2022
conference in which it took place, were held in person, with a very active and lively inter-
action of the presenters and the audience.

Following the standard reviewing procedure of the ComSIS Journal, three papers were
accepted for publication in this section, and here is a brief overview of the papers included.
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The first paper titled “Evaluation of Deep Learning Techniques for Plant Disease De-
tection” authored by C. Marco-Detchart, J. A. Rincon, C. Carrascosa and V. Julian, em-
barks on a comprehensive exploration of various deep learning techniques leveraging leaf
images for the autonomous detection of pests and diseases in crops. By training with pic-
tures of affected crops and healthy crops, deep learning techniques learn to distinguish one
from the other. The authors utilize the Convolutional Neural Networks (CNN) including
mobile-oriented network architectures (InceptionV3, MobileNetV2, and NasNetMobile)
as well as high-performance computer-oriented CNNs (EfficientNet and Efficientnet-B0
and EfficientNetV2-B0). They consider the preprocessing step inspired by the Bezdek
Breakdown Structure (BBS) for edge detection as the input to their neural system and use
the Gravitational Smoothing (GS) process as a conditioning step in the preprocessing. By
providing a deeper understanding of the strengths and limitations of these methodologies,
this research contributes to the forefront of agricultural disease detection.

The second paper titled “A Flexible Approach for Demand-Responsive Public Trans-
port in Rural Areas’ by Pasqual Martı́, Jaume Jordán and Vicente Julian studies on-
demand mobility in rural areas characterized by low demand, long distance among settle-
ments, and an older population. The authors propose a heuristic demand-responsive trans-
portation system scheduler for offline and online allocation of travel requests to vehicles
and a search algorithm for feasible insertions within available itineraries and test it in
simulation. The simulation results highlight the clear potential of the demand-responsive
mobility paradigm to serve rural demand at an acceptable quality of service and provide
a modern, dynamic, and reliable means of public transportation to rural contexts.

Finally, the third paper titled “How to Fairly and Efficiently Assign Tasks in Individ-
ually Rational Agents’ Coalitions Models and Fairness Measures” titled by Marin Lujak,
Alessio Salvatore, Alberto Fernández, Stefano Giordani and Kendal Cousy, studies coali-
tions of individually rational agents. Such coalitions can be observed in, e.g., agricultural
cooperatives and taxi services. Since agents’ performance, costs, and skills may vary from
task to task, the decisions about individual agent-task assignment will determine the over-
all performance of the coalition. They propose two new models that balance efficiency
and fairness and study the utilitarian, egalitarian, and Nash social welfare for task assign-
ment in this context. Moreover, they propose three new fairness measures based on equity
and equality and use them to compare the newly proposed models. Through functional
examples, the authors show that a reasonable trade-off between efficiency and fairness in
task assignment is possible through the use of the proposed models.
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Guest Editorial: Role of Agents in Traffic and
Transportation

Marin Lujak1, Ana L. C. Bazzan2, Ivana Dusparic3, and Giuseppe Vizzari4

1 CETINIA, University Rey Juan Carlos, Spain
marin.lujak@urjc.es

2 Federal University of Rio Grande do Sul, Brasil
bazzan@inf.ufrgs.br

3 School of Computer Science and Statistics, Trinity College Dublin, Ireland
duspari@tcd.ie

4 Department of Informatics, Systems and Communication, University of Milano – Bicocca, Italy
giuseppe.vizzari@unimib.it

Intelligent algorithms, particularly those utilizing autonomous agents and multi-agent
systems, offer a compelling solution to the pursuit of secure, efficient, and sustainable traf-
fic and transportation. Even though many real-world problems are inherently distributed
and multi-objective, most of the literature deals with a single agent and a single objective.
Such approaches may generally present robustness issues, and difficulties in responding to
the generally heterogeneous individual actors’ conditions changing over time. Therefore,
a need arises for a way to model and train multiple agents to tackle these challenges.

This special section explores synergies among agents, multi-agent systems, multi-
objective optimization, and machine learning, offering valuable insights into combining
their potential within the context of traffic and transportation. This unique perspective
offers an opportunity to advance the current state of the art, addressing ongoing challenges
in the field. The section introduces innovative agent-based methods designed for dynamic
adaptation, ensuring the smooth and efficient operation of transportation systems, even
under fluctuating conditions. In combination with [1], it contains a selection of revised
and extended versions of papers presented at the 12th International Workshop on Agents
in Traffic and Transportation (ATT 2022) held in conjunction with IJCAI-ECAI 2022,
the 31st International Joint Conference on Artificial Intelligence and the 25th European
Conference on Artificial Intelligence, in Vienna, Austria on July 25th 2022. The workshop
aimed to unite researchers and practitioners to discuss the modeling, simulation, control,
and management of large-scale transportation systems at both micro and macro levels.
The ATT 2022 workshop, as well as the IJCAI-ECAI 2022 conference in which it took
place, were held in person, with a very active and lively interaction of the presenters
and the audience. ATT 2022 thus continued a long success story of the eleven previous
workshop editions and the trend of publishing revised and extended selected papers in
special issues [2].

Following the standard reviewing procedure of the ComSIS Journal, two papers have
been accepted for publication in this section, with a third added due to topic similarity. In
the following, we give a short overview of the papers contained in the special section.

The first paper entitled “Comparing Reinforcement Learning Algorithms for a Trip
Building Task: a Multi-objective Approach Using Non-Local Information”, authored by
Henrique U. Gobbi, Guilherme Dytz dos Santos and Ana L. C. Bazzan formulates the
problem of multiple agents learning how to travel from an origin to a destination as a
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reinforcement learning (RL) task modeled as a stochastic game. The authors consider
more than one objective, non-stationarity, and inter-agent communication of local and
non-local information. RL algorithms for a single objective (Q-learning) and multiple
objectives (Pareto Q-learning) are compared, with and without non-local communication.
These methods are evaluated with hundreds of agents, aiming at minimizing their origin-
destination travel times and the carbon monoxide emissions. Results show that the use of
non-local communication reduces both travel time and emissions.

The second paper titled “Sustainability-Oriented Route Generation for Ridesharing
Services” authored by Mengya Liu, Vahid Yazdanpanah, Sebastian Stein and Enrico Gerd-
ing consider three pillars of sustainability: social, economic, and the environmental one.
They present a multi-objective evolutionary approach based on the Non-dominated Sort-
ing Genetic Algorithm for generating routing options in sustainable mobility on demand
under six sustainable ridesharing objectives: travelling time, waiting time, overall/excess
distance, travel cost, total emission, and working time balance. In addition to being aware
of sustainability, their method also establishes a foundation for explainable, participatory,
and dynamic mobility-on-demand services. Stakeholders can be provided with visualisa-
tions to see how different objectives affect routing solutions. A diverse range of solutions
may be provided for a diverse set of users. Lastly, the proposed approach allows dynamic
fine-tuning over time.

Finally, the third paper titled “Knowledge Transfer in Multi-Objective Multi-Agent
Reinforcement Learning via Generalized Policy Improvement” by Vicente N. de Almeida,
Lucas N. Alegre and Ana L. C. Bazzan proposes a multi-objective multi-agent reinforce-
ment learning method in which agents build a shared set of policies during training, in
a decentralized way, and then combine these policies using a generalization of policy
improvement and policy evaluation to generate effective behaviors for any possible pref-
erence distribution, without requiring any additional training. This method is applied to
two different application scenarios: a multi-agent extension of a four-room environment
and traffic signal control considering both vehicles and pedestrians. Results show that the
approach is able to effectively and efficiently generate behaviors for the agents, given any
preference over the objectives.
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This special section includes extended versions of selected papers from the 15th Inter-
national Conference on INnovations in Intelligent SysTems and Applications (INISTA),
which has been held during August 8-10, 2022, in Biarritz, France in hybrid mode.

The series of INISTA conferences have been organized since 2005. INISTA Confer-
ences aim to bring together researchers from the entire spectrum of the multi-disciplinary
fields of intelligent systems and to establish effective means of communication between
them. In particular, they focus on all aspects of intelligent systems and the related ap-
plications, from both perspectives: theory and practice. The topics of interest of INISTA
2022 covered the entire spectrum of the multi-disciplinary fields of intelligent systems
and related applications. In particular, the topics included: Artificial Intelligence Algo-
rithms, Artificial Neural Networks; Autonomous systems; Bioinformatics. Big Data Ap-
plications, Algorithms, and Systems; Cloud/Edge/Fog Computing; Computational and
Data Science; Data Mining; Data Hiding; Deep Learning; Distributed Intelligence; En-
semble Learning; Evolutionary Computation; Expert Systems; Fuzzy Logic; Genetic Al-
gorithms; Hardware Implementations for Intelligent Systems; Human-Computer Inter-
action; Humanoid Robotics; Hybrid Intelligence; Intelligent Agents; Intelligent Appli-
cations in Biomedical Engineering; Intelligent Approaches in Robotic and Automation;
Intelligent Approaches in Signal and Image Processing; Intelligent Approaches in Sys-
tem Identification/Modeling; Intelligent Behavior; Intelligent Control Systems; Intelligent
Defense/Security Systems; Intelligent Healthcare; Intelligent Education; Intelligent Inter-
action and Visualization; Intelligent Life; Information Security; Internet of Things, Inter-
net of Everything; Machine Learning; Memetic Computing; Natural Language Process-
ing; Neurotechnology and Emergent Intelligence in Nervous Systems; Robust Perception
in Complex Environments; Reinforcement Learning; Smart Sensors, Materials, and En-
vironments; Smart Wearables; Social Media Mining; Swarm Intelligence; Text Mining;
Virtual, Augmented, and Mixed Reality; Other topics related to Intelligent Systems.

In 2022 year, there were 78 accepted papers in the conference, and 10 of them were
selected and invited for this special section. Submitted papers were based on original con-
ference papers. Moreover, they were carefully revised, extended, improved, and judged
acceptable for publication in this journal. Each paper has undergone a review process of
at least two rounds, as well as it has been reviewed by two or three referees. Finally, 3
papers were accepted for publishing. The aim of this special issue is to present some new
directions and research results in the area of intelligent systems.

The first paper “3D Convolutional Long Short-Term Encoder-Decoder Network for
Moving Object Segmentation” by Anil Turker and Ender M. Eksioglu presented the MOS-
Net (Moving Object Segmentation) deep framework, an encoder-decoder network that
combines spatial and temporal features using the flux tensor algorithm, 3D CNNs, and
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ConvLSTM in its different variants. In an enhanced version the framework MOS-Net
2.0, additional ConvL-STM modules are added to 3D CNNs for extracting long-term spa-
tiotemporal features. In the final stage of the framework the output of the encoder-decoder
network, the foreground probability map, is thresholded for producing a binary mask,
where moving objects are in the foreground and the rest forms in the background. In ad-
dition, an ablation study has been conducted to evaluate different combinations as inputs
to the proposed network, including challenging videos such as those with dynamic back-
grounds, bad weather, and illumination changes. The results of the proposed approach
are compared with other competitive methods from the literature using the same evalu-
ation strategy, and it has been concluded that the introduced MOS networks give highly
competitive results.

The second paper “Echo State Network for Features Extraction and Segmentation of
Tomography Images” by Petia Koprinkova-Hristova, Ivan Georgiev and Miryana Raykovska
proposed a novel approach for gray scale images segmentation. It is based on multiple
features extraction from a single feature per image pixel, i.e., its intensity value, via a
recurrent neural network (Echo state network). The preliminary tests on the benchmark
gray scale image Lena demonstrated that the newly extracted features (i.e., reservoir equi-
librium states) reveal hidden image characteristics. Additionally, the developed approach
was applied to a real-life situation for segmentation of a 3D tomography image of a bone.
The aim of this application was to explore the object’s internal structure. The achieved re-
sults confirmed that the novel approach allows for clearer revealing the details of the bone
internal structure, thus, supporting further tomography image analyses. Obtained results
are also valuable from the practical point of view.

The problem of integrating virtual assistants with Intent-based Networking (IBN) and
Software-defined Networking (SDN) for industrial network automation is explored in the
paper “Voice-Enabled Intent-Based Networking for Industrial Automation” by Raul Bar-
bosa, Joao Fonseca, Marco Araujo and Daniel Corujo. This work presented a preliminary
architecture for a voice-enabled IBN system. The proposed architecture included the sup-
port of network orchestrators and network slice managers in the existing solution to allow
the configuration of more network assets, including 5G Networks, improving the sys-
tem’s capabilities. The results presented in the paper provide insights into this solution’s
potential benefits and limitations to enhance the automation of the management and or-
chestration procedures in industrial networks.

We gratefully acknowledge all the hard work and enthusiasm of authors and reviewers,
without whom the special section would not have been possible. Also, we believe that
readers will enjoy reading these papers and will be inspired for their future work.
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Abstract. The recommendation system can alleviate the problem of “information
overload”, tap the potential value of data, push personalized information to users in
need, and improve information utilization. Sequence recommendation has become
a hot research direction because of its practicality and high precision. Deep Neural
Networks (DNN) have the natural advantage of capturing comprehensive relations
among different entities, thus almost occupying a dominant position in sequence
recommendation in the past few years. However, as Deep Learning (DL)-based
methods are widely used to model local preferences under user behavior sequences,
the global preference modeling of users is often underestimated, and usually, only
some simple and crude user latent representations are introduced. Therefore, this
paper proposes a sequential recommendation based on Fusing Session-Aware mod-
els and Self-Attention networks (FSASA). Specifically, we use the Self-Attentive
Sequential Recommendation (SASRec) model as a global representation learning
module to capture long-term preferences under user behavior sequences and further
propose an improved session-aware sequential recommendation model as a local
learning representation module from user model the user’s dynamic preferences
in the historical behavior, and finally use the Gated Recurrent Unit (GRU) mod-
ule to calculate their weights. Experiments on three widely used recommendation
datasets show that FSASA outperforms state-of-the-art baselines on two commonly
used metrics.

Keywords: Recommendation Systems, Sequential Recommendation, Session-Aware
Recommendation, Self-Attention, Gated Recurrent Unit.
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1. Introduction

In recent years, with the rapid development of the Internet, especially the mobile Inter-
net, Internet information has also shown an explosive growth trend. Faced with massive
amounts of information, the time and cost for users to obtain the content they need have
increased significantly. The recommendation system, as an effective means to solve the
problem of information overload, has become the core of many e-commerce and mul-
timedia platforms [60]. Personalized recommendation services can help the platform to
attract users’ attention, increase the number of user visits, and provide a steady stream of
power for the development of network platforms. Its commercial value has also attracted
the attention of industry and academia [19].

Collaborative Filtering (CF) is the most widely used recommendation system in the
early stage. The core idea is to synthesize the explicit feedback information of users and
items and filter out items the target users may be interested in for recommendation [42].
Different from CF, the goal of sequence recommendation is to combine a personalized
model of user behavior (based on historical information) with some concept of “context”
based on the user’s recent behavior by understanding and analyzing the user’s interaction
history as a sequence information, to push the matching items of user interest [46, 52,
35]. Early work on sequential recommendation usually uses Markov Chain (MC) [8, 7,
10, 11], but its disadvantage is also obvious. Due to the Markov property, it is assumed
that the current interaction only depends on one or a few recent interactions. Only short-
term dependencies are captured, while long-term dependencies are ignored. As one of the
important research directions of sequence recommendation, session-aware recommenda-
tion takes each session as the basic input unit, which can capture the user’s short-term
preference and the dynamic preference reflected by the interest transfer between sessions,
thereby improving the accuracy and timeliness of recommendation [43, 49]. Deep neural
network has the natural advantage of capturing the comprehensive relationship between
different entities, which can alleviate the problem of insufficient expressive ability of
traditional recommendation models, so it has almost occupied the dominant position in
sequence recommendation in the past few years [28, 44, 61, 24, 25, 9, 4]. However, most
of DNN-based methods also do not pay enough attention to the long-term relationship
between sequences, and the user’s global preference modeling is often underestimated.
Attention mechanisms, which can reveal syntactic and semantic patterns between words
in a sentence, have also become an important component of sequence recommendation
[23, 2, 45, 30]. Among them, SASRec [18] stacks multiple self-attention blocks, which
can effectively capture the long-term preferences of users within a sequence. Now that
users’ long-term and short-term preferences have been well explored in previous studies,
an intuitive way to develop sequential recommendation methods is to model local dy-
namic preferences and combine them with global preferences to more comprehensively
predict users’ true preferences [23, 38, 27, 54, 59].

Inspired by the above work, this paper proposes a novel solution named sequen-
tial recommendation based on fusing session-aware models and self-attention networks
(FSASA). FSASA can consider the user’s long-term static preference and short-term dy-
namic preference simultaneously and more fully express the user’s real intention. Specif-
ically, our model contains three main components, a global representation learning mod-
ule, a local representation learning module, and a GRU module. For global representa-
tion learning, we follow SASRec [18] based on the self-attention mechanism because it
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achieves excellent performance in capturing users’ long-term preferences. For global rep-
resentation learning, we introduce implicit features from users’ historical behaviors based
on sequential recommendation [43] to model users’ dynamic preferences accurately. Fi-
nally, we use GRU to balance the weights of the global representation learning module
and the local representation learning module. In addition, we conduct a comprehensive
ablation study to show the impact of crucial modules and parameters on recommendation
performance.

The main contributions of the proposed FSASA are as follows:

– We propose a novel sequential recommendation based on session-aware models and
self-attention networks to capture the dynamic preferences beneath users’ behavior
sequences, and improving recommendation performance.

– We design a session-aware local representation learning module for mining the im-
plicit features in the user’s historical behavior to model the user’s dynamic prefer-
ences accurately.

– The GRU module is used to balance the contribution of the global representation
learning module and the local representation learning module and more comprehen-
sively predict the user’s real preferences.

– To verify the performance of FSASA, we also conducted simulation experiments on
three commonly used datasets. Experimental results show that FSASA significantly
outperforms five state-of-the-art baselines. We also perform ablation studies and dis-
cuss details of local and gating units.

The rest of this paper is structured as follows. In the next section, a brief review
is given of recent investigations on general recommendation, sequential recommenda-
tion, and session-aware recommendation. We propose sequential recommendation based
on fusing session-aware models and self-attention networks in Section 3. Section 4 de-
scribes experiments based on three real datasets and analyzes the results. Finally, Section
5 presents the main conclusions and future work.

2. Related Work

In this section, we will briefly review several lines of works closely related to ours, includ-
ing general recommendation, sequential recommendation, and session-aware recommen-
dation, respectively, and point out the relationship and differences between our FSASA
and those works.

2.1. General Recommendation

Collaborative filtering [42] was the most widely used recommendation algorithm in the
early days. It mainly finds users’ preferences through deep mining of their past behavioral
data, groups users based on different preferences, and recommends items with similar
tastes to other users in the group [20, 6, 51, 55]. Among them, the matrix decomposition
[31, 21, 12, 1, 16, 62] algorithm uses Singular Value Decomposition (SVD), Eigenvalue
Decomposition (ED), and other methods to decompose the co-occurrence matrix to gen-
erate an implicit vector for the user and the project, respectively, and uses the implicit
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vector to represent the user’s interest and the project’s attributes, to dig the deep poten-
tial relationship between the user and the project—excellent performance in user rating
prediction task. Collaborative filtering and matrix decomposition algorithms only utilize
user-project interaction information. At the same time, Logistic Regression (LR) [39] can
integrate user portrait features, item attributes, and context information, transform features
into numerical vectors, input them into the network for training, learn the weight of each
feature, and predict the probability of positive samples in the output layer. However, LR
has limited characterization ability and does not carry out a cross combination of multiple
features, which affects prediction accuracy. Rendle [37] proposed a Factorization Model
(FM) by adding a second-order cross-feature combination based on logistic regression.
The Facebook team [13] combined the gradient lifting decision tree with logistic regres-
sion and used the combined model to complete the recommendation task.

Combining deep learning and recommendation system can alleviate the problem of
insufficient expression ability of the traditional recommendation model. Multi-Layer Per-
ceptron (MLP) is a neural network with feed-forward structure. The data flows through
the input layer and multiple hidden layers into the output layer to calculate the final result.
The recommendation system often uses it to mine the crossover of high-order features and
learn potential data patterns [40, 5, 3, 29].

2.2. Sequential Recommendation

Different from traditional collaborative filtering and content filtering-based recommenda-
tion systems, sequential recommendation attempts to model and understand user sequen-
tial behavior, interactions between users and items, and the evolution of user preferences
and item popularity over time [50]. Early works on sequential recommendation usually
use Markov chains, and MC’s natural advantage in modeling sequential dependencies
provides an intuitive solution for sequential recommendation [8, 7, 10, 11]. Nevertheless,
its shortcomings are also obvious. Due to the Markov property, it is assumed that the cur-
rent interaction only depends on one or a few recent interactions, so it can only capture
short-term dependencies and ignore long-term dependencies.

As mentioned in the previous section, deep neural networks have the natural advantage
of capturing comprehensive relations among different entities (e.g., users, items, interac-
tions). They thus have almost dominated sequential recommendation in the past few years.
Recurrent Neural Network (RNN) is a deep network structure commonly used to process
time series data. RNN can perform feed-forward calculation, maintain the information of
the previous moment, and use historical state data and current state to predict output so
that it can process sequence data such as text and audio [28, 44, 61, 24, 25]. To solve the
problem of information loss caused by too long time intervals and the problem of gradient
disappearance and explosion, RNN has also constructed new variants: Long Short-Term
Memory network (LSTM) [9] and gated recurrent unit [4]. Our work uses GRU to fuse
two representation learning modules, which will be discussed further in Section 3. RNN
is not perfect, and it may only capture point dependencies and ignore set dependencies
(e.g., several interactions collaborating to influence the next one). Since Convolutional
Neural Networks (CNN) do not have strong sequential assumptions about the interactions
in sequences, the above-mentioned shortcomings of RNN in sequence recommendation
can be compensated to some extent. The CNN first puts all the embedding elements of
the interaction into a matrix, then uses this matrix as an “image” in time and latent space,
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and finally, learns sequential patterns as local features of the image, using convolutional
filters for subsequent recommendations [47, 58, 57]. However, due to the limited size of
filters used in CNN, CNN-based sequence recommendations cannot effectively capture
long-term dependencies, which limits their applications. With the rapid development of
Graph Neural Networks (GNN), numerous researchers utilize GNN to model and cap-
ture complex transition sequences of user-item interactions [26, 34, 52, 53]. This method
fully exploits the advantages of GNN to capture complex relations in structured relational
datasets, showing great potential for explainable recommendation, which is still in the
early exploration stage.

The attention model is also often used in sequence recommendation to emphasize
those genuinely relevant and essential interactions in the sequence while ignoring those
interactions that are irrelevant to the next interaction, allowing the model to focus on more
important information, reducing the impact of data noise on the impact of the results [18,
23, 2, 45, 30]. In this paper, we base the global representation learning module on the
Self-Attention Sequential Recommendation (SASRec) model [18], which is an excellent
sequential recommendation model. Note that [23] bases the local representation learn-
ing module on the SASRec model, which is similar to our FSASA and will be further
discussed in Section 4.

2.3. Session-aware Recommendation

Sequential recommendation considers that all historical interaction information is equally
important for predicting user’s current preference. However, user preference may change
over time, which is dynamic rather than static. Therefore, Session-Based Recommenda-
tion Systems (SBRS) have been proposed to bridge these gaps in recent years. SBRS
takes each session as the basic input unit, which can capture the user’s short-term pref-
erences and the dynamic preferences reflected by the interest transfer between sessions,
thereby improving the accuracy and timeliness of recommendations [49]. Unlike session-
based, the session-aware recommendation is a method that uses the relationship between
sessions for each user and makes recommendations by structurally decoupling long-term
and short-term preferences from a slightly more diverse perspective [22]. [17] propose an
early SBRS emphasizing the importance of considering recently observed user behavior
when making recommendations. [36] proposed one of the earliest deep learning tech-
niques for the session-aware recommendation, where the authors used two parallel GRU
layers to model information across sessions. In the same year, Ruocco et al. [41] proposed
the IIRNN model, which, like [36], uses the RNN architecture and extends session-based
techniques to model inter-session and intra-session notifications. RNN were later also
used in NSAR models [33] to encode session patterns combined with user embeddings
to represent long-term user preferences across different sessions. Hu et al. [15] combine
inter-session and intra-session context with a joint context encoder for item prediction.
In [56], the authors utilize a two-layer hierarchical attention network to model short-
term and long-term user interests. In [14], the authors are inspired by language modeling
methods such as word2vec to treat items as words and recommend related items based on
contextual information.

As the session-aware method is widely used in local and dynamic preference mod-
eling under user behavior sequences, the user’s global and static preference modeling is
often underestimated. Usually, only some simple and crude user potential representations
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are introduced. In our work, the respective advantages of session-aware and self-attention-
based sequential recommendation methods are fully combined to model the user’s short-
term and long-term preferences, respectively. This means that our FSASA can more com-
prehensively represent the user’s true intent, which we discuss further in the next section.

3. Proposed Method: FSASA

This section proposes our FSASA, i.e., sequential recommendation based on fusing session-
aware models and self-attention networks. For sequential recommendation, we are given
a user’s action sequence Su = {Su

1 ,Su
2 , ...,Su

t , ...,Su
|Su|}, u ∈ U , Su

t ∈ I, where U de-
note a set of users and I denote a set of items. Given the interaction history Su

t , sequential
recommendation aims to predict the item that user u will interact with at time step Su

t+1.
In this paper, we use capital letters in bold to denote matrices and their lowercase form to
denote the corresponding row vectors.

3.1. Global Representation Learning

First of all, we fix the input sequence of each user u by extracting his/her latest n be-
haviors, which is abbreviated as Su = {s1, s2, ..., sn}, where n represents the maximum
length that can handle. If the sequence length exceeds n, we consider the most recent n
actions. If the sequence length is less than n, we repeatedly add a padding item 0 on the
left until the length is n. Let M ∈ R|I|×d denote the learnable item embedding matrix
with d as the latent dimensionality. We can then represent the input sequence as an em-
bedding matrix E ∈ Rn×d, where Ei = Msi . A constant zero vector 0 is used as the
embedding for the padding item.

Following [18], since the self-attention model does not include any recurrent or con-
volutional module, it is unaware of the positions of previous items. Hence we inject a
learnable position embedding matrix P = [p1; p2; ...; pn] ∈ Rn×d to the input embedding
matrix E ∈ Rn×d, and obtain an input matrix X(0) = [x1;x2; ...;xn] ∈ Rn×d for the
self-attention network:

x(0)i = msi + pi, i ∈ {1, 2, ..., n} (1)

Then, we feed the sequence X(0) ∈ Rn×d into a series of stacked self-attention blocks
(SABs). The output of the b-th block is as follows:

X(b) = SAB(b)X(b−1), b ∈ {1, 2, ..., B} (2)

Omitting the normalization layers with residual connection, each self-attention block
can be viewed as a self-attention layer SAL(·) followed by a feed-forward layer FFL(·)
as follows:

SAB(X) = FFL(SAL(X)) (3)

X
′
= SAL(X) = softmax(

QKT

√
d

)∆ ·V (4)
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FFL(X
′
) = ReLU(X

′
W1 + 1T b1)W2 + 1T b2 (5)

where X ∈ Rn×d is the position-aware input matrix, Q = XWQ, K = XWK

and V = XWV with WQ,WK ,WV ∈ Rd×d are the projected query, key and value
matrices, respectively, to improve the flexibility. Note that W1,W2 ∈ Rd×d and b1,b2 ∈
R1×d are weights and biases for the two layers of convolution, 1 is a unit row vector of
size 1× n and ∆ is the causality mask (i.e., a unit lower triangular matrix of size n× n),
to preserve the transitions from previous steps only.

[23] uses a simple location-based attention mechanism as a global representation
learning module to model the user’s long-term static preferences. Its performance is not as
good as that of SASRec, that stacks multiple self-attention blocks. It is shown in [18] that
hierarchy is important for global representation. Specifically, self-attention blocks at the
bottom tend to capture long-term dependencies, while higher blocks may focus on more
recent dependencies. In this module, we use the bottom self-attention block SAB(1)(·) as
the global representation learning module of FSASA.

3.2. Local Representation Learning

While the self-attention block at the top of [18] can also be used to model a user’s short-
term dynamic preferences, in many online services, user interactions are often grouped
by sessions where preferences are likely to be shared, and this is where session-aware
is needed to establish connections for each user’s session. Inspired by [46], we added
user rating information embedding based on [43] to accurately model short-term dynamic
preferences of users. Note that the local representation learning module is independent of
the global one.

The simplest way to distinguish sessions within item sequences is to insert a separa-
tor between item sequences [27]. A learnable extra token called Session Token (ST) is
inserted between sessions as if it were an item embedding. Unlike the fill marker, it is not
excluded from attention, and it has the effect of moving the embedding one position per
session. The advantage of this method is that it can indicate at inference time whether the
input is a new session or not.

User rating information is one of the important criteria for modeling user preferences,
but most current recommendation algorithms define rating as positive feedback, which is
unreasonable. For a user, scoring an item only means that the user has browsed the item
rather than that the user is interested in the item. For example, suppose a user gives an item
a shallow score. In that case, the user is not interested in the item, and the recommendation
system should recommend fewer such items.

In FSASA, the rating information is fine-grained, and the learnable Rating Segment
Embedding (RSE) is used, representing the session’s importance and providing a se-
quence hierarchy. Note that, similar to session tokens, scoring information can also in-
dicate whether it is a new session or not at inference time. For p-th item i in j-th session
of a user, our input representation becomes: x = IEi+PEp+RSEj , where IE is an item
embedding, PE is a positional embedding from BERT, and RSE is a session segment
embedding. The maximum number of sessions is limited so that only the most recent m
sessions are considered. As in the implementation of positional embedding, ordinals are
attached in the most recent order and padding is filled to match the model input length L.
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For a timestamp t, we define a Temporal Encoding (TE) as follows:

TE(t) = [cos(ω1t+ θ1) · · · cos(ωdT
t+ θdT

)]⊤ (6)

where dT is a temporal dimension, and ωi, θi are learnable parameters. We concate-
nate temporal encoding vectors t to the input representation X, which gives us a Temporal
Self-Attention (TAS) as follows:

TSA(X,t) = softmax(
[Xt][Xt]⊤√
dX + dt

)X (7)

where dX is an input dimension of X. Here we can see that the attention weight aij
between (xi, ti) and (xj , tj) is calculated as:

aij = x⊤
i xj + TE(ti)

⊤TE(tj) (8)

The weight becomes sum of self-attentiveness and temporal attentiveness [54]. For
multi-layered and multi-headed Transformer layers, we concatenate TE on each layer and
head. Note that TE can be trained on each layer or head separately, but empirically no
significant improvements were found.

[23] uses SASRec as a local representation learning module to model users’ short-term
preferences, while SASRec is better at modeling recent activities of sparse datasets, and
it is difficult to model normal or dense Recent activity on the dataset accurately. FSASA
uses BERT-STR as a local representation learning module and adds user rating infor-
mation. Thanks to the excellent representation ability of session-aware, it can accurately
model the short-term dynamic preferences of users.

The input representation layer including all proposed methods is shown in Figure
1. The rest part of the model is identical to BERT4Rec [46]. Note that the difference
from SASRec [18], which uses an autoregressive decoder, is that information other than
item embedding such as positional embedding, session segment embedding, and temporal
encoding can be utilized at inference time for the to-be-predicted item.

3.3. Gating Unit

To combine the local representation and the global representation, we may naturally think
of concatenation or summation. Many researchers suggest a weighted summation to bal-
ance the two representations by considering the consistency of the item lists (correspond-
ing to the sequences in our case), which performs better in their cases. Inspired by [23, 4],
we use GRU to combine the weights of global and local representation learning module,
and the fusion equation is as follows:

x(t) = xglobal ⊗ r + xlocal ⊗ (1− r) (9)

GRU is a variant of traditional RNN. Like LSTM, it can effectively capture the se-
mantic association between long sequences and alleviate the phenomenon of gradient
disappearance or explosion. At the same time, its structure and calculation are simpler
than LSTM. Its core structure is composed of update gate z(t) and reset gate r(t):

z(t) = σ(Wz · [ht−1, xt]) (10)
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Fig. 1. Input layer

r(t) = σ(Wr · [ht−1, xt]) (11)

where ht−1 denote the hidden state layer output of the previous time, in FSASA rep-
resents the user preference learned at the previous time, and xt denote the input at the
current time, which in FSASA represents the current local/short-term preference. After
getting the gating signal, first use the reset gating to get the data after “RESET”:

h
′

t−1 = ht−1 ⊙ rt (12)

The representative controls how much information from the last time can be used.
Then use this reset h

′

t−1 to perform basic RNN calculations, i.e., splicing with xt for
linear change, and after tanh activation obtain h

′

t:

h
′

t = tanh(W · [h
′

t−1, xt]) (13)

The gate value zt of the last update gate will act on the h
′

t, and 1−zt will act on ht−1,
and then add the results of the two to get the final hidden state output ht:

ht = zt ⊙ h
′

t + (1− zt)⊙ ht−1 (14)

The range of the gating signal (i.e., zt) is 0 to 1, the closer the gating signal is to 1,
the more data is “remember”, and the closer to 0 is the more “forget”. FSASA uses GRU
to “forget” the unimportant information in the user sequence, “remember” the important
information in the user sequence, and more comprehensively and accurately represent the
user’s true intention.
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We abandon the way of compressing the long-term or short-term preference represen-
tation as the initial hidden state h0, as this would compress the representation vector to
very low dimensions and lose information.

[23] uses item similarity models to add user’s uncertain intention information to make
recommendations, although it can to a certain extent, the recommendation performance in
the absence of user sequence information is improved. However, at the same time, noise
may be introduced to affect the overall recommendation performance. FSASA directly
uses GRU to balance the weight of the global representation module and the local rep-
resentation module. Although the improvement of the recommendation performance is
limited, it will certainly not have a negative impact on the recommendation performance
and has robust scalability.

4. Performance Evaluation

To verify the performance of our proposed FSASA, this section introduces the details of
the datasets, evaluation indicators, baseline methods, and parameter settings used in the
simulation experiments. It conducts many ablation experiments to explore the impact of
relevant hyperparameters on the performance of FSASA.

4.1. Datasets Description and Preprocessing

– Steam5[18, 48, 32]: This dataset contains data from October 2010 to January 2018
of Steam, a large online video game distribution platform. These include 2,567,538
users, 15,474 games, and 7,793,069 user reviews. The dataset also provides rich hid-
den information such as user’s game time, price information, purchase information,
media ratings, categories, product bundles, developers, etc.

– ML-1M6: The dataset contains 1 million ratings of 4,000 movies from 6,000 users.
This data includes movie ratings, movie metadata (genre and year), and user demo-
graphic data (age, zip code, gender, occupation, etc.).

– ML-20M7: The dataset contains 20,000,263 ratings and 465,564 tags for 27,278
movies from 138,493 users. Users are randomly selected, and each selected user has
rated at least 20 movies. There is no demographic information, and each user is only
given an ID, and no other private information is involved.

For sequential recommendation, we preprocess these datasets as follows:
1) To improve the dataset’s quality, we delete items with less than 5 interactions and

delete users with less than 5 interactions; 2) When users have no new interactions within
a day, use unix timestamp units to divide sessions. Each user has at least 2 sessions, each
session contains at least 2 items, and only uses 200 recently interacted items; 3) In the
preprocessing step, each comment or rating information is considered as a There is a hid-
den positive interaction, so this paper retains the rating in the data set when constructing
the training set, which is an important improvement of this paper. For each user, the last

5 https://cseweb.ucsd.edu/˜jmcauley/datasets.html#steam data
6 https://grouplens.org/datasets/movielens/1m/
7 https://grouplens.org/datasets/movielens/
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item is used as the test item, the second closest item is used as the validation, and the
remaining items are used as the training set.

The statistics of the processed datasets are summarized in Table 1.

Table 1. Dataset statistics after preprocessing

Dataset #Users #Items #Interactions Avg. Length Density

Steam 6330 4331 49163 7.77 0.18%
ML-1M 1196 3327 158496 132.52 3.98%

ML-20M 23404 12239 1981866 84.68 0.69%

4.2. Evaluation Metrics

We evaluate the recommendation performance via two standard metrics, i.e., recall (Re-
call@10, R@10) and normalized discounted cumulative gain (NDCG@10, N@10). Re-
call is how much of the information the user interested is predicted. The NDCG is a
standardized DCG that considers the list of recommendations and the number of truly
valid results in each search. The definition of Recall@10 and NDCG@10 are as follows:

Recall@10 =

∑
u∈U | R(u) ∩ T (u) |∑

u∈U | T (u) |
(15)

NDCG@10 =
DCG@10

IDCG@10
(16)

DCG@10 =

10∑
i=1

2reli − 1

log2 (i+ 1)
(17)

Where R(u) represents the Top−10 recommendation list made to the user according
to the user’s behavior in the training set, and T (u) represents the item set actually selected
by the user after the system recommends the item to the user. reli stands for correlation
degree of items in position i, IDCG@10 stands for ideal DCG, i.e., DCG under perfect
result.

4.3. Baselines

To verify the effectiveness of FSASA, we compare it with the following five representative
baselines:

– SASRec[18]: It addresses the sequential recommendation problem by introducing a
self-attention mechanism that adaptively assigns weights to previous entries at each
time, tending to consider long-term dependencies on dense datasets while focusing on
recent activities on sparse datasets. It is also a global representation learning module
in our FSASA.
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– B4Rec[46]: It employs deep bidirectional self-attention to model user behavior se-
quences. Each layer utilizes all the information of the previous layer and can capture
the information of the entire field.

– BERT-ST[43]: It proposes three ways to utilize session information in the BERT-
based model to improve sequential recommendation performance. We use the method
with the best comprehensive performance among them to compare with FSASA.

– BERT-STR: The rating information is added based on BERT-ST, which is also the
local representation learning module in our FSASA.

– FISSA[23]: From the global and local time series perspective, SASRec is used as a
local learning module, and then a position-based attention layer is used as a global
module, and their weights are balanced by gating.

4.4. Implementation Details

We perform all the experiments on a single server with ADM Ryzen5 3600x CPU and
Nvidia 3070 GPU. The software environment includes Cuda 11.4, Cudnn 8.2, Miniconda
3, Python 3.7, deep learning framework Pytorch 1.10, and tensorboardx 2.5. All hyper-
parameters were tuned through grid search, and we report the one with the best perfor-
mance in the final result.

The FSASA model comprised [18] and improved [43], respectively, to act as a global
representation learning module and a local representation learning module. The former is
used to capture long-term dependencies between items, while the latter is used to obtain
short-term associations between items, using GRUs to balance their weight. We use the
AdamW optimizer to calculate and update the model parameters to minimize the objective
function, the learning rate is initialized to 0.001, and the dropout is set to 0.2 to avoid
model overfitting. Limited by hardware conditions, the layer of SASRec is uniformly set
to 1, and the parameter settings for different datasets are shown in Table 2.

Table 2. Initialization parameters for the three datasets

Dataset MaxLength Layers Hidden dim Heads Batch size

Steam 15 2 128 2 1024
ML-1M 200 2 256 2 128

ML-20M 100 4 256 4 128

4.5. Overall Performance Comparison

Table 3 presents the recommendation performance of all methods on the three datasets.
As we can see, here following observations would be found:

Compared with all baselines, our FSASA achieves the best performance on all three
datasets, which clearly demonstrates the superiority of FSASA (note that the Steam dataset
does not provide user rating information, so we use GRU to fuse the original SASRec
and BERT-ST, but its performance still has a noticeable improvement). The second best
performance is obtained by BERT-ST or BERT-STR, which is consistent with the obser-
vations of previous studies [46, 43, 23], which also show the advantages of session-aware
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in modeling user dynamic preferences. In addition, BERT-STR performs slightly better
than BERT-ST, illustrating that adding user rating information helps to accurately model
truly relevant and important interactions in user sequences.

It is worth noting that FISSA uses a structure similar to FSASA, but its recommen-
dation performance is not outstanding, only better than SASRec and basic B4Rec. We
analyze the reasons from the components of FISSA and FSASA: 1) FISSA uses SASRec
as a local representation learning module to model users’ short-term preferences, while
SASRec is better at modeling recent activities of sparse datasets, and it is difficult to model
normal or dense Recent activity on the dataset accurately. FSASA uses BERT-STR as a
local representation learning module and adds user rating information. Thanks to the ex-
cellent representation ability of session-aware, it can accurately model the short-term dy-
namic preferences of users; 2) FISSA uses a simple location-based attention mechanism
as a global representation learning module to model the user’s long-term static prefer-
ences. Its performance is not as good as that of SASRec, that stacks multiple self-attention
blocks; 3) FISSA uses item similarity models to add user’s uncertain intention informa-
tion to make recommendations, although it can to a certain extent, the recommendation
performance in the absence of user sequence information is improved. However, at the
same time, noise may be introduced to affect the overall recommendation performance.
FSASA directly uses GRU to balance the weight of the global representation module and
the local representation module. Although the improvement of the recommendation per-
formance is limited, it will certainly not have a negative impact on the recommendation
performance and has robust scalability.

4.6. Ablation Study

We discuss the impact of relevant parameters on the performance of FSASA in this sec-
tion.

(1) Effect of representation learning ratio
To explore the impact of the representation learning module in FSASA on recommen-

dation performance, we manually set the proportion of the global representation learning
module involved in FSASA. As shown in Figure 2, on the whole, with the increase of
the proportion of the global representation learning module involved, the performance of
FSASA fluctuates slightly before 0.5, and the performance decreases with the increase
of the proportion after 0.5. Between 0.3 to 0.5, the performance of FSASA is optimal. It
shows that the session-aware-based local representation learning module we proposed is
dominant in FSASA. However, it also needs the assistance of the global representation
learning module to more fully represent the user’s true intentions.

(2) Effect of gating unit
To explore the impact of the gating unit in FSASA on the recommendation perfor-

mance, we fixed the proportion of the global representation learning module and the local
representation learning module at 0.5 for comparative experiments. As shown in Figure
3, the two metrics of FSASA using GRU outperform FSASA without GRU on all three
datasets. The analysis in 4.6.1 shows that although the local representation learning mod-
ule is dominant in FSASA, the larger the proportion, the better. GRU needs to be dynam-
ically adjusted according to different scenarios to give full play to the greatest advantages
of FSASA.
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Table 3. Recommendation performance of FSASA and �ve baselines on three datasets. The best
performing method in each row is bolded, and the second best performing method in each row is
underlined.

Dataset Metric Item SASRec B4Rec BERT-ST BERT-
STR

FISSA FSASA

Steam1

R@10
Ran2 0.7834 0.7987 0.8120 n 0.8015 0.8139
Pop3 0.5523 0.5670 0.6030 n 0.5735 0.6056
All 4 0.5164 0.5313 0.5616 n 0.5425 0.5718

N@10
Ran 0.6726 0.6915 0.7093 n 0.7002 0.7165
Pop 0.5007 0.5196 0.5596 n 0.5316 0.5666
All 0.4610 0.4782 0.5187 n 0.4885 0.5282

ML-1M

R@10
Ran 0.7199 0.7341 0.7291 0.7400 0.7380 0.7558
Pop 0.4189 0.4725 0.4841 0.4849 0.4731 0.5192
All 0.1480 0.1129 0.1731 0.1697 0.1528 0.1811

N@10
Ran 0.4962 0.5100 0.5113 0.5115 0.5112 0.5177
Pop 0.2674 0.3011 0.3105 0.3093 0.3021 0.3417
All 0.0742 0.0508 0.0838 0.0873 0.0806 0.0915

ML-20M

R@10
Ran 0.9014 0.9053 0.9114 0.9113 0.9083 0.9168
Pop 0.4370 0.4729 0.4799 0.4822 0.4735 0.5195
All 0.1389 0.1381 0.1439 0.1393 0.1499 0.1555

N@10
Ran 0.6954 0.6944 0.6910 0.6964 0.6998 0.7130
Pop 0.2839 0.3051 0.3125 0.3155 0.3062 0.3588
All 0.0707 0.0724 0.0754 0.0755 0.0785 0.0846

1 Note that the Steam dataset does not provide user ratings.
2 Randomly select 100 non-repeated items from the items that the user unclicked for recommendation.
3 Sort the item list in descending order, and continuously extract 100 unclicked and non-repeated items for
recommendation.
4 The recommended label space is all items.

(a) ML-1M Dataset (b) ML-20M Dataset

Fig. 2.Effect of representation learning ratio




