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Abstract

This habilitation thesis presents the most important scientific, professional, and academic achieve-
ments of its author, starting from May 29th, 2015, when the author defended his PhD thesis
entitled “Learning algorithms for Clifford neural networks”, at the Politehnica University of
Timisoara.

In this period, the author elaborated 29 papers, all as first author, out of which 6 were journal
papers, published in high impact academic journals, and 23 were conference papers, published
at premiere conferences in the field of artificial intelligence, more precisely of neural networks.
The author was also the director of two research grants won by competition.

The author began his academic career in October 2015 as a Teaching Assistant, then pro-
moted to Assistant Professor in October 2016, and from October 2019, he is an Associate
Professor at the Department of Computers and Information Technology, at the Politehnica Uni-
versity of Timisoara. He updated the course and/or the laboratory for 4 courses, and introduced
4 new courses at the Master of Machine Learning, for which he is the program coordinator. He
was also the coordinator for over 70 Bachelor’s theses, over 20 Master’s theses, and is a member
of the guidance commission for 7 doctoral students.

All these achievements are presented in detail in Chapter|l|of the thesis.

The scientific research of the author continued in the domain of complex- and hypercomplex-
valued neural networks, extending from the feedforward neural networks discussed in the PhD
thesis, to more general neural networks models belonging to the deep learning paradigm, like
convolutional neural networks, stacked denoising autoencoders, deep belief networks, deep
Boltzmann machines, and especially recurrent neural networks, more specifically Hopfield
networks and bidirectional associative memories, for which different dynamic properties were
studied.

Chapter [2] presents a somewhat direct continuation of the work done in the PhD thesis. It
presents learning algorithms for quaternion-valued neural networks, but deduced in a different
way than that in the PhD thesis of the author, using the recently introduced HIR calculus. The
algorithms discussed are: enhanced gradient descent algorithms, conjugate gradient algorithms,
scaled conjugate gradient method, quasi-Newton learning methods, and Levenberg-Marquardt
learning algorithm. The chapter summarizes 5 conference papers and 1 journal paper of the
author.

Then, Chapter [3]is dedicated to summarizing 6 conference papers of the author, and aims
to extend deep learning-specific algorithms to the complex domain. As such, complex-valued
convolutional neural networks are introduced, a variant based on the Fourier transform, and
a hybrid real-complex-valued variant of these networks. The classical deep learning models
stacked denoising autoencoders, deep belief networks, and deep Boltzmann machines were
extended to the complex-valued domain next.

Chapters [ and [5| are each based on 1 journal paper of the author, and mark the transition to
the study of dynamic properties for complex- and hypercomplex-valued neural networks (more
precisely, quaternion-valued neural networks in this case). The analysis of the dynamic prop-
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erties of neural networks is a research field in its own right, with hundreds of papers appearing
each year in this domain. The extension to multidimensional neural networks of this field is
rather recent, and has gained increasing interest in the last few years.

Dynamic properties of octonion-valued neural networks are discussed in Chapter [6] which
is based on 5 conference papers and 2 journal papers of the author. The domain of octonion-
valued neural networks were introduced by the author in a paper summarized in the first sec-
tion of Chapter[6] Then, the author introduced Hopfield networks and bidirectional associative
memories with octonion values, which are the subject of the next two sections. The asymptotic
and exponential stability properties of octonion-valued Hopfield neural networks with different
types of delays are discussed in the rest of the chapter.

Matrix-valued neural networks were also introduced by the author in his PhD thesis. Chapter
presents the Hopfield and bidirectional associative memory variants of these networks, for
which the asymptotic and exponential stability and dissipativity properties were analyzed. The
contents of the chapter is based on 7 conference papers and 1 journal paper of the author.
A special type of matrix-valued neural networks, Lie algebra-valued neural networks, were
also first formulated by the author. As such, the last section of Chapter [/| introduces Hopfield
networks and bidirectional associative memories with Lie algebraic values.

Lastly, the thesis ends with Chapter [§] which sketches the scientific, professional, and aca-
demic future work plans of the author.



Rezumat

Aceasta tezd de abilitare prezintd cele mai importante realizari stiintifice, profesionale si aca-
demice ale autorului ei, incepand cu 29 mai 2015, cand autorul si-a sustinut teza de doctorat
intitulatd ,,Algoritmi de invdtare pentru retele neuronale Clifford”, la Universitatea Politehnica
Timisoara.

In aceasti perioadi, autorul a elaborat 29 de articole, toate in calitate de prim autor, dintre
care 6 au fost articole de jurnal, publicate in jurnale academice cu un factor de impact mare si
23 au fost articole de conferintd, publicate la conferinte de prim rang in domeniul inteligentei
artificiale, mai precis al retelelor neuronale. Autorul a fost, de asemenea, directorul a doua
proiecte de cercetare castigate prin competitie.

Autorul si-a Tnceput cariera academicd in octombrie 2015 ca asistent, apoi a promovat ca
sef de lucrdri in octombrie 2016, iar din octombrie 2019 este conferentiar la Departamentul de
Calculatoare si Tehnologia Informatiei, la Universitatea Politehnica Timisoara. El a actualizat
cursul si/sau laboratorul pentru 4 cursuri si a introdus 4 noi cursuri la Master of Machine Lear-
ning, pentru care este coordonatorul programului. De asemenea, a fost coordonatorul a peste 70
de teze de licentd, peste 20 de teze de masterat si este membru al comisiei de indrumare pentru
7 doctoranzi.

Toate aceste realizdri sunt prezentate in detaliu in Capitolul [T]al tezei.

Cercetarea stiintifica a autorului a continuat in domeniul retelelor neuronale cu valori com-
plexe si hipercomplexe, extinzindu-se de la retelele neuronale feedforward discutate 1n teza de
doctorat, la modele mai generale de retele neuronale apartinind paradigmei de invédtare pro-
funda, cum ar fi retelele neuronale convolutionale, stacked denoising autoencoders, deep belief
networks, deep Boltzmann machines, si in special retele neuronale recurente, mai precis retele
Hopfield si bidirectional associative memories, pentru care au fost studiate diferite proprietati
dinamice.

Capitolul [2] prezintd o continuare oarecum directd a muncii efectuate in teza de doctorat.
Prezintd algoritmi de invatare pentru retele neuronale cu valori cuaternionice, dar deduse Intr-
un mod diferit de cel din teza de doctorat a autorului, utilizand calculul HIR, recent introdus.
Algoritmii discutati sunt: algoritmi gradient descent imbunatdtiti, algoritmi bazati pe gradienti
conjugati, metoda gradientului conjugat scalat, metode de invdtare cvasi-Newton si algoritmul
de invatare Levenberg-Marquardt. Capitolul rezuma 5 articole de conferintd si 1 articol de
jurnal ale autorului.

Apoi, capitolul 3este dedicat rezumarii a 6 articole de conferinta ale autorului si isi propune
sa extinda algoritmii specifici Tnvatarii profunde la domeniul complex. Ca atare, sunt introduse
retele neuronale convolutionale cu valori complexe, o variantd bazatd pe transformata Fourier
si o varianta hibrida cu valori complexe si valori reale ale acestor retele. Modelele clasice
de invdtare profunda stacked denoising autoencoders, deep belief networks si deep Boltzmann
machines au fost extinse la domeniul complex.

Capitolele [] si [5] se bazeaza fiecare pe céate 1 articol de jurnal al autorului si marcheazi
tranzitia catre studiul proprietatilor dinamice pentru retele neuronale cu valori complexe si
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hipercomplexe (mai exact, retele neuronale cu valori cuaternionice 1n acest caz). Analiza
proprietatilor dinamice ale retelelor neuronale este un domeniu de cercetare in sine, cu sute
de articole care apar in fiecare an in acest domeniu. Extinderea la retelele neuronale multidi-
mensionale Tn acest domeniu este destul de recentd si a castigat un interes crescand 1n ultimii
ani.

Proprietitile dinamice ale retelelor neuronale cu valori octonionice sunt discutate in capito-
lul [6] care se bazeazd pe 5 articole de conferinti si 2 articole de jurnal ale autorului. Domeniul
retelelor neuronale cu valori octonionice a fost introdus de autor intr-o lucrare rezumata in
prima sectiune a capitolului [} Apoi, autorul a introdus retele Hopfield si bidirectional associa-
tive memories cu valori octonionice, care fac obiectul urmatoarelor doud sectiuni. Proprietitile
de stabilitate asimptotica si exponentiala ale retelelor neuronale Hopfield cu valori octonionice
cu diferite tipuri de intarzieri sunt discutate in restul capitolului.

Retelele neuronale cu valori matriciale au fost, de asemenea, introduse de autor in teza
sa de doctorat. Capitolul /| prezintd variantele Hopfield si bidirectional associative memory ale
acestor retele, pentru care au fost analizate proprietdtile de stabilitate asimptoticd si exponentiala
si de disipativitate. Continutul capitolului se bazeaza pe 7 articole de conferintd si 1 articol de
jurnal ale autorului. Un tip special de retele neuronale cu valori matriciale, retelele neuronale cu
valori in algebre Lie, au fost, de asemenea, formulate pentru prima data de catre autor. Astfel,
ultima sectiune a capitolului introduce retele Hopfield si bidirectional associative memories cu
valori in algebre Lie.

In cele din urmi, teza se incheie cu capitolul [8] care schiteazi planurile de lucru stiintifice,
profesionale si academice viitoare ale autorului.



Chapter 1

An overview of scientific, professional, and
academic results

1.1

Scientific and professional results

This thesis presents the scientific achievements of its author, starting from the spring of 2015,
when the author presented his PhD thesis entitled “Learning algorithms for Clifford neural
networks”, which was defended in May 29th, 2015, at the Politehnica University of Timisoara.

The scientific research of the author continued in the domain of complex- and hypercomplex-
valued neural networks, extending from the feedforward neural networks discussed in the PhD
thesis, to more general neural networks models belonging to the deep learning paradigm, like
convolutional neural networks, stacked denoising autoencoders, deep belief networks, deep
Boltzmann machines, and especially recurrent neural networks, more specifically Hopfield
networks and bidirectional associative memories, for which different dynamic properties were
studied.

The journal papers on which this thesis is based are, in order of appearance:

1.

C.-A. Popa. Learning Algorithms for Quaternion-Valued Neural Networks. Neural Pro-
cessing Letters. September 2017. (Impact factor 2.891, Q2) [164]]

. C.-A.Popa and E. Kaslik. Multistability and multiperiodicity in impulsive hybrid quaternion-

valued neural networks with mixed delays. Neural Networks. December 2017. (Impact
factor 5.535, Q1) [176]

. C.-A. Popa. Global Exponential Stability of Neutral-Type Octonion-Valued Neural Net-

works with Time-Varying Delays. Neurocomputing. May 2018. (Impact factor 4.438,
Q1) [166]

C.-A. Popa. Global Exponential Stability of Octonion-Valued Neural Networks with
Leakage Delay and Mixed Delays. Neural Networks. June 2018. (Impact factor 5.535,

QD) [167]

. C.-A. Popa. Global p-Stability of Neutral-Type Impulsive Complex-Valued BAM Neural

Networks with Leakage Delay and Unbounded Time-Varying Delays. Neurocomputing.
September 2019. (Impact factor 4.438, Q1) [[173]

C.-A. Popa. Dissipativity of impulsive matrix-valued neural networks with leakage delay
and mixed delays. Neurocomputing. March 2020. (Impact factor 4.438, Q1) [[174]

13



14 1. An overview of scientific, professional, and academic results

The impact factor of each journal is given according to Journal Citation Reports, published
by Clarivate Analytics (former ISI) in 2020. Also given is the quartile of each journal in the
domain of Computer Science, Artificial Intelligence. As can be seen, the contributions of the
author were published at premiere neural networks journals, having high impact factors:

» 2 papers in Neural Networks (Impact factor 5.535, Q1), which is the official journal of
the International Neural Network Society (INNS),

* 3 papers in Neurocomputing (Impact factor 4.438, Q1),
* 1 paper in Neural Processing Letters (Impact factor 2.891, Q2).

The conference papers on which the thesis is based are, with two exceptions, all indexed in
Clarivate Analytics Web of Science (former ISI Web of Science). In order of appearance, the
conference papers are:

1. C.-A. Popa. Lie Algebra-Valued Hopfield Neural Networks. International Symposium on
Symbolic and Numeric Algorithms for Scientific Computing (SYNASC). September 2015,
Timisoara, Romania. (Rank C, ISI) [148]]

2. C.-A. Popa. Conjugate Gradient Algorithms for Quaternion-Valued Neural Networks.
International Conference on Soft Computing (MENDEL). June 2016, Brno, Czech Re-
public. (Unranked, pending ISI indexing, previous editions were indexed) [154]

3. C.-A. Popa. Lie Algebra-Valued Bidirectional Associative Memories. International Con-
ference on Soft Computing (MENDEL). June 2016, Brno, Czech Republic. (Unranked,
pending ISI indexing, previous editions were indexed) [[163]]

4. C.-A. Popa. Matrix-Valued Hopfield Neural Networks. International Symposium on Neu-
ral Networks (ISNN). July 2016, Saint Petersburg, Russia. (Rank C, IST) [[152]

5. C.-A. Popa. Enhanced Gradient Descent Algorithms for Quaternion-Valued Neural Net-
works. International Workshop on Soft Computing Applications (SOFA). August 2016,
Arad, Romania. (Rank C, ISI) [[165]]

6. C.-A. Popa. Matrix-Valued Bidirectional Associative Memories. International Workshop
on Soft Computing Applications (SOFA). August 2016, Arad, Romania. (Rank C, ISI)
[172]

7. C.-A. Popa. Octonion-Valued Neural Networks. International Conference on Artificial
Neural Networks (ICANN). September 2016, Barcelona, Spain. (Rank B, ISI) [149]

8. C.-A. Popa. Levenberg-Marquardt Learning Algorithm for Quaternion-Valued Neural
Networks. International Symposium on Symbolic and Numeric Algorithms for Scientific
Computing (SYNASC). September 2016, Timisoara, Romania. (Rank C, ISI) [[150]

9. C.-A. Popa. Scaled Conjugate Gradient Learning for Quaternion-Valued Neural Net-
works. International Conference on Neural Information Processing (ICONIP). October
2016, Kyoto, Japan. (Rank A, ISI) [151]

10. C.-A. Popa. Global Asymptotic Stability for Matrix-Valued Recurrent Neural Networks
with Time Delays. International Joint Conference on Neural Networks (IJCNN). May
2017, Anchorage, Alaska, USA. (Rank A, ISI) [160]
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11. C.-A. Popa. Complex-Valued Convolutional Neural Networks for Real-Valued Image
Classification. International Joint Conference on Neural Networks (IJCNN). May 2017,
Anchorage, Alaska, USA. (Rank A, ISI) [153]

12. C.-A. Popa. Octonion-Valued Bidirectional Associative Memories. International Joint
Conference on Neural Networks (IJCNN). May 2017, Anchorage, Alaska, USA. (Rank
A, IS]) [156]

13. C.-A. Popa. Exponential Stability for Delayed Octonion-Valued Recurrent Neural Net-
works. International Work-Conference on Artificial Neural Networks (IWANN). June
2017, Cadiz, Spain. (Rank B, IST) [158]

14. C.-A. Popa. Quasi-Newton Learning Methods for Quaternion-Valued Neural Networks.
International Work-Conference on Artificial Neural Networks (IWANN). June 2017, Cadiz,
Spain. (Rank B, IST) [1535]]

15. C.-A. Popa. Global Asymptotic Stability for Octonion-Valued Neural Networks with De-
lay. International Symposium on Neural Networks (ISNN). June 2017, Sapporo, Hokkaido,
Japan. (Rank C, ISI) [[157]

16. C.-A. Popa. Global Exponential Stability for Matrix-Valued Neural Networks with Time
Delay. International Symposium on Neural Networks (ISNN). June 2017, Sapporo, Hokkaido,
Japan. (Rank C, ISI) [161]

17. C.-A. Popa. Asymptotic Stability of Delayed Octonion-Valued Neural Networks with
Leakage Delay. International Conference on Neural Information Processing (ICONIP).
November 2017, Guangzhou, China. (Rank A, ISI) [159]

18. C.-A. Popa. Exponential Stability of Matrix-Valued BAM Neural Networks with Time-
Varying Delays. International Conference on Neural Information Processing (ICONIP).
November 2017, Guangzhou, China. (Rank A, ISI) [162]]

19. C.-A. Popa and C. Cerndzanu-Glavan. Fourier Transform-Based Image Classification
Using Complex-Valued Convolutional Neural Networks. International Symposium on
Neural Networks (ISNN). June 2018, Minsk, Belarus. (Rank A, IST) [I175]]

20. C.-A.Popa. Complex-Valued Deep Belief Networks. International Symposium on Neural
Networks (ISNN). June 2018, Minsk, Belarus. (Rank C, ISI) [[170]

21. C.-A. Popa. Complex-Valued Stacked Denoising Autoencoders. International Sympo-
sium on Neural Networks (ISNN). June 2018, Minsk, Belarus. (Rank C, ISI) [[169]]

22. C.-A.Popa. Complex-Valued Deep Boltzmann Machines. International Joint Conference
on Neural Networks (IJCNN). July 2018, Rio de Janeiro, Brazil, Brazil. (Rank A, ISI)
[171]

23. C.-A. Popa. Deep Hybrid Real-Complex-Valued Convolutional Neural Networks for Im-
age Classification. [International Joint Conference on Neural Networks (IJCNN). July
2018, Rio de Janeiro, Brazil, Brazil. (Rank A, ISI) [[168]]

The rank of each conference is given according to the Australian Research Council Conference
Rankings. As can be seen, the contributions of the author were published at premiere neural
networks conferences:
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* 5 papers at International Joint Conference on Neural Networks — [ICNN (Rank A, ISI),
which is the official conference of the International Neural Network Society (INNS),

* 3 papers at International Conference on Neural Information Processing — ICONIP (Rank
A, ISI), which is the official conference of the Asia Pacific Neural Network Society
(APNNS),

* 1 paper at International Conference on Artificial Neural Networks — ICANN (Rank B,
ISI), which is the official conference of the European Neural Network Society (ENNS),

* 2 papers at International Work-Conference on Artificial Neural Networks — IWANN
(Rank B, ISI),

* 6 papers at International Symposium on Neural Networks — ISNN (Rank C, IS]),

* 2 papers at International Symposium on Symbolic and Numeric Algorithms for Scientific
Computing — SYNASC (Rank C, IS]),

* 2 papers at International Workshop on Soft Computing Applications — SOFA (Rank C,
ISD),

* 2 papers at International Conference on Soft Computing (MENDEL).

Out of the 29 journal and conference papers, the author was single author for 27 of them,
and the first author of all of them.

The author, due to the participation at the above-mentioned conferences, is a member of
International Neural Network Society (INNS), Asia Pacific Neural Network Society (APNNS),
and European Neural Network Society (ENNS).

The venues which accepted the papers of the author show that the ideas proposed in the
respective papers were well regarded by the academic community in the domain of neural net-
works.

Also as a recognition of the scientific activity of the author, he was invited to review for the
following journals:

1. IEEE Transactions on Cybernetics (IEEE, ISI Impact factor 11.079, Q1)

2. IEEE Transactions on Systems, Man, and Cybernetics: Systems (IEEE, ISI Impact factor
9.309, Q1)

3. IEEE Transactions on Neural Networks and Learning Systems (IEEE, ISI Impact factor
8.793, Q1)

4. Automation in Construction (ScienceDirect, ISI Impact factor 5.669, Q1)
5. Neural Newtorks (ScienceDirect, ISI Impact factor 5.535, Q1)
6. Expert Systems with Applications (ScienceDirect, ISI Impact factor 5.452, Q1)

7. 1EEE Transactions on Network Science and Engineering (ScienceDirect, ISI Impact fac-
tor 5.213, Q1)

8. Nonlinear Dynamics (SpringerLink, ISI Impact factor 4.867, Q1)

9. Neurocomputing (ScienceDirect, ISI Impact factor 4.438, Q1)
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10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

IEEE Transactions on Biomedical Engineering (IEEE, ISI Impact factor 4.424, Q1)

Engineering Applications of Artificial Intelligence (ScienceDirect, ISI Impact factor 4.201,
Q)

Journal of The Franklin Institute (ScienceDirect, ISI Impact factor 4.036, Q1)

International Journal of Machine Learning and Cybernetics (SpringerLink, ISI Impact
factor 3.753, Q1)

IEEE Access (IEEE, ISI Impact factor 3.745 , Q1)
Applied Mathematical Modelling (ScienceDirect, ISI Impact factor 3.633, Q1)

Computer Methods and Programs in Biomedicine (ScienceDirect, ISI Impact factor 3.632,

QD)

International Journal of Electrical Power and Energy Systems (ScienceDirect, ISI Impact
factor 3.588, Q1)

Applied Mathematics and Computation (ScienceDirect, ISI Impact factor 3.472, Q1)
Fuzzy Sets and Systems (ScienceDirect, ISI Impact factor 3.305, Q1)

Sensors (MDPI, ISI Impact factor 3.275, Q1)

Neural Processing Letters (SpringerLink, ISI Impact factor 2.891, Q2)

Asian Journal of Control (Wiley Online Library, ISI Impact factor 2.779, Q2)

International Journal of Control, Automation and Systems (SpringerLink, IST Impact fac-
tor 2.733, Q2)

Symmetry (MDPI, ISI Impact factor 2.645, Q2)

Neural Computation (MIT Press Journals, ISI Impact factor 2.505, Q2)

Complexity (Hindawi, ISI Impact factor 2.462, Q2)

Metals (MDPI, ISI Impact factor 2.117, Q1)

Mathematics (MDPI, ISI Impact factor 1.747, Q1)

Arabian Journal for Science and Engineering (SpringerLink, ISI Impact factor 1.711, Q3)

Mathematical Methods in the Applied Sciences (Wiley Online Library, IST Impact factor
1.626, Q2)

Mathematics and Computers in Simulation (ScienceDirect, ISI Impact factor 1.620, Q2)

Journal of Difference Equations and Applications (Taylor & Francis Online, ISI Impact
factor 1.162, Q3)

Acta Applicandae Mathematicae (SpringerLink, ISI Impact factor 0.974, Q3)
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34. Numerical Functional Analysis and Optimization (Taylor & Francis Online, ISI Impact
factor 0.896, Q3)

35. AIMS Mathematics (AIMS Press, ISI Impact factor 0.882, Q3)
and for the conference
1. International Joint Conference on Neural Networks (IJCNN) (IEEE, ISI).

The impact factor of each journal is given according to Journal Citation Reports, published by
Clarivate Analytics (former ISI) in 2020. Also, the publisher of the journal is indicated, and the
most favorable quartile placement according to Journal Citation Reports. As can be seen, the
author is reviewer to very high impact factor journals, out of which 22 are in the Q1 quartile, 8
are in the Q2 quartile and 5 are in the Q3 quartile.

Although the domain of the research is rather new, and the majority of the papers appeared
starting late 2015, they have 111 citations in Clarivate Analytics Web of Science (former ISI)
journals and conferences, and 17 citations in other international databases, not counting the ci-
tations by the author or coauthors. The Hirsch Index of the author according to Web of Science
is 6, according to Scopus is 8, and according to Google Scholar is 9. Based on his research re-
sults and publication record, the author has recently been promoted to the position of Associate
Professor at the Politehnica University of Timisoara (October 2019), after being a Teaching As-
sistant for just one year (between October 2015 and October 2016), and an Assistant Professor
(Lecturer) for three years (between October 2016 and October 2019).

The author received the ,,Excellence in Research” Prize for outstanding results obtained
in the academic year 2017-2018, awarded by the Politehnica University of Timisoara in 2018.
He also received the ,,Eminent Researcher” Prize, awarded by the ,,Orizonturi Universitare”
Association in 2019.

The author was also director for two research projects won by competition:

1. Project PCD-TC-2017-41, ,,Complex-valued deep neural networks”, Director C.-A. Popa,
awarded by the Politehnica University of Timisoara, Budget 46500 RON (10000 EUR).
Members: Cosmin Cerndzanu-Glavan. The results of the project are:

* 5 ISI conference papers — 2 Rank A, 3 Rank C conferences
* 1 ISI journal paper — Q1 quartile
* buying 2 high-performance computers with 2 GPUs for training neural networks.

2. Project ,,Bayesian Deep Learning for Depth Estimation with Application to 3D Object

Detection”, Director C.-A. Popa, awarded by Continental Automotive Roménia S.R.L.,

Budget 48089.49 RON (10010.88 EUR). Members: Daniela-Ana Rusu, Petra Csereoka.
The results of the project are to be included in one paper which is under development.

Both projects involved one or more team members besides the author, which proves the
capacity of the author to coordinate research teams.

1.2 Academic results

The author introduced the following courses and laboratories at the Computers and Informa-
tion Technology Department from the Politehnica University of Timisoara:
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1. Computer Assisted Mathematics, 1st Year Bachelor’s Computers — in Romanian

* C.-A. Popa. Computer Assisted Mathematics Course Notes (in Romanian), 259
pages, 2017

* C.-A. Popa. Computer Assisted Mathematics Laboratory in MATLAB (in Roma-
nian), 65 pages, 2017

2. Modeling and Simulation, 4th Year Bachelor’s Computers — in English

* C.-A. Popa. Modeling and Simulation Course Notes (in English), 219 pages, 2015

* C.-A. Popa. Modeling and Simulation Laboratory in AnyLogic (in English), 305
pages, 2015

3. Image Processing and Recognition, 1st Year Master’s Computer Engineering (discontin-
ued from the Master’s and moved to 4th Year Bachelor’s Computers — in English)

* C.-A. Popa. Image Processing and Recognition Course Notes (in English), 184
pages, 2016

* C.-A. Popa. Image Processing and Recognition Laboratory in MATLAB (in En-
glish), 151 pages, 2016

4. Graphics and Human-Computer Interfaces, 3rd Year Bachelor’s Computers — in English

* C.-A. Popa. Computer Graphics Laboratory in OpenGL ES 1.x (in English), 135
pages, 2016

5. Deep Learning, 1st Year Master’s Machine Learning
* C.-A. Popa. Deep Learning Course Notes (in English), 2020
6. Research Topics in Machine Learning, 1st Year Master’s Machine Learning
* C.-A. Popa. Research Topics in Machine Learning Course Notes (in English), 2020
7. Reinforcement Learning, 1st Year Master’s Machine Learning
* C.-A. Popa. Reinforcement Learning Course Notes (in English), 2021
8. Autonomous Driving, 2nd Year Master’s Machine Learning
* C.-A. Popa. Autonomous Driving Course Notes (in English), pending fall 2021

The recognition of the fact that the author is an expert in the domain of machine learning
by his colleagues is manifested in that he was named program coordinator for the Master’s
of Machine Learning, which was introduced for the first time at the Politehnica University of
Timisoara starting from the fall of 2020. The main attributions were deciding upon a curriculum
for the new master’s program, and developing the file needed for the accreditation of the new
master’s program.

The author was the coordinator of an increasing number of students for the development
of their Bachelor’s and Master’s theses, as follows:

¢ 5 students for Bachelor’s thesis in 2016,
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5 students for Bachelor’s thesis in 2017,

1 student for Bachelor’s thesis, 8 students for Master’s thesis in 2018,

15 students for Bachelor’s thesis, 6 students for Master’s thesis in 2019,
¢ 21 students for Bachelor’s thesis, 3 students for Master’s thesis in 2020,
* 26 students for Bachelor’s thesis, 8 students for Master’s thesis in 2021 (pending).

Also, the author is in the Guidance Commission for 7 Doctorate students.

These facts are proof of the capacity of the author to coordinate Bachelor’s, Master’s, and
Doctoral students into doing research in the domain of machine learning, and highlight again
the author’s capacity to coordinate research teams.

As a recognition of his good relation with the students and as a token of their appreciation,
the author received the ,,Profesor Bologna’ Distinction in 2017, awarded by the National
Association of Student Organizations in Romania (ANOSR), at the recommendation of the
Liga AC Student Association from the Faculty of Automation and Computers at the Politehnica
University of Timisoara.



Chapter 2

Learning algorithms for
quaternion-valued neural networks

The domain of quaternion-valued neural networks has received an increasing interest over the
last few years. Some popular applications of these networks include chaotic time-series predic-
tion [[7], color image compression [89]], color night vision [104], polarized signal classification
[22]], and 3D wind forecasting [92, 213} [214]].

Some signals in the 3D and 4D domains can be more naturally expressed in quaternion-
valued form. Thus, these networks appear as a natural choice for solving problems such as time
series prediction. Several methods have been proposed to increase the efficiency of learning in
quaternion-valued neural networks. These methods include different network architectures and
different learning algorithms, some of which are specially designed for this type of networks,
while others are extended from the real-valued case.

One of the simplest classes of algorithms that perform better than the classical gradient
descent in the real and complex [[142] domains is the so-called enhanced gradient descent al-
gorithms. By doing a series of ad hoc modifications to the gradient descent algorithm, these
methods have managed to increase its performance. Out of the vast literature presenting such
methods, we chose some of the most known, robust, and theoretically well-founded optimiza-
tion methods to extend to the quaternion domain.

The quickprop algorithm approximates the error function by a quadratic polynomial and
finds its minimum. The resilient backpropagation algorithm replaces the partial derivatives that
appear in the expression of the update rule of the gradient descent with other weight update
quantities, which are computed taking into account only the signs of the partial derivatives.
Lastly, delta-bar-delta and SuperSAB, which differ only slightly, make the learning rate hyper-
parameter specific to each weight of the network and to each training epoch, which means that
they also provide a method to update these specific learning rates.

First proposed, among others, by [94] 29], the conjugate gradient learning algorithm has
also been proven to be very efficient in the real-valued and complex-valued [147/] domains.
The scaled conjugate gradient learning method, proposed by [122]], has also become a popular
algorithm for training the real-valued and complex-valued [143]] feedforward neural networks.
They belong to the class of first order methods, more specifically line search methods, which
replace the gradient in the gradient descent method with a number of conjugate directions.

One of the most effective from the class of second order methods used to minimize a cost
function, is, in theory, the Newton method, see [[133]. But because it needs the explicit calcula-
tion of the Hessian matrix of the cost function, more precisely its inverse, which is a computa-
tionally expensive task, quasi-Newton methods have been developed. They replace the explicit

21
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calculation of the Hessian with an approximation of it, which is positive definite by construc-
tion, to avoid the convergence problems in the Newton method when the Hessian is not positive
definite. First applied, among others, by [226, [11] to the training of neural networks, the quasi-
Newton learning method has proved to be very efficient in the real-valued and complex-valued
[145]] cases.

On the other hand, to solve the same problem, the Levenberg-Marquardt algorithm uses an
approximation of the Hessian matrix which only requires first order derivatives to be computed,
more precisely the Jacobian matrix. This approximation, together with the trust region method,
avoid the convergence problems in the Newton method when the Hessian is not positive definite
or is ill-conditioned (i.e., almost singular). Introduced by [121] and first applied to training
neural networks by [70], the Levenberg-Marquardt algorithm represents one of the most popular
algorithms to train real-valued and complex-valued [2] feedforward neural networks.

Taking all the above facts into consideration, a natural idea was to extend these learning
algorithms to training quaternion-valued feedforward neural networks, also. The presentation
of the enhanced gradient descent algorithms follows that of [180], and of the classical book
[18], with the obvious adaptation to the quaternion domain. Using the framework of the HR
calculus, we deduce the quaternion-valued conjugate gradient, scaled conjugate gradient, quasi-
Newton, and Levenberg-Marquardt algorithms starting from the real-valued case, also following
the classical book [18]]. We test all the proposed algorithms on linear and chaotic time series
prediction problems.

The presentation in this chapter follows the one in the author’s paper [164], which in turn
summarizes the author’s papers [165], [154], [151], [155], and [150].

2.1 The HR calculus

First, we will present the basic ideas of the HIR calculus [231], which will be later used to
deduce the different algorithms for optimizing a quaternion domain error function.

Let H = {q, + 1@ + 79: + £4d|qas B, ¢cs g2 € R} be the algebra of quaternions, where ¢,
9, k are the imaginary units which satisfy :* = 9> = k? = 195 = —1. We define the operation
q" = pqu~!, for any u € H. Using this operation, for any ¢ = q, + 1q, + Jq. + kqq € H, we
have ¢ = 10" = qo + Qb — JGc — Kla» @ = 307" = Qo — 1G5 + JGe — KGa» ¢° = Kqr™' =
Ga — 2Q» — Jq. + kqq. For a function f : H — R, we can define the HR derivatives of f by

of 9f
) 1 — =) —k 94a
o5 111 o5
S PR
507 411 + —3 K Fac
of 1+ 3 -k of
ogr 9qq
Consider now a quaternion vector q = (q1,¢a,--.,qy)? € HY, which can be written as

q = Qo +1q + 9. + kqq € HY, where q,, s, e, 94 € RY. We have ¢* = 1q2 7!

J9e = K4, @ = 107" = da — 1y + Jde — K, 9" = KQET
or, equivalently,

=qqet1qp —
= Qe — 9y — Jqc + Kkqq € HY,

q In oy N kN da
q’ _ Iy ddy —JIy —kly b
q’ Iy —dly gy —kly q |’
q'{ ]IN —ZHN —]HN HHN qq
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where [y is the N x N identity matrix. By denoting

a dQa Iy oy gy kly
oo d aN R AN | I Wy —gIn =kl
q:= ¢ e H*", q:= @ e R™, Jy:= Iy —dy gly —*kly |’
q” qq ]IN —Z]IN —j]IN K,]IN

the above relation becomes
H R
q=Jnq.
It can be checked that JiLJy = JnJ& = 41, and so we deduce that

R 1 _gn
q= ZJ]HVq. (2.1.1)

A function f : HY — R can now be seen in three equivalent forms

fl@) < F(@) = fla, " d’,q") < f(Q) = f(da> Dp» Ao, qa).

If we define
of _ (5‘_1‘ 5_f)
aq 0 dan )
O (321 o1 o)
o \0d' 0q Oq’ 9qr )’
of <3f of of (9f>
o \9% Oay dq. dqu/)’
we have, from the chain rule, that
g — lﬁq]]H g — gJN
= o = .
od toq o4 o4
u H T
. (9of . [ of . [ of AT NH
If we now define Vf = (8(1) , ng = (a’&) , ng = (aE) , where ()" and ()
represent the transpose and the Hermitian transpose, respectively, the above relations can be
written as ]
Vuf=-InVef & Vef=I0V,f (2.1.2)
q 4 q q q
or\ " or )" or)
L . 20 ._ 9 (of 2 0. 0 (9f = 0 [ 9L
Similarly, by defining Vg f := 3q <8q> ,V,&f = (83) ,ng = E (aﬁ) , we
obtain that )
Vof = —In(VE NIy & Vaf =In(Vif)x. (2.1.3)
q 16 q q q

2.2 Enhanced gradient descent algorithms

In this and the following sections, assume that we have a quaternion-valued feedforward neural
network with an error function £ : HY — R, and an N-dimensional weight vector denoted by
w € H”", whose elements are w; € H, 1 < i < N. We can define the weight step at epoch k by
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Then, for the gradient descent algorithm, the update rule for the weight w; is given by

) ) o) )
) == (G o 3+ o)

where ¢ € R is the learning rate.

The update rules for the enhanced gradient descent algorithms do not depend on the quater-
nion numbers as a whole, but rather are formulated separately for each of the four real compo-
nents of quaternions. The main reason for this is that these algorithms make assumptions on
the value of the partial derivative of the error function with respect to the weight that is being
updated, assumptions which involve comparisons. It is well known that, unlike real numbers,
quaternion numbers do not have a natural ordering, so there are no quaternion-valued inequal-
ities. As a consequence, we had to give separate update rules for the four components of each
weight, which depend on assumptions made about the partial derivatives of the error function
with respect to each of the four quaternion components. Because of this, unlike for the following
algorithms, the HR calculus will not be used for the deduction of these learning methods.

2.2.1 Quickprop

The quickprop algorithm was first proposed by Fahlman in [33]. Its update expression for the
quaternion-valued domain is: [[1635]]

o)
S (F)

9 )
a[w]f]m (k - 1) - a[w]f}gc (k)

[Aw; (k)] = [Aw;(k —1)],, Vo € {a,b,c,d}.

The heuristic behind the algorithm is that it approximates the error function with respect to
each weight by a quadratic polynomial. This assumes that each weight is independent of all the
others and that the quadratic polynomial has a minimum, and not a maximum.

2.2.2 Resilient backpropagation

Riedmiller and Braun [181] devised the resilient backpropagation algorithm, or RPROP for
short, in order to eliminate the potential harmful influence of the size of the partial derivative on
the weight step. The algorithm replaces the partial derivative from the weight update formula
with another quantity denoted by A;, which will then be used for updating the weight w;. The
update formulas for computing the quantities A; are: [165]]

o5)

Olwilz [wile

“[Ai(k = 1)), if a[i;Ei}z(k —1)x 2E_(k) <0, Yz € {a,b,c,d},

[A;(k —1)]a, else

Ak —1)],, if s2Z-(k—1)x :22-(k) >0
[Ai(K)]. =

Olw;

T

which are calculated taking into account only the signs of the partial derivatives: each time
the partial derivatives 8[‘1—%1 change their sign, which indicates that the last update was too big
and the algorithm has jumped over a local minimum, the quantities [A;], are decreased by a
factor of ~, and each time those partial derivatives have the same sign, the quantities [A;], are
increased by a factor of ™, in order to accelerate the convergence. The real hyperparameters

n™ and n~ must satisfy 0 < = < 1 < 7", and are usually taken to be = = 0.5 and n* = 1.2.
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We can now write the formulas for updating the weight w; based on the quantities A;:

—[Ai(k)]e, if 522 (k) >0

Olw;]z
[Awi (k)]s = [Ai(k)]e,  if 500 (k) <0, Vo € {a,b,c,d}.
0, else

This update rule is simple: if the derivative is positive, which means an increasing error, the
weight is decreased, and if the derivative is negative, the weight is increased.

2.2.3 Delta-bar-delta

The delta-bar-delta algorithm was proposed by Jacobs in [91], who had the idea to introduce
a different learning rate for each weight in the network, and to devise a procedure for updating
these learning rates while learning. The gradient descent rule becomes in this case

Buith) = = ([alagor 09 + Rz

(F)

b

e 2E k) + w2 <k>).

We can see that each learning rate ¢;(k) depends on the weight w; and on the epoch k, and is a
quaternion, unlike in the quaternion gradient descent, where the learning rate ¢ is a real number.
The update rules for the learning rates ¢; are: [165]

lei(k — Doy if 522 (k—1) x 222 (k) >0

" Owila Bfwi=
eilk)le = S lealk = Dlay  if 505 (k = 1) X 505 (k) <0, Va € {a,b,c,d},
[€Z<k - 1)]3&’) else
where we denoted
k)=(1-9 k) +6 k—1),V b,c,d}.
3[wi]x() ( )a[wi]w( )+ a[wi}ﬁ ); Vx € {a,b,c,d}

The hyperparameter 7~ must satisfy 0 < 7~ < 1, and is usually taken to be, like in the
RPROP algorithm, equal to 0.5. We also took x = 107% and # = 0.7 in our experiments, but
these values are usually determined empirically.

In this learning algorithm, if two consecutive partial derivatives " have the same sign,
then the learning rate is increased by a small constant « to accelerate learning. If the two partial
derivatives have different signs, this indicates that the local minimum was missed, which means
that the weight step was too big. Thus, the learning rate is decreased by multiplying it with

OE

a positive factor 7~. To ensure convergence, the previous partial derivative m(k — 1) was

replaced by an exponentially weighted average of the current and past partial derivatives with

0 as the base and the epoch as the exponent. This weighted average was denoted by 22— (k),

Olw;]z
and was defined above.

oF

2.2.4 SuperSAB

The last algorithm in this category that we present is called SuperSAB and was proposed by
Tollenaere in [208]]. It is very similar to the delta-bar-delta algorithm, in that a different learning
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rate is used for each weight in the network. The update rule is the same as in the previous case:

oF oF
[wz’]a (k) + Z[Sl(k”ba[wz]

duk) = - (Il )

S

e e ZE () + el <k>),

with the exception that here the learning rate ¢;(k) corresponding to weight w; and epoch k has
a different update formula: [[165]

ek = Dy if 5o (k= 1) x i (k) > 0
[ei(k)]e = q 0~ [ei(k — Do, if 5o (k —1) x 585 (k) <0, Vo € {a,b,c,d}.

lei(k — 1)], else

Thus, SuperSAB can be seen as a combination of the RPROP and delta-bar-delta algorithms.
Exactly like in the resilient backpropagation algorithm, the hyperparameters also have to satisfy
0 <n~ <1 < nt. Because of this resemblance, we took in our experiments the same values
for these hyperparameters as above, namely n~ = 0.5 and n* = 1.2.

Instead of adding a term to the learning rate if the partial derivatives have the same sign, like
in the delta-bar-delta algorithm, we multiply it by the factor ", like in the RPROP algorithm.
Also, the last two partial derivatives were taken into account with their original values, unlike
the exponentially weighted average from the delta-bar-delta algorithm.

2.3 Conjugate gradient algorithms

Conjugate gradient methods belong to the larger class of line search algorithms, which replace
the negative gradient of the gradient descent method with some particular search direction,
and then determine the minimum of the error function in that direction, thus yielding a real
number that tells us how far we should move in the search direction, which replaces the learning
rate. These methods generally perform better than the classical gradient descent. For the full
deduction of the conjugate gradient algorithms in the real-valued case, see [18}, 194]].

We start with the conjugate gradient algorithm for the real-valued case, in which the error

function F(w) can be viewed as F (v%) The iteration for calculating the value w , for which

.. . R\ . . .
the minimum of the function F(w) is attained, is

R R R
Wiyl = Wi + Q3 Dy, (2.3.1)

where p, € R*Y represents the search direction. The value of o, € R can be determined
exactly using the formula

Bt
ap = ——pi, (2.3.2)
R R
P, Hipy
R
where Ek = Vx E and Hy := V% E, but, because of the computational burden, we can
Wk Wi

replace the explicit calculation of «y, with an inexact line search that minimizes F(wy.1) =

E(wi + agpy;), i.e., a line minimization along the search direction p,, starting at the point
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wy. In our experiments, we used the golden section search, which is guaranteed to have linear
convergence, see [118].

Using (2.1.1), equation (2.3.1)) becomes: [154]

1 . n H H
ZJ%WICH = ZJ%WIC + akzﬂﬁpm

or, equivalently,
H H

H
Now, the iteration for the next search direction is given by

R R R
Pri1 = — 81+ BePy; (2.3.4)

where ;. € R has different expressions, depending on the type of the conjugate gradient algo-
rithm. For example, the Hestenes-Stiefel update expression (see [[74]) for [ is:

k+1\8k+1 — Bk
f— . 2.3.5
B rT R R ( )
Pr (8k+1 — 81)

From (2.1.1) and (2.1.2)), we observe that (2.3.4) can be written as

H 1_.n
JNpk-H J]H\fgk-}-l + @QJgpk;

or, equivalently, as

H H H
Pri1 = — 8 + BiPrs (2.3.6)

.M
because the i factor can be absorbed into p,.
Taking into account the fact that

rTR rHR 1 nH 1xHy
q, 9 =q; qy = JNCh JNq2 64 JNJNq2 19 92

the update expression (2.3.5]) can be written as
n o n H
8r+1(8ri1 — 8k)

wH 3

B = -
P (gk+1 gr)

(2.3.7)

Up until now we have worked with vectors from H*". Ideally, we would like to work with
vectors directly in HY. Considering the definition of ?& for q € HY, this is done by taking the
first V elements of the vector ?(:41 Thus, equations (2.3.3)) and (2.3.6) become, respectively,

Wil = Wi + QpPy, (2.3.8)

Pr+1 = —8k+1 + BkPr; (2.3.9)
where wi, pr, 8r '= Vw, I € HY. A simple calculation shows that
19y

Z(h d; = Re (Q{JQQ) )
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where Re(q) represents the real part of the quaternion g, i.e., Re(q) = qq, if ¢ = g4 + 195 + 79 +
kqq € H, and so (2.3.7) becomes: [154]]

5, — Re(Bii(gren —gr)
‘ Re (py/(grs1 — 81))

Relations (2.3.8)), (2.3.9), and (2.3.10) now define the quaternion-valued Hestenes-Stiefel algo-
rithm.

Similar calculations give the quaternion-valued Polak-Ribiere update expression (see [141]]):
[154]

(2.3.10)

- Re (gllc{-i-l(gk—o—l - gk))
ﬁk - H
g1 8k
and the quaternion-valued Fletcher-Reeves update formula (see [178]]): [154]]

gl£{+1gk+1
Br="g—:
gL 8k

If the error function E' is quadratic, then the conjugate gradient algorithm is guaranteed
to find its minimum in at most /V steps. But, in general, the error function may be far from
quadratic, and so the algorithm will need more than N steps to approach the minimum. Over
these steps, the conjugacy of the search directions tends to deteriorate, so it is a common practice
to restart the algorithm with the negative gradient p;, = —gy, after IV steps.

A more sophisticated restart algorithm, proposed by Powell in [177], following an idea by
Beale in [14], is to restart if there is little orthogonality left between the current gradient and the
previous gradient. To test this, we verify that the following inequality holds:

[Re (g;'gr1) | > 0.2g 1851
The update rule (2.3.9) for the search direction py is also changed to [154]

Pit+1 = —8k+1 + BkPr + VPt

where
 Re (g1 (8r1 — 81)) _ Re (g (g1 —81))

ﬁk — ) f)/k‘ — )
Re (pf (gr+1 — 81)) Re (pf(gi41 — &)

and p; is an arbitrary downhill restarting direction. The conjugate gradient algorithm with these
characteristics is called the Powell-Beale algorithm.

In order to apply the conjugate gradient algorithms to quaternion-valued feedforward neural
networks, we only need to calculate the gradient g, of the error function £ at different steps,
which we do by using the backpropagation algorithm.

2.4 Scaled conjugate gradient method

The scaled conjugate algorithm was proposed by Mgller in [122], and brings two improvements
to the conjugate gradient algorithm. The first one uses the model trust region method known
from the Levenberg-Marquardt algorithm to ensure the positive definiteness of the Hessian ma-
trix by adding to it a sufficiently large positive constant \; multiplied by the identity matrix.
Thus, the formula for the step length given in (2.3.2), becomes in this case
RTR
_ P8
op

o = (2.4.1)
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RTR R rRTR . . .. )
where we denoted by 6, := p, Hip;, + A\cP;, Py If the Hessian matrix is positive definite, we
have that §;, > 0. But, if _5k < 0, then we should increﬁe the value of ¢;, in order to make it
positive. If we denote by ¢ the new value of J;, and by A\, the new value of \;, then dy, is given
by

— — rTR

where we take \, = 2 ()\k — Rg’;z ) , which ensures that 0;, > 0, and will be used in (Z.4.1)) to
calculate the value of . PrE

The second improvement uses a comparison parameter to evaluate how good the quadratic
approximation for the error function £ really is, in the conjugate gradient algorithm. This

parameter is defined by

R R R
2(E(wy) — E(w, + aip
A, = 2EW) R(TRk ) (2.4.3)
kP 8k

Based on the value of A, the parameter )\ is then updated in the following way:

/\k+1 = 4>\k; if A, <0.25,

Aks else

in order to ensure a better quadratic approximation.

Thus, there are two stages for updating \;: one to ensure that 65 > 0 and one according to
the validity of the local quadratic approximation. The two stages are applied successively after
each weight update.

Using the same ideas as in the above section, relations (2.4.1)), (2.4.2), and (2.4.3)), become,
respectively: [151]]

R H
oy = _ Re(Prse)

O
6, = Re(py Hypr) + M\ePL Pr,
Ok = 0k + (A — M\e)Pr Prs

_ oy )
A =2 M\ — ,
g ( : pkak

2(E(wy,) — E(wy, + opr))
arRe(py'gr)

which, together, give the quaternion-valued scaled conjugate gradient algorithm.

Ay =

2.5 Quasi-Newton learning methods

Again, we start with the quasi-Newton algorithm for the real-valued case, in which the func-

. . R . . . R* .
tion F(w) can be viewed as F/(w). The iteration for calculating the value w , for which the
minimum of the function £(w) is attained, is

R R R R
Wi = Wi — o Hygy, (2.5.1)
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where g, := Vz E € R* and H;, € R >4V is an approximation of the inverse of the Hessian
W
matrix V2 E. The value of o, € R is determined using an inexact line search that minimizes
W

E(Wgi1) = E(wy — o, Hig,,). In our experiments, we used the golden section search, which

is guaranteed to have linear convergence, see [118].

Using (2.1.2) and (2.1.3)), we have that [155]

R H
gr = J%gk

and
R 1 H
H, = TJ%H;CJM

where gk =Vy B H*V, and we took into account the fact that Hk approximates (V2 E)~!

Wi
and Hk approximates (VZ, E)~!. Thus, relation (2.5.1)) can be written as
Wi
1 gy
JNWk+1 = ZJNWk JNHkJNJNgka

where we also used relation (2.1.1)), or, equivalently,

H H H

Wi = Wi — o Hy gy (2.5.2)

Now, the update expression of the inverse Hessian approximation for the symmetric rank-
one (SR1) method is

R R R R R R
R R —H —H T
R R \pR
(pr — Hiqy)Tq,
where
R R R R R

Pr ‘= Wit1 — Wi, 4 = 841 — 8-
Again from (2.1.1)) and (2.1.2), we obtain

Hno M HoOH  H
Px = Wit1 — Wi, Qg = 8r41 — 8k

Taking the above relations into account, equation (2.5.3) becomes

H H "
1 g 1 g (1I5Dy — JHHk:JNJqu)( LI D, — IV HeIN TN a,) "
E"]]NHk"rl"]IN - EJNHkJN + ;

(L7p, — JHHkJNJ 14,114,

which is equivalent to

Hoy  H Hoy
- HkCIk)<pk - Hk(lk:)H
H

(Pr —

H
H H

p
Hk+1=Hk+( k

TRy,
Hiq,)"q,
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Up until now we have worked with vectors from H*". Ideally, we would like to work with
vectors directly in H”. Considering the definition of & for q € HY, this is done by taking the

H .
first N elements of the vector q. For this, we denote

H H Hoy
Iy '= P — Hqua

and so
r;, = pr — (Hpaqr + Hi (qr)" + Hy (ar )’ + Hi(qx)"™),

H H H M
where Hi := (Hy)y, H: := (Hp)2, H; := (Hy)13, H) := (Hy)14 € HY*Y are block
H
components of the matrix H;, € H*V*4N We can compute

H HHy

H
qy =T, = 4Re<rquk)a

H oy
(pk - Hka)H

where, as before, Re(q) represents the real part of the quaternion ¢, i.e., Re(q) = q,, if ¢ =
Ga + 19y + 99. + Kqq € H. The iteration (2.5.2)) becomes [155]]

Wi = Wi, — o (Fge + Hi(gr)' + Hi(ge)’ + Hi(gr)") | (2.5.4)
where the iterations for calculating the matrices H}, ..., Hj} are:
H
Hllc+1 = H;+ Lk

k 4Re(rfqy)’

K\H
Hi-{-l — H4+M (255)

k 4Re(rfqy)

Relations (2.5.4) and (2.5.5) now give the quaternion-valued symmetric rank-one (SR1) method.
Proceeding in the same manner, we can deduce the update rule of the inverse Hessian ap-
proximation for the Davidon-Fletcher-Powell (DFP) method (see [34]) in the form

Hw H oy HH
oo A pypy Hiqq, Hy
Hpp =Hp+ —5= — —7, :

HH H H

P Ak q;, Hrq,,

. H H oy
Now, by denoting r := Hjq;, we have that [155]]

r, = Hig, + Hj(gr)" + Hi(gr)’ + Hy(gr)",

and the matrices H}, . .., H}, are computed using the iterations:
H11§+1 = Hj + prprPy — orTsT)
Hiy = Hi+ pepi((pe))" — owrn((r0)")", (2.5.6)
where
1 1
Pk and o, :=

- 4Re(p{ay) - 4Re(qf'ry)’
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Thus, the quaternion-valued Davidon-Fletcher-Powell (DFP) method is given by equations
and (2.5.6).

The most popular quasi-Newton algorithm is the Broyden-Fletcher-Goldfarb-Shanno (BFGS)
method (see [[195]), for which the following inverse Hessian approximation iteration can be sim-
ilarly obtained:

H HHIH Hoy wH oy yHy o oy oyt
ﬁ B ﬁ Pid; He  Hiqypy | Pr9p APr |, PiPr
k+1 — k — H - H + D) H .
wHy HHy 2H #H
i Pk dy Pk (qk pk> Ak Pk

. . H Moy H 1wt
In this case, if we denote rj := Hyq; and s := p,q,, , then

v, = Hygr + Hi(gr)' + Hi(ge)’ + Hy(gr)"

and
sk = pray + (Pe)' ((a))” + (Pr)’ (@) + (Pe)" ((a)™)" .

Now, the quaternion-valued Broyden-Fletcher-Goldfarb-Shanno (BFGS) method is given by
relation (2.5.4) and the following updates for the matrices H}, ..., H}: [153]

Hi;+1 = H; — ppprrs — prripr + pisiSt + prPrPr

Hi+1 = H; — pepe((re))" = perr((0r)™)™ + pise((s)™)™ + prpr((Pr))7,

where

1
Pk = -
4Re(qaf )
Lastly, of practical importance is the one step secant (OSS) method (see [12]), which per-
tains to the class of quasi-Newton algorithms, although it does not require storing the inverse

Hessian approximation, like the BFGS method from which it was derived. The update rule
(2.5.2) in this case has the form

# # H H H
Wit2 — Wil = Qg1 <_gk;+1 + Axpy, + Bk%) )

where
AT Koy
A —— | = k Ak k 8k+1 k8kt1 p _ Pr8ki1
k 4+HHH w1y + wy #H
di Pk qi Py dr Pk q; P

We can process this to yield the relations that give the quaternion-valued one step secant (OSS)
method: [[155]

Whi2 — Wii1 = Qr1 (—8rs1 + AxPr + Brdk)

where

A= (} af qr ) Re(pfgri1) | Re(qy grt1) _ Re(pngkﬂ).
4 Re(qypr)/) Re(qipr) Re(qi'pi) ’ Re(q;/pr)

Like in the conjugate gradient case, we calculate the gradient g, of the error function £ by
using the quaternion-valued backpropagation algorithm.
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2.6 Levenberg-Marquardt learning algorithm

We will first present the Levenberg-Marquardt algorithm for the real-valued case, and then we
will extend it to the quaternion domain.
We start with the error function of the quaternion-valued neural network written in the form

1 H
E(w) =5 > (em)Hem,
m=1
e’
where €™ = | : | € H¢represents the error (the difference between the actual output vector
em

C

and the desired output vector) for training pattern m, 1 < m < M, and c represents the number
of output neurons of the network. Now, following the above discussion, the function £(w) can

be viewed as F (v%)

M T
R 1 R R
E(W):imzzle e

We can form the Jacobian matrix of dimension 4cM x 4N, whose elements are the partial
derivatives of each error of the form (e}), with respect to the weights (w;),, 1 < m < M,
1<j<c¢l1<i<N,z,y€{abcd}:

3
Il

T
oF
v ow
T
R T R
1% o E R T gem
= = e e” —
2m:1 8\77%7 8\%
R rRT
1 & &Tﬁem oe™ R
- 52 © rRT =T ©
m=1 ow ow
y T
= Y e
= T
=1 Ow
=T
= J e, (2.6.1)
R
ol
where & = :
R
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The Hessian matrix of the error function £ (w) is

o (o) Moo [oem ®
R m
H:Z—R<—R> = > eRTem
ow \ 0w m=1 0W \ ow
rT rRT R
B i D*e™ e7$n+ de™ de™
- —
m=1 \ dwow ow  Ow
rRT R
A
m=1 8\7;\6171 8\77&27
rTR
- J 7 (2.6.2)

where we approximated the second derivatives of the errors with respect to each training pattern
with 0.

One of the most effective from the class of second order methods used to minimize the error
function, is, in theory, the Newton method, see [[135]. Unfortunately, it can be computationally
intensive because it needs the explicit calculation of the Hessian matrix of the error function,
more precisely its inverse. It can also became unstable, if the Hessian matrix is not positive
definite. To address this last problem, the trust region Newton method was developed, which

has the update formula

R R R —-1R
Wi = Wy — (Hg + \ellun) '8,

R
where )\, € R is chosen so that Hy, + A\i I,y is positive definite.
To address the first problem, using (2.6.1)) and (2.6.2)), the update formula for the trust region
Newton method becomes

R R 1R
Wir1 = Wi — (Jo I + Melluw) I ek,

which is the update rule for the Levenberg-Marquardt method (see [[121]). This method re-

R
places the explicit calculation of the Hessian with a calculation of the Jacobian J, which is less
computationally intensive, because it only contains first order partial derivatives.
Next, we will deduce the quaternion-valued Levenberg-Marquardt algorithm, starting from

the above formula. The expression for the Jacobian of the function £ (%{v) is: [150]

LES
I

Taking into account relations (2.1.1)) and (2.1.2)), we have that

H
R R 17Hm H
de™  Je™ ? (4Jc © ) 1 _,0e™
— —HJN = ZJC —HJN,
ow ow ow ow
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V1 < m < M, hence

R

J = J] JJN

From (2.1.1) we have = 178 [e and then

=T rH H
Jé=Jé = (J um) Jme
1
= J J JcM JcMe
1 HHH
= ZJgJ e,
and
RTR RHR H
JJ=JJ (J JJN> J JJN

nH 1 H
—J%J de—ﬂﬁgJJN

HHH

—J%J JIn.

With these relations, the update formula for the Levenberg-Marquardt algorithm becomes:

H

it Y 1LHH
JNJk; € = ZJNW’C-Fl =

-1
}LJ%%{%H = IR Iidn + )\k]LLN) i

1THX 1
INWE — (z

nH gy -1 wH
N (Jk i+ )\kH4N> J, &, or, finally,

HH

H

Wh+1

H
:Wk}_

ey
(Jk Ji + >\k]14N)

H ’HH’H HH
If we denote Hy, := J, Jj, + A\¢llyy and gk =J, ek, the above update formula becomes:

H H 7 1
H
Now, we will try to find an expression for computing J;. By denoting J} := gj/i
823: L I3 = ‘Z‘:: -, JE = i}e’“)m we can deduce that [150]
Ji J? J? J:
} _ zJifl zJ,lgfl zJizfl 13 =
Sl I TR PR P R
A o KJ%H_I K,Jili_l kJpr!
and, consequently, that
A R
Fo = | G0 wgin 2R R
e S R
(I I (I k(I k

LHZ
INWE —

(2.6.3)

J2 =
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H
This means that the matrix H;, has the form

H; H? H} H}
H H2 —1 Hl —1 H4 —1 H3 —1

k — jH3 -1 jH4 -1 jHl -1 sz -1 )
H4 -1 H3 -1 H2 -1 Hl -1

where H, = (J1)2J} +0(I2)HI20 1+ )(IDNHT 7+ k(IDHT ik~ + NIy, HE = (J}) 732 +
(J?)HJl -1 +](J3)HJ4]_1 + K(J4)HJ3 -1 Hz — (JI)HJS —|—Z(J2)HJ4 -1 —|—](J3)HJ1]_1 +
k(IDHIL HE = (J)HI +2(ID)H T3 ’1+j(J3)HJ2j '+ k(I1)HJL kL. Furthermore, we

8k
-1
have that g, = ;?;_1 ,where g, = (J})er+1(I2)Tepn ™ +7(I3) Hery  +r(J}) Heprt.
k
RKgrK

Now we have all the necessary ingredients to compute the update rule given in (2.6.3)).

Up until now we have worked with vectors from H*". Ideally, we would like to work with

1

vectors directly in HY. Considering the definition of 3 for q € HY, this is done by taking the

first N elements of the vector ?ci By using the Banachiewicz inversion formula [237]], relation
(2.6.3) thus becomes: [150]

—H™ (Hy " + g™

1
w1 =wp — (Hy) 'ge + (H) "' (H} H} Hp)T! —Jsz_l(H )lee gt |
1

—kHpr™ (Hy)7'ge + gir!
Hio b Hpt H! Hi!
where T = H4 -1 jH1 jH2 — | M ) (Hy) T (HE H} HY), which
/{H3 -1 /{Hzlfl /{H,lglfl /{Hi/{

represents the quatermon—valued Levenberg-Marquardt (LM) algorithm.
In this case too, the gradient of the error function at different steps is computed using the
well-known backpropagation scheme.

2.7 Experimental results

2.7.1 Linear autoregressive process with circular noise

An important benchmark first proposed in [120], and used in [38) 59, 60, 61, 228] for the
complex-valued case, and in [210} 223,32, 229] for the quaternion-valued case, is the prediction
of the quaternion-valued circular white noise n(k) = n,(k) + (k) + n.(k) + knq(k), where
Nas My Ne» Mg ~ N(0, 1), passed through the stable autoregressive filter given by

y(k) = 1.79y(k — 1) — 1.85y(k — 2) + 1.27y(k — 3) — 0.41y(k — 4) + n(k).

In our experiments, we trained quaternion-valued feedforward neural networks using the
classical gradient descent algorithm (abbreviated GD), the quickprop algorithm (QCP), the re-
silient backpropagation algorithm (RPR), the delta-bar-delta algorithm (DBD), the SuperSAB
algorithm (SAB), the conjugate gradient algorithm with Hestenes-Stiefel updates (CGHS), the
conjugate gradient algorithm with Polak-Ribiere updates (CGPR), the conjugate gradient al-
gorithm with Fletcher-Reeves updates (CGFR), the conjugate gradient algorithm with Powell-
Beale restarts (CGPB), the scaled conjugate gradient algorithm (SCG), the quasi-Newton al-
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gorithm with symmetric rank-one updates (SR1), the quasi-Newton algorithm with Davidon-
Fletcher-Powell updates (DFP), the quasi-Newton algorithm with Broyden-Fletcher-Goldfarb-
Shanno updates (BFGS), the one step secant method (OSS), and the Levenberg-Marquardt al-
gorithm (LM).

The tap input of the filter was 4, so the networks had 4 inputs, 4 hidden neurons on a
single hidden layer, and one output. The activation function for the hidden layer was the fully
quaternion hyperbolic tangent function, given by G?(q) = tanhq = zz;z:z, and the activation
function for the output layer was the identity G*(q) = ¢. Training was done for 5000 epochs
with 5000 randomly generated training samples.

To evaluate the effectiveness of the algorithms, we used a measure of performance called

2
prediction gain, defined by R, = 10log,, 2%, where o2 represents the variance of the input

signal and o2 represents the variance of the prediction error. The prediction gain is given in dB
and it is obvious that, because of the way it is defined, a bigger prediction gain means better
performance. After running each algorithm 50 times, the prediction gains are given in Table
2.1

We can see that QCP, SAB, and RPR performed approximately the same, followed by DBD,
but all of them performed better than the gradient descent algorithm. Then, CGHS and CGPR
gave approximately the same results, with CGFR performing better and CGPB worse. The SCG
algorithm was better than the conjugate gradient algorithms. From the quasi-Newton methods,
DFP and SR1 gave approximately the same results, with BFGS performing better and OSS
worse. The absolute best was the LM algorithm.

Table 2.1: Experimental results for linear autoregressive process with circular noise
Algorithm Prediction gain

GD 4.51-6.64e-2
QCP 6.37+1.08e-1
RPR 6.41+1.47e-1
DBD 5.46-+1.48e-1
SAB 6.40+1.31e-1

CGHS 5.17+1.30e-1
CGPR 5.1948.14e-2
CGFR 6.914+2.51e-1
CGPB 5.00-9.57¢-2
SCG 7.36-9.25¢-2
SR1 6.7342 34e-1
DFP 6.6142.15¢-1
BFGS 7.23+3.80e-1
0SS 5.1142.04e-1
M 8.94+3.33¢-1
QESN [229] 357

AQESN [229] 3.51
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2.7.2 3D Lorenz system

The 3D Lorenz system is given by the ordinary differential equations

d

d—f = a(y —z)

dy n

— = —zz T —
d

d_j; = xy—ﬂz,

where o« = 10, p = 28, and § = 2/3. This represents a chaotic time series prediction problem,
and was used to test quaternion-valued neural networks in [7, 23} 209, 212} 33} [229].

The tap input of the filter was 4, and so the networks had 4 inputs, 4 hidden neurons, and one
output neuron. The networks were trained for 5000 epochs with 1337 training samples, which
result from solving the 3D Lorenz system on the interval [0,25], with the initial conditions
(z,y,2) = (1,2,3).

The results after 50 runs of each algorithm are given in Table 2.2l The measure of perfor-
mance was the prediction gain, like in the above experiment.

In this case, QCP and RPR performed best, SAB followed, and DBD was again last of the
four, but still better than GD. Next, CGHS and CGPB performed approximately in the same
way, CGFR slightly better, and the best was CGPR. In this experiment also, SCG had better
results than the conjugate gradient algorithms. From the quasi-Newton methods, DFP and SR1
performed approximately in the same way, OSS slightly better, and the best was BFGS. The
best overall performance was attained by the LM algorithm.

Table 2.2: Experimental results for the 3D Lorenz system
Algorithm Prediction gain

GD 7.56+7.42e-1
QCP 10.59+£5.29¢-1
RPR 11.07+7.08e-1
DBD 9.35+6.17e-1
SAB 10.33£7.09e-1
CGHS 10.04+£6.65¢-1
CGPR 11.31+8.34e-1
CGFR 10.69+5.81e-1
CGPB 10.12+7.35e-1

SCG 12.58+6.44e-1

SR1 11.7446.82¢-1
DFP 11.274£7.76e-1

BFGS 13.74+6.30e-1

OSS 12.09+£7.806e-1

IM 31.45+1.21e0
QESN [229] 17.73

AQESN [229] 18.92
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2.7.3 4D Saito chaotic circuit

Lastly, we experimented on the 4D Saito chaotic circuit given by
‘;f—tl I 1 xry — 77,01 h(z)
o —o1 aib] |Y1— 77 h(z)
£ - [ b))
7 —ay azfh 7752 h(z)]"

1, z>—1, ) . i
) < is the normalized hysteresis value, and z = x1 + 29, p; = ﬁ
— z
b —_—

where h(z) = {

P2 = 1%2. The parameters are given by («v, 81, g, f2,m) = (7.5,0.16,15,0.097,1.3). This
is also a chaotic time series prediction problem, and was used as a benchmark for quaternion-
valued neural networks in [|5} 16, 7, 131, 210, 211} 32]].

The networks had the same architectures as the ones described earlier, and were trained for
5000 epochs with 5249 training samples, which result from solving the 4D Saito chaotic circuit
on the interval [0, 10], with the initial conditions (x1, 1, 2, y2) = (1,0, 1,0).

The prediction gains after 50 runs of each algorithm are given in Table [2.3]

In this last experiment, the performances were similar to those in the previous experiments:
QCP, SAB, and RPR had approximately the same performance, followed by DBD, and finally
by GD. Also, CGPR had the best performance, followed closely by CGPB, and lastly by CGFR
and CGHS. The performance of the SCG algorithm was similar to the ones in the previous
experiments. Between the quasi-Newton algorithms, OSS had the best performance, followed
closely by BFGS, and lastly by SR1 and DFP. The conclusion is the same: the LM algorithm
had the best performance among all the tested algorithms.

Table 2.3: Experimental results for the 4D Saito chaotic circuit
Algorithm Prediction gain
GD 5.76+1.70e-1
QCP 11.49+6.47e-1
RPR 11.58+7.91e-1
DBD 6.28+3.36e-1
SAB 11.5544.96e-1
CGHS 11.5944.09¢-1
CGPR  13.64+3.67e-1
CGFR 12.0845.30e-1
CGPB 13.02+4.93e-1
SCG 15.324+9.35-1
SR1 11.714£6.73e-1
DFP 11.10+£6.32e-1
BFGS 16.24+5.06e-1
0SS 16.94+7.70e-1
LM 25.36+9.63¢-1

2.7.4 Discussion

The problem of linear autoregressive process with circular noise deals with time series predic-
tion directly in the quaternion domain, because of the quaternion-valued circular white noise
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n(k), whereas the 3D Lorenz system and the 4D Saito chaotic circuit are real-valued problems
cast into the domain of quaternions. The 3D Lorenz system uses only the three quaternion
imaginary units for the three variables, and the 4D Saito chaotic circuit uses a full quaternion
for its four variables. It was showed, for example in [7]], that quaternion-valued feedforward
neural networks perform better on these problems than the real-valued ones. This gives rise
to the possibility that, in the future, more high-dimensional problems from the real domain be
treated using quaternion-valued neural networks.

Although we only used time series prediction problems to illustrate the effectiveness of
the deduced algorithms, pattern recognition problems like color image compression [89] and
color night vision [104] could also benefit from using these learning methods. The domain of
quaternion-valued neural networks is just starting to gain interest, which means that the future
might bring more applications in the pattern recognition domain, also.

The performances of the algorithms were similar to the ones from the real-valued case,
mainly because these learning methods were derived starting from their real-valued counter-
parts. The main difference is the quaternion multiplication, which gives rise to the specific
formulations of these algorithms in the quaternion domain. However, the performances of the
algorithms in each class differ from the ones in the real-valued case, mainly due to the quater-
nion dynamics, giving one more reason to extend these algorithms to the quaternions.

The computational costs for these algorithms are on the order of the computational cost of
the same algorithms in the real-valued domain. In all cases, the learning methods scale well,
meaning that the computational cost is four times that of the real version of the same method,
which is the best that can be obtained, taking into account the fact that every quaternion is
formed of four real numbers.

The HIR calculus was used to deduce the algorithms starting from the real-valued case. Two
other methods could have been used for the deduction. One is by splitting the quaternions into
their four real components, and giving the formulation of the algorithms separately for each of
the four components. However, this would have meant that the specific relations between com-
ponents in the quaternion domain would have been lost, and also the formulations would have
been much more cumbersome, because of the need to split the fully quaternion activation func-
tion into components. In principle, these algorithms would have also been deducible directly
in the quaternion domain, but this type of deduction would have needed quaternion-domain
derivatives and would have been much more error prone. Nonetheless, all the three methods
give equivalent formulations, thus the easiest and most natural method is preferred.



Chapter 3

Complex-valued deep learning

3.1 Complex-valued convolutional neural networks

Convolutional neural networks have become one of the most successful models in solving vir-
tually any image recognition task. Proposed for the first time in [107]], where they were used for
handwritten digit recognition, they were later applied to handwriting recognition in [108]]. By
1995, applications of this type of networks appeared in image recognition, speech recognition,
and time series prediction [106]. Convolutional neural networks represent a particularization
of feedforward neural networks, in which matrix multiplication is replaced by convolution and
the weight matrix is replaced by many convolution kernels with much smaller dimension than
that of the weight matrices. Although they had many applications in computer vision [[109],
convolutional networks started gaining more popularity only with the increase in the available
computational resources and their implementation using parallel computing on graphics pro-
cessors (GPU).

The use of these computational resources allowed a reducing of training times by a factor of
100, giving way to models with an increasing number of layers and parameters, thus inaugurat-
ing the domain of deep learning [[15,[17,[193,164]]. The basis of this domain is represented by the
convolutional networks, for which the increase in the number of layers gives better performance,
as opposed to feedforward networks, whose performance degrades for a big number of layers.
The same field includes other network models, for which it has been proved mathematically
that performance is directly proportional to the size of the model.

The domain of complex-valued deep learning has appeared in the last few years. Although
feedforward complex-valued neural networks have been applied to image recognition [137]],
and a single layer complex-valued convolutional neural network was used in [72] for object
detection in Polarimetric Synthetic Aperture Radar (PolSAR) images, only in the last few years
deep learning algorithms using complex numbers were derived and used. For example, in [10]
complex-valued autoencoders are proposed, which are a type of model belonging to the deep
learning paradigm. In [20] a wavelet scattering network is proposed, which uses complex num-
bers. Neuron synchrony in a complex-valued Deep Boltzmann Machine (DBM) was discussed
in [[179], showing superior performances to the real-valued case.

Very recent works discuss complex-valued recurrent neural network models [8]], as well as
learning time series representations using complex-valued recurrent networks [188], both with
similar if not superior results than the real-valued ones, and the existence of certain properties
of these networks that do not appear in the real-valued case, which makes them suitable for
certain types of applications. One of the most important papers in this domain is [215], which
gives a mathematical motivation for complex-valued convolutional neural networks, showing

41
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that they can be seen as nonlinear multiwavelet packets, thus making the mathematical analysis
from the signal processing domain available for a rigorous formulation of the properties of
complex-valued convolutional networks. Following the footsteps of this paper, it is expected
that research in the complex-valued deep learning domain will increase in the coming years.

Taking the above discussion into consideration, a natural idea is to use complex-valued
convolutional neural networks for image recognition, also taking into account the fact that some
images are given by the imaging devices in complex form [[1035].

Synthetic Aperture Radars (SAR) are imaging systems that produce complex-valued images
of the ground [51} 187, 30]. They can be Interferometric Synthetic Aperture Radars (InSAR)
[204] or Polarimetric Synthetic Aperture Radars (PolSAR) [3, 71, [72]. Complex-valued neural
networks were used for noise reduction, compression, and recognition of this type of complex-
valued images. To date, to the best of our knowledge, there are only two attempts of recognition
of this type of images directly in the complex domain, one using complex-valued feedforward
neural networks, and one using a complex-valued convolutional neural network with a single
layer, both models being more suitable to this problem than real-valued neural networks, which
ignore the dependencies present in the data in the complex plane [[71,[72]]. This fact lead to the
idea that deep convolutional neural networks could bring even better performance in this area.

On the other hand, functional Magnetic Resonance Imaging (fMRI) collects the data in
complex form also, but the majority of studies on this type of imaging only use the amplitude
of the data in their analysis, ignoring the frequency information [86]. Complex-valued neural
networks have proven their superior performances in the reconstruction and analysis of such im-
ages [86, [73]. Complex-valued independent component analysis was also successfully applied
for this type of images [[182, 111} 234]. Previous observations open up the possibility of apply-
ing complex-valued convolutional neural networks for the recognition of different patterns that
may appear in these images, taking into account all the information provided by the imaging
devices, and not ignoring the frequency information as was done until now.

In this section, we start by applying complex-valued convolutional neural networks to real-
valued image recognition, leaving the complex-valued image recognition using these networks
as future work. The presentation in this section follows that in the author’s papers [153] and
[168]].

3.1.1 Model formulation

Complex-valued convolutional neural networks (CVCNNSs) have been introduced to handle
complex-valued data organized as a (2D) grid, for example a complex-valued image. CVC-
NN are particularizations of feedforward neural networks, in which the matrix multiplication
of the inputs and weights is replaced by convolution:

M—1N-1
h(z,y) = (fRg)(x,y) =Y > f(m,n)glx —m,y—n),
m=0 n=0
forr =0,1,2,.... M —1landy =0,1,2,..., N — 1, where M, N are the dimensions of the
2D grid on which the convolution operation is applied.

A convolutional neural network is, generally, composed of three types of layers: convolu-
tional, pooling, and fully connected layers.

For convolutional layers of CVCNNSs, the inputs of a layer are complex-valued images or-
ganized into channels. The weights of the convolutional layers are represented by relatively
small convolution kernels. In order to perform complex-valued convolution using computa-
tional frameworks that can mainly handle real-valued operations, we can write the complex
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convolution in terms of two real-valued convolutions, as follows:
ke = (K7 + k") de (2 +02") = K™ — B ea’ + (K e’ + k' 9ex),
from which we have that
(kdx)? = kg™ — ksl
(k%z) = Efsex’ +k'a?,
where x represents an input, k represents a convolution kernel, 2% is the real part, and ! is the
imaginary part of complex matrix x.
In order to reduce the covariate shift of the output of a convolution layer, batch normal-
ization was introduced [88]. In many models it has been shown to accelerate learning, and its

use is standard in state-of-the-art deep neural networks. In CVCNNSs, batch normalization is
formulated as follows: given a complex-valued minibatch B = {x;_,,}, we have that

1 — 1
o = o 2l M= o

INgE
i

i=1
1 & 2 1 &
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i=1 i=1
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l’fi: ) B .I'I: 7 B

(a§>2 e \/(aé>2 +e
yB =Rl 1+ 85,y = el + 8,
where 7, 8%, I, 3 are learnable parameters, and y; = y* + 2y! is the output after batch
normalization.

After the convolution operation, a nonlinearity is applied. Different choices are possible for
the nonlinearity in the complex domain, but preliminary experiments done with CVCNNs have
shown that the best results are obtained using the split-complex ReLLU¢ nonlinearity, which ap-
plies the ReLU function separately on the real and imaginary components of a complex number:

ReLUc (2 +12') = ReLU(2) +1ReLU(2") = max(0, z%) + 1 max(0, 7).

Different variants of the ReLLU nonlinearity were proposed for the complex domain, such as

modReLU [8]:
b) % if b>0
I‘IlOdReLU(:p) = (|:13| + )I:r\ 1 |17| + =Y
0 otherwise

where b € R is a learnable parameter, and zReLLU [67]]:

e R0
zReLU(z) = {:1: if 2%, a: =0
0 otherwise
but, unfortunately, the performance in the context of CVCNNSs of these nonlinearities is worse
than that of the split-complex ReLU¢ defined above.
The second type of layer in convolutional networks is the pooling or subsampling layer,
which is used to reduce the dimensionality of the input and obtain a more abstract representation
of it. The most known types of pooling layers are max pooling and average pooling. In the max
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pooling layer, any neighborhood of small dimension in an image is replaced by the pixel with the
maximum value from that neighborhood. The average pooling layer replaces the neighborhood
with the average of the pixels in that neighborhood. In the context of CVCNNS, these pooling
operations can only be done separately on the real and imaginary components of the complex-
valued inputs.

For the max pooling operation, this could mean that the real part of the output of the max
pooling operation can come from one complex-valued pixel, and the imaginary part of the
output from a different complex-valued pixel, thus introducing unwanted distortions in the final
subsampled image. Preliminary experiments done using max pooling have shown that this can
be an issue which degrades the performance of CVCNNS. For this reason, a better choice is the
average pooling, because the average of a set of complex numbers is just the complex number
whose real part is the average of the real parts and whose imaginary part is the average of the
imaginary parts of the numbers in the set.

Lastly, the fully connected layers are the same as the hidden layers in a feedforward neural
network. In order to use real-valued operations, the complex-valued matrix multiplication can
be expressed similarly as the convolution:

(Waz)® = Whef —Wia!
(Waz)! = Wha! + Wik,

where x is the input to the fully connected layer, and W is the weight matrix of the fully
connected layer. The nonlinearity used for the fully connected layers is the same split-complex
ReLU¢ nonlinearity, defined above.

Usually, the output of a convolutional network is represented by class scores assigned to
each class using the softmax function, in conjunction with the negative log likelihood loss func-
tion. In the complex domain, a separate softmax function is applied to the real and imaginary
parts of the last fully connected layer, and the final class scores are considered to be the av-
erage of the two softmax scores given by the real and imaginary parts. Also, the negative log
likelihood loss is applied to the real and imaginary parts separately. This novel formulation of
CVCNN s has shown slightly better results in preliminary experiments than the one using only
the real part of the last fully connected layer for defining the class scores and as input to the
negative log likelihood loss.

3.1.2 Experimental results
3.1.2.1 MNIST

The MNIST dataset contains handwritten digits, and was created by [108]. It has 60, 000 train-
ing samples and 10, 000 test samples, each being a grayscale image of size 28 x 28 pixels.

In our experiments, we trained real-valued and complex-valued convolutional neural net-
works. Both types of networks contained convolutional layers immediately followed by max
pooling layers. Training was done using gradient descent, with a fixed learning rate of 0.1.

All the 60, 000 images were used for training, with no training set augmentation. The num-
ber of epochs was 50 for both types of networks. The first two convolutional and max pooling
layers had 16 and 64 channels, respectively, the third, when it was present, had 256 channels,
and the fully connected layer had 512 neurons, all for the complex-valued networks. The real-
valued networks had approximately 1.41 times more channels and neurons, to give the same
number of real parameters for both types of networks and thus assure a fair comparison. The
max pooling layers all had kernel size 2.
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The experimental results are given in Table [3.1] In the first column of the table, the sizes
of the convolution kernels are given. The results show that the complex-valued networks had
better performance than the real-valued networks in all the experiments. It can be observed that
the bigger the kernel sizes, the bigger the improvement. Training times differed only slightly,
mainly because the real- and complex-valued networks had the same number of real parameters.

Thus, it can be said that complex-valued convolutional networks perform better than their
real-valued counterparts, and their performance increases with the increase in the size of the
network.

Table 3.1: Experimental results for MNIST
Convolution kernel sizes Real-valued error Complex-valued error

3,2 0.70% 0.65%
3,4 0.59% 0.56%
5,3 0.52% 0.50%
5,5 0.52% 0.48%
5,3,2 0.46% 0.44%

3.1.2.2 CIFAR-10

The CIFAR-10 dataset contains images in 10 classes, like airplane, bird, or truck, for example,
and was created by [101]. There are 50, 000 training and 10, 000 test RGB color images, each
of size 32 x 32 pixels. The experimental setting was the same as the one in the above set
of experiments: training was done using gradient descent with a fixed learning rate of 0.1,
convolutional layers were followed by max pooling layers, and the activation functions were
real- and complex-valued ReLUs, respectively, for the convolutional and fully connected layers,
and real- and complex-valued softmax, respectively, for the output layer.

The 50, 000 training set images were randomly cropped to size 24 x 24 pixels, which were
then input to the networks. Training set augmentation was used, and included randomly flipping
the images horizontally, and randomly adjusting the brightness and contrast of the images. Each
network was trained for 50, 000 iterations, each iteration using a batch of 128 dynamically
generated images. All the convolutional layers had 64 channels, and the two fully connected
layers had 384 and 192 neurons, respectively, for the complex-valued case. In the real-valued
case, the number of channels and neurons was increased approximately 1.41 times to ensure
that both types of networks had the same number of real parameters, thus allowing for a fair
comparison between them. Like before, the max pooling layers all had kernel size 2.

The obtained results are summarized in Table [3.2] in the same manner as in the above set
of experiments, with the kernel sizes of the convolution layers in the first column, and the real-
and complex-valued errors following. The conclusion is the same: in all the experiments, the
complex-valued networks performed better, with the best increase in performance for the bigger
kernel sizes.
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Table 3.2: Experimental results for CIFAR-10
Convolution kernel sizes Real-valued error Complex-valued error

3,2 16.95% 16.71%
3,4 15.44% 14.90%
5,3 15.02% 14.47%
5,5 14.41% 13.83%
5,3,3 15.85% 15.36%
5,5,2 15.41% 14.73%

3.2 Fourier transform-based complex-valued convolutional
neural networks

Although the applications described in Section [3.1]are interesting, they are limited to complex-
valued images, whereas the majority of images of interest are real-valued. Beside these uses
in complex-valued imaging, CVCNNSs were rarely used for real-valued image recognition. As
shown in Section CVCNNs have better performance than their real-valued counterparts
(RVCNNSs) on real-valued image classification.

It is possible, however, to obtain a unique complex-valued representation of any real-valued
image. This representation is given by the Discrete Fourier Transform (DFT) of an image.
Based on this bijective correspondence between real-valued images and their complex-valued
DFTs, it can be deduced that the problem of classifying real-valued images is equivalent with
the problem of classifying their complex-valued DFTs.

Taking all the above observations into account, this section introduces complex-valued
Fourier transform-based image classification using CVCNNs. The presentation follows the
author’s paper [175].

3.2.1 The Fourier transform

The French mathematician Jean-Baptiste Joseph Fourier proved that any periodic function can
be expressed as a sum of sines and cosines of different frequencies, each multiplied by different
coefficients, which is called the Fourier series. Based on it, the Fourier transform decomposes
any function into its different frequencies. In the domain of image processing, the function
represents a digital image, and thus we are concerned only with the Discrete Fourier Transform
(DFT). The DFT has a wide range of applications in image processing, such as image analysis,
image filtering, image denoising and reconstruction, and image compression. Our presentation
of the main properties of the DFT mainly follows that of [63]].

For an M x N image denoted by f(x,y), with spatial coordinates = = 0,1,2,..., M — 1
andy =0,1,2,..., N — 1, the Discrete Fourier Transform (DFT) is defined as

F(u, 'U) — f(l’, y)67127r(ux/M+vy/N)’

where 12> = —1 is the complex imaginary unit,u = 0,1,2,..., M —1landv =0,1,2,..., N—1.
One of the most important properties of the Fourier transform is that it is a bijective function
on the space of images, which means that we can define the Inverse Discrete Fourier Transform
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(IDFT) of F(u,v) by:

T
=2
.

1
f(ZE, y> _ W F(u, U)ez%r(uz/M—&-vy/N)7
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v

forx =0,1,2,...,. M —1landy =0,1,2,..., N — 1. This means that each image has one and
only one Fourier transform, and the Fourier transform of an image can be used to retrieve the
original image. The two form a discrete Fourier transform pair, and we will write

f(z,y) <> F(u,v).

As it can be easily seen, in general, the Fourier transform of a real-valued image is complex-
valued because of the Euler formula: e** = cosx + ¢sin z. Thus, we can write

F(u,v) = R(u,v) +I(u,v) = |F(u,v)|e?™),

where

|F(u,v)| = \/Rz(u,v) + 112 (u,v),

is the Fourier (or frequency) spectrum and

¢(u,v) = arctan [

)

represents the phase angle, foru =0,1,2,.... M —landv =0,1,2,..., N — 1.
The DFT of an image satisfies the following properties:

f(I, y)61277(u0m/M+voy/N) « F(u — Up, VU — U0>7

and
—127(uzo/M+vyo/N)

f(x —z0,y — wo) <> F(u,v)e :
Based on these properties, the Fourier transform of an image can be shifted so that (0, 0) is at
the point (ug, vg) = (M /2, N/2), using the transformation

f@,y)(=1)"" > F(u— M/2,v = N/2).
Because of the periodicity of the DFT, which states that
F(u,v) = F(u+ kiM,v + kyN),

for any integers k, ks, the transform F'(u — M /2,v — N/2) contains the exact information that
the original F'(u,v) contains, but organized in a different way.

Taking all of the above properties of the Fourier transform into account, the problem of clas-
sifying real-valued images is equivalent with the problem of classifying their complex-valued
Fourier transforms. Because the Fourier transform offers a richer representation of an image,
it can constitute the basis for classification algorithms that could potentially work better than
their real-valued counterparts on the original images. This means that CVCNNs can be used to
perform Fourier transform-based image classification of real-valued images.
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3.2.2 Experimental results

All the experiments were done using the same network architectures for the real-valued convolu-
tional neural networks (RVCNNSs), complex-valued convolutional neural networks (CVCNNs)
trained on the real-valued images (for which the imaginary part of the input was set to zero),
and complex-valued convolutional networks trained on the complex-valued Discrete Fourier
Transform (DFT) of the real-valued images.

The architecture consists of two (or three) convolutional layers, each followed by an aver-
age pooling layer. The number of input channels of the first convolutional layer was 1 or 3,
depending on whether the input images were grayscale or RGB images. The number of input
and output channels of the rest of the convolutional layers was 64 for the RVCNNs. For the
CVCNN:S trained on the real-valued images, this number was 45, which is approximately 1.41
times smaller than 64, thus assuring the same number of real parameters for the two networks.
Because the CVCNNS trained on Fourier-transformed images have to deal with fully complex-
valued inputs, the number of input and output channels for the convolutional layers was also
64, to ensure a fair comparison with the other networks. Thus, they have twice the number of
real parameters, but also twice the number of real inputs. The average pooling was done over
neighborhoods of 2 x 2 pixels.

The last average pooling layer was followed by two fully connected layers, which had 6
times, and 3 times, respectively, more units than the output channels of the convolutional layers
(384, and 192, respectively, for RVCNNs and CVCNN:Ss trained on Fourier-transformed images,
and 270, and 135, respectively, for CVCNNs trained on real-valued images). The rest of the
details of the CVCNNG are the ones mentioned in Section [3.1] which were similarly applied to
the RVCNNG.

Training was done using stochastic gradient descent for 200 epochs, with the learning rate
starting from 0.01, which was then divided by 10 two times, first after 100 epochs, and then
after 150 epochs. One important aspect is that the DFTs of the input images were also shifted
so that F'(0,0) is at the center of the image, as mentioned in Section This is usually a
standard procedure in the image processing domain, and preliminary experiments have shown
that training on the unshifted images has worse results than training on shifted ones.

3.2.2.1 MNIST

The full training set of 60,000 was used for training the three types of networks described
above, with no augmentations.

The experimental results are given in Table [3.3] The first column represents the dimensions
of the convolution kernels for the first two (or three) convolutional layers. The second column
represents the errors measured on the full 10, 000 image test set for the CVCNNSs trained on the
Discrete Fourier Transform (DFT) of the original images. Next, the errors on the test set for
the CVCNN:Gs trained on the original images are reported, for which the imaginary parts of the
network inputs are considered to be zero. Lastly, the errors of the RVCNNs are given.

It can be seen that, although these last two types of networks have approximately the same
number of parameters, CVCNNs perform better than RVCNNs. But even better performance
than the CVCNN s trained on real-valued images was attained by the CVCNNS trained on the
Fourier-transformed images. This shows that, in order to fully harness the power of complex-
valued neural networks, they must be used with complex-valued inputs.
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Table 3.3: Experimental results for MNIST
Kernel sizes Complex DFT  Complex Real

3,2 0.69% 0.89%  0.98%
3,4 0.63% 0.73%  0.79%
5,3 0.56% 0.78%  0.96%
5,5 0.55% 0.82%  0.88%
5,3,2 0.54% 0.65%  0.87%

3.2.2.2 SVHN

The Street View House Numbers (SVHN) dataset was created by [[124], and consists of RGB
images of digits cropped from house numbers in Google Street View images. The dataset con-
tains 73, 257 images for training, 26, 032 images for testing, and 531, 131 additional, somewhat
less difficult samples, for use as extra training data. We only use the standard training and test-
ing images, with no data augmentation. The size of each sample in the dataset is 32 x 32 pixels.
It is a more difficult task than MNIST, because the images are RGB, and may also contain
distracting digits to the sides of the digit of interest.

The three types of networks described above were trained on this dataset, and the errors on
the test set are reported in Table [3.4] The structure of the table is the same as the one in the
previous experiment: first the kernel sizes of the convolutional layers are given, then the errors
attained by the CVCNNS trained on the Fourier-transformed images, by the CVCNNs trained
on the original images, and by the RVCNNS, respectively, are shown. The Fourier transform
of an RGB image is computed separately for the three RGB channels, thus providing three
complex-valued inputs for the CVCNNS.

The errors show that CVCNNSs trained on the original images obtain better results than the
RVCNNss trained on the same inputs. But the best performance was attained by the CVCNNs
trained on the Fourier-transformed images.

Table 3.4: Experimental results for SVHN
Kernel sizes = Complex DFT  Complex Real

3,2 8.66% 10.97%  12.17%
3,4 8.42% 10.61%  11.21%
2,3 7.94% 9.40% 10.45%
5,9 8.16% 9.10% 9.91%
9,3,3 8.69% 8.81% 9.27%

3.2.2.3 CIFAR-10

Training was done on the full 50,000 image training set, which were only randomly flipped
before being given to the networks. No other types of data augmentation were used.

The results of training the three types of networks are given in the same format as above,
in Table [3.5] The errors are reported for the full 10,000 image test set. The conclusion of the
experiment is consistent with the ones of the above experiments: the CVCNNSs perform better
than their real-valued counterparts, but the CVCNNSs trained on the Fourier-transformed images
perform best.
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Table 3.5: Experimental results for CIFAR-10
Kernel sizes  Complex DFT  Complex Real

3,2 22.26% 24.81%  27.13%
3,4 21.51% 24.86%  24.97%
5,3 21.77% 25.64%  25.99%
5,5 21.25% 25.24%  25.68%
5,3,3 21.61% 21.88%  22.32%

3.3 Deep hybrid real-complex-valued convolutional neural
networks

In Section[3.1] we showed that shallow CVCNN models have better performance on real-valued
image recognition than their real-valued counterparts (RVCNNSs). This gave rise to the idea of
formulating deeper CVCNN models for use in image classification tasks. Thus, a first contri-
bution of this section is the proposal of CVCNN architectures which are inspired by the well
known VGG architecture [196]], with the necessary adaptations to the complex domain.

On the other hand, because of their different parameter spaces, the structure of learning
is different in CVCNNSs than in RVCNNs. This means that the two types of networks learn
different convolution kernels, and, as a consequence, will make systematically different errors.
This fact led to the idea of a hybrid real-complex-valued ensemble, which combines the two
types of networks, harnessing the advantages of both. The hybrid ensemble is expected to have
significantly better performance than the individual CVCNN and RVCNN models, which we
confirm by testing the proposed models on well known image classification datasets.

The presentation in this section follows that in the author’s paper [168].

3.3.1 Model formulation

The architecture of the networks considered in this section is inspired by the one proposed by
[196], which is a very popular deep convolutional network architecture. Taking into account
the observations made in Section (3.1} we formulate real-valued and complex-valued variants of
this architecture, given in Table[3.6]

In the table, the architectures are given with their established names, though there is only one
fully connected layer which is used as input to the softmax function. The convolution kernels
are all of dimension 3 x 3 pixels, which is the smallest dimension that can capture the notion of
left/right, up/down, and center. The convolution is followed by batch normalization, which is
not used in the original architecture of [196]]. The number of channels is also given in the table,
thus “Conv3BN-64" means a convolutional layer with 3 x 3 convolution kernels, followed by
batch normalization (and the ReLLU¢ nonlinearity which is omitted in this notation), with 64
channels.

Because of the discussion in Section to ensure a fair comparison between the real and
complex networks, average pooling is used, with the size of the neighborhood being 2 x 2 pixels
for the first four average pooling layers, and 1 x 1 for the last average pooling layer, because we
only work with 32 x 32 pixel images, and a neighborhood of 2 x 2 pixels would not be possible
in this case. Thus, “AvgPool2” means an average pooling layer with 2 x 2 pixels neighborhood.

Lastly, “FC10” (or “FC100”) signifies the fully connected layer with 10 channels for net-
works which classify images belonging to 10 classes and 100 channels for networks which
classify images belonging to 100 classes.
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Table 3.6: Real and complex convolutional neural network architectures

Real VGG11 Real VGG13 Real VGG16 Real VGG19
Conv3BN-64 Conv3BN-64 Conv3BN-64 Conv3BN-64
Conv3BN-64 Conv3BN-64 Conv3BN-64

AvgPool2

Conv3BN-128

Conv3BN-128 Conv3BN-128
Conv3BN-128 Conv3BN-128

Conv3BN-128
Conv3BN-128

AvgPool2

Conv3BN-256
Conv3BN-256

Conv3BN-256 Conv3BN-256
Conv3BN-256 Conv3BN-256
Conv3BN-256

Conv3BN-256
Conv3BN-256
Conv3BN-256
Conv3BN-256

AvgPool2

Conv3BN-512
Conv3BN-512

Conv3BN-512 Conv3BN-512
Conv3BN-512 Conv3BN-512
Conv3BN-512

Conv3BN-512
Conv3BN-512
Conv3BN-512
Conv3BN-512

AvgPool2

Conv3BN-512
Conv3BN-512

Conv3BN-512 Conv3BN-512
Conv3BN-512 Conv3BN-512
Conv3BN-512

Conv3BN-512
Conv3BN-512
Conv3BN-512
Conv3BN-512

AvgPooll

FC10 (FC100)

Complex VGG11 Complex VGG13 Complex VGG16 Complex VGG19
Conv3BN-45 Conv3BN-45 Conv3BN-45 Conv3BN-45
Conv3BN-45 Conv3BN-45 Conv3BN-45
AvgPool2
Conv3BN-90 Conv3BN-90 Conv3BN-90 Conv3BN-90
Conv3BN-90 Conv3BN-90 Conv3BN-90
AvgPool2

Conv3BN-180
Conv3BN-180

Conv3BN-180
Conv3BN-180

Conv3BN-180
Conv3BN-180
Conv3BN-180

Conv3BN-180
Conv3BN-180
Conv3BN-180
Conv3BN-180

AvgPool2

Conv3BN-360
Conv3BN-360

Conv3BN-360 Conv3BN-360
Conv3BN-360 Conv3BN-360
Conv3BN-360

Conv3BN-360
Conv3BN-360
Conv3BN-360
Conv3BN-360

AvgPool2

Conv3BN-360
Conv3BN-360

Conv3BN-360 Conv3BN-360
Conv3BN-360 Conv3BN-360
Conv3BN-360

Conv3BN-360
Conv3BN-360
Conv3BN-360
Conv3BN-360

AvgPooll

FC10 (FC100)
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An important point that must be made is that the complex-valued architectures contain ap-
proximately 1.41 less channels for the convolutional layers than their real-valued counterparts.
This is to ensure a fair comparison between the two types of architectures, which have, in this
way, approximately the same number of real parameters. For example, where RVCNNs have a
“Conv3BN-64" layer, the CVCNNs have a “Conv3BN-45" layer, because 45 is approximately
1.41 times smaller than 64.

However, because of the different structure of learning in the real and complex network
architectures, although they are as similar as possible and have the same number of real pa-
rameters, it is expected that CVCNNSs learn different convolution kernels than RVCNNSs. This
difference in learning means that the errors made by the CVCNNSs are of different nature than
those made by RVCNNSs. Real-valued network ensembles give rather modest improvements
in classification error. Because the structure of learning is very similar in these networks, the
learned convolution kernels are also similar, which means that the networks forming the ensem-
ble will make the same errors.

For this reason, we consider a promising idea to formulate a RVCNN-CVCNN ensemble in
the form of a hybrid real-complex-valued convolutional network (RCVCNN). The output of the
hybrid network is given by the average of the class scores given by the RVCNN and CVCNN
components of the hybrid ensemble. This type of hybrid real-complex-valued ensemble is the
simplest that can be formulated, and constitutes a first step done towards hybrid real-complex-
valued networks.

3.3.2 Experimental results

The experiments were done using the RVCNN, CVCNN, and hybrid RCVCNN architectures
described above. The RVCNNs and CVCNNSs were trained separately, and their outputs were
then averaged to give the output of the hybrid network. All inputs were real-valued RGB images
of dimension 32 x 32 pixels, and so the networks had 3 input channels. The imaginary parts of
the inputs for the CVCNNs were considered to be zero.

The networks were trained with stochastic gradient descent with minibatches of 128 images
and momentum equal to 0.9. Weight decay was used with an L, penalty multiplier equal to
5- 1074, like in [[196]]. The learning rate was set initially to 0.05, and then divided by 10 twice,
after every 35 epochs. Thus the total number of epochs was 105, which is enough due to the use
of batch normalization, which speeds up learning.

3.3.21 SVHN

The first dataset we test our networks on is the Street View House Numbers (SVHN) dataset.
We only use the standard training and testing images, with no data augmentation.

The experimental results for training RVCNNs, CVCNNSs, and for their hybrid ensemble
are given in Table In the first column, the name of the architecture is given, following the
discussion in Section [3.3and Table [3.6] Next, the error rate for the CVCNNS is given, followed
by the error rate of the RVCNN:S. It can be seen that, for the proposed type of architectures, the
CVCNNs s obtain better results than their real-valued counterparts. But, most importantly, the
hybrid RCVCNN ensemble, formed with only two networks, has a much better performance
than the best network of the ensemble, which is the CVCNN, in some cases as much as 10% in
relative error improvement.
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Table 3.7: Experimental results for SVHN
Architecture Complex Real Real-Complex
VGG11 4.19% 4.68% 4.06%
VGGI13 3.93% 4.10% 3.66%
VGGI16 3.96% 3.98% 3.59%
VGGI19 3.63% 3.75% 3.24%

3.3.2.2 CIFAR-10

Before being fed to the networks, the images in the dataset were padded with 4 pixels to a
dimension of 40 x 40 pixels, which were then randomly cropped to 32 x 32 pixels, and then
were randomly flipped. No other data augmentation was used.

The results of training the above-described convolutional architectures on this dataset are
given in Table [3.8] in the same form as with the previous experiment. It can be seen from the
table that CVCNNss performed better than RVCNNS, but the performance increase of the hybrid
ensemble was significant compared to the CVCNN:Ss.

Table 3.8: Experimental results for CIFAR-10
Architecture Complex Real Real-Complex
VGGI1 8.49% 10.13% 8.17%

VGG13 7.10%  7.12% 6.27%
VGG16 6.50%  6.95% 5.96%
VGGI19 6.51%  8.08% 6.40%

3.3.2.3 CIFAR-100

The CIFAR-100 dataset contains the same images as CIFAR-10, but organized in 100 different
classes, being much more specialized than the CIFAR-10 dataset [101]]. Each of the 100 classes
has 500 samples in the 50, 000 training set and 100 samples in the 10, 000 testing set. Because
of the relatively big number of classes and the relatively small number of training samples per
class, the classification errors are much bigger than the ones for the CIFAR-10 dataset.

The images were distorted in the same way as the ones in the previous experiment: random
crop from the original image padded with 4 pixels, and random flip. The experimental results
of RVCNNs and CVCNNS are given in Table for the four different architectures. It can be
seen that, in some cases, the performance improvements between CVCNNs and RVCNNs are
important, but the biggest improvements were attained by the hybrid ensemble.

Table 3.9: Experimental results for CIFAR-100
Architecture Complex Real Real-Complex
VGGI11 31.07% 31.53% 28.87%
VGG13 26.84% 27.93% 25.18%
VGG16 26.34% 29.09% 25.10%
VGG19 28.42% 30.04% 26.32%
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3.4 Complex-valued stacked denoising autoencoders

One of the first papers in the deep learning domain was [76], which has shown that Restricted
Boltzmann Machines (RBMs) can be stacked to form a deep belief network, which could then
in turn be used as an unsupervised pretraining procedure for deep neural networks. The idea
was that greedy layer-wise pretraining [16]] can be used to initialize deep architectures [52]],
which can then be fine-tuned via supervised learning to produce better results than the ones
using random weight initialization. The random weight initialization prevented deep models
from obtaining better performance than shallow ones.

Autoencoders are networks that learn to generate a representation of the input called a code,
which can be then used to reconstruct the original input. Denoising autoencoders [220] are
a special type of autoencoders which learn to reconstruct the original input from a corrupted
version of it. Stacking denoising autoencoders is a similar idea to stacking RBMs to form deep
belief networks, and was introduced by [221]]. It has been shown in [221]] that stacked denoising
autoencoders match and even surpass the performance attained by deep belief networks.

In the complex domain, complex-valued linear autoencoders were proposed by [10], which
also gave a training algorithm for them. But the most interesting types of autoencoders are
nonlinear. Following the success of complex-valued convolutional neural networks for real-
valued image classification presented in Section 3.1}, and the above observations, we considered
a promising idea to introduce complex-valued stacked denoising autoencoders.

The presentation in this section follows that in the author’s paper [169].

3.4.1 Model formulation

A complex-valued autoencoder is composed of two parts: the encoder, which transforms the
input into a representation called a code, and the decoder, which transforms this code into a
reconstruction of the input. The goal of the autoencoder is thus to obtain a representation of its
input, which, upon reconstruction, is as close as possible to the original. The following deduc-
tion of the complex-valued stacked denoising autoencoders follows its real-valued counterpart
given in [221]].

For a complex-valued encoder, we denote by f(z) the mapping that transforms the input
vector = of dimension d into its representation y of dimension d’. Let W denote the d’' x d
complex-valued weight matrix of the encoder and b its d’-dimensional bias. Then, the represen-
tation y is given by:

y = v+
= [f(z)
— ReLUc(Wz + b)
= ReLUWF2f — Wiz + %) +1ReLUW ! + W 4 v1),

where z = zf'4+12!, which means that 2 and 2! respectively denote the real and imaginary parts
of complex matrix z, and 72, with > = —1, represents the complex imaginary unit. The above
writing of the complex-valued representation y is necessary because the common computational
frameworks that are used in the deep learning field mainly deal with real-valued operations, and
thus we need to express all complex-valued relations using only real-valued operations.

The nonlinearity used is the split complex ReLU¢ nonlinearity, which applies the ReLU
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function to the real and imaginary parts of a complex number separately:

ReLUc (2" +12’) = ReLU(z%) + ReLU(2")

= max(0, 2%) + ¢ max(0, 27).

Because of its popularity in real-valued deep learning, we also use it in the complex domain.
For the complex-valued decoder, we denote by z the d-dimensional reconstruction of the
representation y, and by ¢(y) the mapping that does this reconstruction. We have that:

z = B4t
= 9(v)
= oc(Wy+V)
= oWy =Wy + V) +0(WHhy" + WyR + 07,

where W' represents the dx d’ complex-valued weight matrix of the decoder, ¥’ its d-dimensional
weight, and o¢ represents the split complex sigmoid function:

oc(z® 4w’ = o(2®) +0(zh)
1 n 1
? :
L+e =™ 14e®

We will consider that z € [0, 1]¢ 4 2[0, 1]¢. We can also easily see that, because of the
sigmoid nonlinearity, we also have z € [0, 1]? + 1[0, 1]%. The loss function which measures the
reconstruction error is given by the cross-entropy loss:

L(z,z) = — Z [xf log ZJR +(1— mf) log(1 — ZJR)}
- Z [ZEJI log ZJI +(1- xJI) log(1 — Z]I)} :

J

If a good reconstruction of the input is given by the representation, then it has retained much
of the information presented as input. But it is possible that the autoencoder simply learns the
identity mapping, without discovering a more useful representation than the input, especially in
the case when d’ > d. Usually, autoencoders produce an under-complete representation in the
case d’ < d, and so we say that they produce a lossy compressed representation of the input. On
the other hand, it is possible to avoid the learning of the identity mapping by an over-complete
but sparse representation (d' > d).

A different approach to avoid the simple copying of the input by the autoencoder is to change
the reconstruction criterion in order for it to perform a different task: to reconstruct the input
from a corrupted version of it. This approach is called denoising, and was proposed by [221]]
for the real-valued case. The idea behind the approach is that, while learning to reconstruct the
input, the autoencoder will also extract features that capture useful structure in the input.

Thus, a denoising autoencoder is trained to reconstruct the input x from a corrupted version
T of x. As a consequence, the encoder becomes y = f(z), and the decoder remains the same:
z = ¢g(y). The observation is that, in this case, we are interested that the reconstruction z be
as close as possible to the original input x, and not to the corrupted input z. For this reason,
the loss function is the same cross-entropy loss L(x, z), defined above. Each time an input x
is presented, the autoencoder will use a different corrupted version = of it, generated by the
corruption process.

We consider two types of corruption processes:
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* Additive Gaussian Noise (GN), in which 7 is given as 7 = 7% + 12! ~ N (2%, 0%/2) +

WN (21, 0%/2);

» Masking Noise (MN), in which 7 is obtained by setting a fraction v of the elements of x
to 0 4 02 = 0, randomly chosen for each example.

It has been shown that stacking Restricted Boltzmann Machines (RBMs) to form deep belief
networks and autoencoders to form stacked autoencoders can be used as unsupervised pretrain-
ing procedures for deep neural networks [76, [75]. Likewise, denoising autoencoders can be
stacked to form stacked denoising autoencoders. In such networks, each layer is trained sepa-
rately, using greedy layer-wise training [16]. We must mention that the corrupted input to each
individual layer is only used in the training phase, and after the mapping f has been learned, it
is used on the uncorrupted layer input.

After all the mappings f have been learned for each of the layers of the stacked denoising
autoencoder, a logistic regression layer can be added on top of the encoders, giving rise to a
complex-valued deep neural network, which can be used for classification. The weights learned
through unsupervised pretraining can then be fine-tuned using supervised training via gradient
descent.

3.4.2 Experimental results

In our experiments, we train real-valued and complex-valued stacked denoising autoencoders,
like the ones described above. The 28 x 28 pixel images are linearized as 784-dimensional
vectors to be given to the networks. Each encoder is then pretrained using the greedy layer-wise
procedure described above. The number of neurons for each complex-valued encoder is 1.41
times smaller then for its real-valued counterpart, to ensure approximately the same number of
parameters in the two networks, and, as such, a fair comparison between them.

After the greedy layer-wise pretraining has learned the weights of each layer, a logistic
regression layer which consists of the softmax function and the negative log likelihood loss
function is added on top of the last encoder in the network. Learning then continues in a
supervised manner, like in a deep neural network.

The Adam [98]] algorithm with minibatches of 128 images was used for training. The learn-
ing rate was 0.001 and the number of epochs was 50 both for pretraining and for fine-tuning.
The two types of noise used for corrupting the layer inputs were: Gaussian noise (GN) with
standard deviation of 1/ /2 for the complex case, and of 1 for the real case; and masking noise
(MN), for which a fraction of v = 0.25 (25%) of the inputs to the layers were set to 0.

3.4.2.1 MNIST

The experimental results for the MNIST dataset are given in Table[3.10} The first column in the
table shows the architecture of the complex-valued network which has 1.41 times less neurons
than the real-valued one. In the second and third columns, the value of the cross-entropy loss
for the pretraining part computed on the test set is given for the complex-valued and real-valued
autoencoders, respectively. Then, in the last two columns, the error (computed on the test set)
after fine-tuning is given for the two types of networks. It can be seen from the table that the
complex-valued networks have better performance than their real-valued counterparts both in
terms of reconstruction loss and in terms of classification error.

Also, the reconstructed images by the real-valued and complex-valued stacked denoising
autoencoders are given in Figure [3.1] along with the original images. It can be seen that the
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quality of the images reconstructed by the complex-valued network is better than that of the
images reconstructed by the real-valued network.
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Figure 3.1: MNIST images reconstructed by the real-valued (left) and complex-valued (right)
stacked denoising autoencoders, along with the original images [[169]

Table 3.10: Experimental results for MNIST

Architecture Complex Real Complex Real

Loss Loss Error Error

784-128-64-32 (GN) 10.88e — 4 11.33¢ — 4 1.44% 1.49%
784-128-64-32 (MN) 9.24e —4 9.67e—14 1.71% 1.91%
784-256-128-64 (GN) 10.70e — 4 10.88e — 4 1.18% 1.26%
784-256-128-64 (MN) 8.96e —4 9.19¢—14 1.35% 1.63%
784-1024-512-256-128 (GN) 10.64e — 4 10.83e —4 1.19% 1.21%
784-1024-512-256-128 (MN) 8.69e — 4  9.15e — 4 1.18% 1.24%

3.4.2.2 FashionMNIST

A dataset that appeared recently is the FashionMNIST dataset [230]. Its characteristics are very
similar to the MNIST dataset, from which it was inspired, but it is more complicated. The
grayscale 28 x 28 pixel images pertain to the following 10 classes: t-shirt/top, trouser, pullover,
dress, coat, sandal, shirt, sneaker, bag, ankle boot. There are 60,000 training samples and
10, 000 test samples.

The experimental results are given in the same way as with the above experiment in Table
It can be seen that the task is more complicated, both in terms of reconstruction error as
well as in terms of classification error. Nonetheless, the conclusion of the set of experiments
is the same: complex-valued networks have better reconstruction error and better classification
error then the real-valued networks.

The reconstructed images for the two types of networks are given in Figure [3.2] along with
the original images. In this case too, the complex-valued reconstructed images have a better
quality.

3.5 Complex-valued deep belief networks

Among the first models in the paradigm of deep learning were deep belief networks. It was
shown in [76]] that Restricted Boltzmann Machines (RBMs) can be stacked to form a deep
belief network, which, after training, can be used to initialize learning in a feedforward neural
network [52]]. Because deep belief networks are trained in an unsupervised manner, using the
greedy layer-wise technique [[16], the resulted networks can then be fine-tuned using supervised
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Figure 3.2: FashionMNIST images reconstructed by the real-valued (left) and complex-valued
(right) stacked denoising autoencoders, along with the original images [169]]

Table 3.11: Experimental results for FashionMNIST

Architecture Complex Real Loss Complex Real

Loss Error Error
784-128-64-32 (GN) 24.32e — 4 24.54e —4 10.37% 10.72%
784-128-64-32 (MN) 23.07e — 4 23.47e—4 10.15% 10.82%
784-256-128-64 (GN) 24.21e — 4 24.30e — 4 10.30% 10.37%
784-256-128-64 (MN) 22.82e — 4 23.07e —4 10.21% 10.45%
784-1024-512-256-128 (GN) 24.23e — 4 24.29¢ — 4 10.01% 10.09%
784-1024-512-256-128 (MN) 22.84e — 4 22.89¢ — 4 9.97% 10.05%

learning. As it turns out, this unsupervised pretraining of deep neural networks allows them to
have better results than with random weight initialization.

On the footsteps of these papers, also taking into account the success of complex-valued
convolutional neural networks for real-valued image classification demonstrated in Section [3.1]
we introduce complex-valued deep belief networks. The presentation in this section follows
that in the author’s paper [[170].

3.5.1 Model formulation

Restricted Boltzmann Machines (RBMs) are part of the larger family of energy-based models,
which associate a scalar energy to each configuration of the variables of interest. Learning
corresponds to modifying the energy function so that it has some desired properties. Usually,
we would want the energy to be as low as possible. The following deduction of the properties
of complex-valued RBMs follows that of [15] for the real-valued case.

For Boltzmann Machines (BMs), the energy function is linear in its free parameters. To
increase the representational power of the Boltzmann Machines in order for them to be able
to represent more complicated input distributions, some variables are considered to never be
observed, and that is why they are called hidden variables. Restricted Boltzmann Machines
(RBMs) restrict the BM model by not allowing visible-visible and hidden-hidden connections.
If we denote the visible variables by v and the hidden variables by £, in the case of complex-
valued RBMs, the energy function is defined by

E(v, h) —(0"0)E — (Hh)E — (W W)
_(bR)TUR (bI)T I ( R)ThR N (CI)ThI
— (W) (Wo) — (BT (Wo)!
_ _(bR)T,UR (bI)T I ( R)ThR i (CI)ThI
—(HT(WHR)E — ()T (WHR)!, (3.5.1)
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where 2% and 2! are the real and imaginary parts, respectively, of the complex-valued matrix
z, 21 is the Hermitian (complex-conjugate) transpose of matrix z, a’ is the transpose of real-
valued matrix a, and we used the property that (z7y)® = (y"x)®. Also, W represents the
weights connecting the visible and hidden layers, b represents the bias of the visible layer, and
c represents the bias of the hidden layer.

With the above notations, the probability distribution of complex-valued RBMs can be de-
fined as
P h e—S(v,h)
- Z (v,h) = 7
h h

where Z is called the partition function by analogy with physical systems.

—log Z e ¢
h

which is called free energy (a notion also inspired from physics), we have that

If we denote by

and Z is given by

Now, from (3.5.1)), we have that

./T"(U) _ —(bR)T R (bI)T 1
— Zlogz hE(cF+(Wiv)R ZIOgZ ol (el +(Win)T)

— —(bR)TUR _ (bI)TUI

— Z log Z eth(Cﬁ-f-WiRvR—WiIUI) _ Z log Z ehiI(C{-FWiR’UI-f—WiIUR)’ (352)
) hf?' i h{

where h; is the ith element of vector A and W; is the ith column of matrix W.
We can also obtain an expression for the conditional probabilities P(h*|v) and P(h!|v):

DTV ()T T ()T R4 ()T T 4 (W) T (Wo) Pt ()T (W)t

P(h®v) = _ _
ZER €(bR) UR+(bI)TvI+(CR)ThR+(cI)ThI+(hR)T(WU)R+(hI)T(Wv)I

H eCi cERE+RE(Wv)E
H Z R 6 RhR+hR(W1})R

h (cF+(W;v)R)

e'ti
- HZ RehR (cR+(Ww)R)
= HP hf‘]v,
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e(bR)T’UR-l-(bI)TUI+(CR)ThR+(cI)ThI+(hR)T(WU)R-i-(hI)T(WU)I
P(h'|v) =

Z~I el (bRYT R4 (b)) Tyl 4-(cBYT BB+ (cI)ThI +(hB)T (W) B+ (AT (Wo)!
H ¢t cIhf+hI(Wiv)!

H Z 16 cIRI 4RI (Wv)!

hI(c +(Wiv)")

HZ Iehlc—i—Wl’U))
= HPhﬂv.

This means that the visible and hidden neurons are conditionally independent given one another.
If we assume that 1%, h! € {0, 1}, we obtain

cR+(W'v)R’

P(th =1fv) = W = U(CZR + (VVw)R) _ O'(CzR + WiRvR — WZ-IUI),

eCi I +(Wiv)!

P(hi = 1jv) = =o(c] + (Wiv)") = a(c] + W'+ Wioh),

1+ eci +(Wiv)! n
where o is the real-valued sigmoid function: o(z) = H% The above expressions, together
with (3.5.2)), prove that a complex-valued RBM can be implemented only using real-valued
operations. This is important, because the computational frameworks used in the deep learning
domain mainly deal with real-valued operations.

Because of the symmetry in the expression of the energy function between the visible and
hidden neurons, assuming that UJR, v; € {0, 1}, the following relations can also be deduced:

P(v|h) = HP vB|h),

P(v'|h) = HP (vi|h),
P(vjt = 1[h) = o (b7 + (W] h)") = o (b + (W]HTRT + (W])Th!),

P(vj = 1h) = o (b + (W[Th)") = o (b + (W) TR — (W))TRT).

The free energy for an RBM with binary neurons can be further simplified to

.7:(11) — —(bR)TUR _ (bI)TUI
— Z log(l + ecﬁ-l—WiRyR_WiIUI) B Z 10g(1 n ecll_,'_WiRUI_‘_WZ_IUR)'

Samples from the distribution P(x) can be obtained by running a Markov chain to conver-
gence, using as transition operator the Gibbs sampling procedure. Gibbs sampling for NV joint
random variables S = (Si,...,Sy) is done in a sequence of N sampling steps of the form
S; ~ P(S;|S_;), where S_; denotes the other N — 1 variables that are not .S;. In the case of an
RBM, this means that first we sample h%, h! from P(hf|v), P(h!|v), and then we sample v,
v! from P(v®|h), P(v!|h). By doing this procedure a sufficient amount of time, it is guaran-
teed that (v, h) is an accurate sample of P(v, h). This would however be very computationally
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expensive, and so different algorithms have been devised to sample from P(v, h) efficiently
during learning.

One such algorithm is contrastive divergence, which we use in our experiments. It is based
on two ideas to speed up the sampling process. First, because we want to have P(v) &~ Pyyin(v),
i.e., the true distribution of the training data, we initialize the Markov chain described above
with a training sample, which will speed up convergence. The second idea is that contrastive
divergence doesn’t wait for the Markov chain to converge, but only does £ steps of Gibbs
sampling. Surprisingly, k£ = 1 gives good results in practice.

Now that we have all the ingredients for constructing and training a complex-valued RBM,
we can stack several complex-valued RBMs to form a complex-valued deep belief network.
This type of network is trained one layer at a time, using the greedy layer-wise procedure [[16].
After training the first layer to model the input, the following layers are trained as complex-
valued RBMs to model the outputs of the previous layers. After learning the weights for all the
RBMs in the deep belief network, a logistic regression layer is added on top of the last RBM
in the deep belief network, thus forming a complex-valued deep neural network. This network
can then be fine-tuned in a supervised manner, using gradient-based methods. Thus, the deep
belief network is used to initialize the parameters of the deep neural network.

3.5.2 Experimental results

In the experiments, we use real-valued and complex-valued deep belief networks for the unsu-
pervised pretraining of deep neural networks. The 28 x 28 images of the MNIST dataset were
linearized into 784-dimensional vectors, which constitute the inputs of the networks. The num-
ber of neurons in every hidden layer of the complex-valued networks is given in the first column
of Table [3.12] The real-valued networks had 1.41 times more neurons in the hidden layers, to
ensure the same number of real parameters between the two types of networks, and thus a fair
comparison. Each layer was trained in an unsupervised manner, and then the learned weights
were used to initialize the weights of the deep networks. These networks were then fine-tuned
using stochastic gradient descent.

The number of pretraining epochs was 100, and the number of fine-tuning epochs was 50.
The learning rate was (.01 for the unsupervised learning, and 0.1 for the supervised learning.

The experimental results on the MNIST dataset are given in Table It can be seen
from the table that we tested different architectures, and the results were consistent: complex-
valued neural networks pretrained using complex-valued deep belief networks attained better
classification results than real-valued networks using their real-valued counterparts.

Table 3.12: Experimental results for MNIST

Hidden layer sizes Real-valued error Complex-valued error
1000 1.42% 1.40%
1000, 500 1.36% 1.32%
1000, 1000 1.38% 1.23%
1000, 1000, 1000 1.31% 1.20%
1000, 1000, 1000, 1000 1.38% 1.37%
2000, 1500, 1000, 500 1.64% 1.34%

2500, 2000, 1500, 1000, 500 1.45% 1.31%
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3.6 Complex-valued deep Boltzmann machines

Deep Boltzmann machines (DBMs) were among the first models pertaining to the deep neu-
ral networks paradigm. Unlike deep belief networks (DBNs), which were introduced earlier
[76], DBMs are fully undirected deep generative models, and were proposed in [183]. DBMs
have been applied to many tasks which require learning of features from very few examples,
including document modeling [201].

The DBM model was later improved. A new approximate inference algorithm for DBMs
was proposed in [184]. To improve the conditioning of the underlying optimization problem, in
[123], the centering trick was introduced, which consists of rewriting the energy of the DBMs
as a function of centered states. Multimodal learning with DBMs is discussed in [200]. Hierar-
chical deep models based on DBMs were developed in [[186]. In order to improve classification
done using DBM pretraining, multi-prediction DBMs are analyzed in [65]], and are shown to
outperform standard DBMs in this task.

Following the path laid by these papers, and also taking into account the success of complex-
valued convolutional neural networks for real-valued image classification (Section , we
consider a promising idea to introduce complex-valued deep Boltzmann machines. The pre-
sentation in this section follows the author’s paper [171].

3.6.1 Model formulation

We begin by presenting a complex-valued variant of the Boltzmann Machines (BMs), following
their real-valued presentation in [[183, [186]. Boltzmann Machines are part of the energy-based
models family, which associate a scalar energy to any configuration of the variables of interest.
In these models, learning consists of modifying the energy function so that it has some desired
properties, usually the property to be as low as possible.

To increase the representational power of BMs, some of its variables are considered not to
be observed, which is the reason why they are called hidden variables. In this paper, we assume
that all the variables are binary, and we denote the visible units by v € {0, 1}? +4{0, 1}, and
the hidden units by h € {0, 1}* + {0, 1}¥. The energy function for the state {v, h} is given
by

E(v,h;0) = —%(’UHLU)R - %(hHJh)R — (v Wh)®
= @M S () SRR~ LR (TR
(V") (Wh)" — (") (Wh)!
= @ (Lo) = () (Le) — S (TR) — (1) (TR’

WHy), (3.6.1)

where @ = {W | L, J} represent the parameters of the model: W is the visible-hidden weight
matrix, L is the visible-visible weight matrix, and J is the hidden-hidden weight matrix. The
diagonal elements of L and J are 0. For the clarity of the presentation, we have omitted the
bias terms in the energy function, because biases can be considered as weights of a connection
to a unit whose state is always 1 + 1z. We also denoted by z% and 2! the real and imaginary
parts, respectively, of the complex-valued matrix or vector z, by 2, with 2> = —1, the complex
imaginary unit, by 27 the transpose of real-valued matrix or vector 2z, and by z% the Hermitian
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(complex-conjugate) transpose of complex-valued matrix or vector z. In the deduction of the

last equality in (3.6.1)), we used the property (z7y)% = (y"x).
The probability the above-defined complex-valued BM assigns to the visible vector v is

p*(v;
Z(0

p(v:6) = ‘)9) _ Z(10) ;exp(—g('v,h; 9)), (3.6.2)

where p*(v; 0) is the unnormalized probability, and
Z0)=> ) exp(—E(v, h;8)),
v h

represents the partition function.
The expressions for the conditional probabilities p(hf|v, h_;) and p(h}|v,h_;) in a BM
with arbitrary units can be obtained as
exp(BF (T h_ )+ hE(W i v)F)
ZER exp(hf(JI_{jh,j)R + hf(Wf'v)R)
exp(h§(Jijh,j)I + h;(va)I)
thjI exp(hl(JTh_j)T + hE(WHo)T)

p(hffo.h_j) =

p(hjl"'va h*]’) =

where z_; represents the vector z without element z;, and Z_; represents matrix Z without
column j, which is denoted by Z ;. But, because we assumed that all the units are binary, we
have that

exp((J™Lh_j)F + (WhHy)R)
1+ exp((JI_{jh—j)R + (VVJI'{'U)R)7
= o((Jh )"+ (W]v)")
= o (JE)TRE, + (JL)ThL, + (W TWl 4 (WHTo!),

p(h? =1ljv,h_;) =

exp((J%h_j)t + (Whw)h)
1+ exp((Jijh_j)I + (Wf[’v)l)7
= o((Jh )" + (Wiv)")
= o ((J5) R, = (JL)TRE + (W) o' — (W))To")

where o is the real-valued sigmoid function: o(z) = 1+e+r>(—x)' The expression of the energy
function (3.6.1)) can be written as
1 1 1 1
5(1), h; 9) — _§(vR)TLRvR . §(vR)TLIvI o 5(vI)TLRvI + 5(,UI>TLI,UR
1 1 1 1
—§<hR)TJRh,R o E(hR)TJIhI . §(hI>TJRhI + é(hI)TJIhR

—('UR>TWRhR . (UR)TWIhI . (’UI)TWRhI + (UI)TWIhR.

This, along with the expressions for p(hf' = 1|v, h_;) and p(h] = 1|v, h_;), deduced above,
show that a complex-valued BM can be implemented only using real-valued operations, which
is a desirable property since the computational frameworks that are popular in the deep learning
domain mainly deal with this type of operations.



64 3. Complex-valued deep learning

Due to the symmetry in the expression of the energy function between the visible and hidden
units, the following relations can also be deduced:
p(UzR =1lhv,) = o ((Lljz’)T'U}—%z' + (L[—i)Tv]—i + WthR - Wz'IhI) ;
pv] =1lh,v_) = o ((LF) 0", — (L1,) v + W/ h' + W]R").

—1

The derivatives of the log-likelihood with respect to the model parameters 8 = {W L, J}
can be obtained as:

OVBIOO) iy [P (0 ! (01)T] — By () 4 0/ (7],
OBPG0) o (B — ! (W] — Fp () — o (07)7),
OBHOO) — y Jo () +! (0)] ~ B (07 4001,
HEHLO) (@) 0! (@]~ B0 ()" — o (o)),
PRELCRE) oy W0+ BB B[R + )T,
RELDO) B WY — I (B)T) — B [0 — B (R,

where Ep, || represents the expectation of the completed data distribution
Pdata(h'7 v; 0) - p(h”U, O)Pdata(v>7

with Pyu(v) = & >, 6(v — v,,) being the empirical distribution, and Ep, ,[-] represents the
expectation of the distribution defined by the model in (3.6.2). We can see that Ep, || is a
data-dependent expectation, and Ep__[-] is the model expectation.

Exact maximum likelihood learning in this model is intractable, because exact computation
of the data-dependent expectations is exponential in the number of hidden units, and the exact
computation of the model expectations is exponential in the number of visible and hidden units.

Therefore, approximate learning procedures are needed. Mean-field inference will be used
to estimate data-dependent expectations and stochastic approximation procedure based on Markov
Chain Monte Carlo (MCMC) will be used to estimate the model expectations.

In variational learning, the true posterior distribution p(h|v; @) is replaced by an approxi-
mation ¢(h|v; p) of it, and the parameter updates follow the gradient of the lower bound on the
log-likelihood:

logp(v;8) > > q(hlv;p)logp(v, h;8) + H(g)

> logp(v;0) — KL[q(h|v; u)||p(h|v; )],

where #(q) represents the entropy functional and K L[q||p] the Kullback-Leibler divergence
of the two distributions. In addition to maximizing the log-likelihood of the data, variational
learning has the property to also minimize the Kullback-Leibler divergence between the true
posterior distribution and its approximation.

Following the mean-field approach, we assume that ¢(h|v; ) is a fully factorized distribu-

tion:
q(hlv; p) = H q(hff[v) H q(hjlv),
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where q(hf = 1) = p¥, g(h} = 1) = p} are the mean-field parameters. The lower bound of
the log-probability of the data becomes:

1 1 1 1
logp(v;0) > —Q(UR)TLRUR — §(UR)TLI’UI — i(vI)TLR'vI + §<UI)TLI’UR
1 1 1 1
—5 T = S ()T = S () T (e
(W) WERLE — (0BYTW ! — (o)W R 4 (o)W R
—log Z(0)

+3 [t log puff + (1 = pff)log(1 — pff)]

+3 [uflog pf + (1 — pf) log(1 — pf)] -

During learning, this lower bound is maximized with respect to the parameters p for fixed 0,
which results in the mean-field fixed-point equations:

o ((T5) el 4+ (1) el + (W0 + (W) '),

J
Now, having the variational parameters p, the model parameters 0 are updated to maximize
the variational bound using stochastic approximation based on MCMC [207], which proceeds
as follows. Let 8, be the current parameters and x; = {v,, h;} the current state. Then 8, and
x, are updated as follows:

* Given x;, a new state o, is sampled from the transition operator Ty, (x;.1; x;) so that
D, Temains invariant.

* The new parameters 6, are obtained by replacing the model expectation, which is in-
tractable, by the expectation with respect to x; 1, in the gradient step.

An average over a set of M persistent sample particles {x; 1, ..., @} is typically used
in practice. Precise sufficient conditions for the almost sure convergence to an asymptotically
stable point can be derived. One such condition is that the learning rate should decrease with
time, such that Y ° o, = oo and Y ;- &7 < oo. One way to achieve this is to put oy, = 1/1.
On the other hand, in practice, the sequence |6,| is usually bounded, and the Markov chain
having the transition operator Ty, (x4 1; @) is ergodic. These two conditions are sufficient to
guarantee almost sure convergence.

A complex-valued Deep Boltzmann Machine (DBM) is similar to a complex-valued Boltz-
mann Machine, with the exception that the model contains a sequence of layers of hidden
units denoted by bV € {0,137 +4{0,1}7", h® € {0,1}7" + {0,137, ..., BV ¢
{0,1}7 “ 4 {0, 1} ) and connections exist only between hidden units in adjacent layers
and between the visible units and the hidden units in the first hidden layer, i.e., there are no
visible-visible or intralayer hidden-hidden connections. For clarity of presentation, we consider
a DBM with three hidden layers (L = 3) and no biases, which can be considered as weights of
a connection to a unit whose state is always 1 + 12. The deduction of the learning procedure for
complex-valued DBMs is very similar to the one for complex-valued BMs, and to the one for
their real-valued counterparts, given in [[183] 186l

The energy function for such a network is given by:



66 3. Complex-valued deep learning

E(w,h;0) = —(IWOROE _ (RWHW R RCHE _ (R Hpy G B E
— (BT WORME _ ()T (WO RM) _ (ROB)T (2 2R
(h(l)I)T(W(Q)h( )) — (RO (WO RBHE _ (BN (G p3))T
- (W)W Rh ~ (BT WOIRMI _ ([T WRR I
+@hHTw MR _ (p(DE ) TwRRR _ (B MRy ) p (2T
(h(l)f)TW 21 + (RINTW TR _ (p Ry )R ()R
_(R@R) Ty ( 3)1h — (RONTWORRB! { (pNTy OIROR (36 3)

where h = {hY h® K} is the set of hidden units and @ = {WN W& WO are the
parameters of the model.
The probability the above-defined complex-valued DBM assigns to the visible vector v is

p(v:6) = p}'(’;?) _ Z(lo) S exp(—£(v, b 6)), (3.6.4)

where p*(v; 0) is the unnormalized probability, and

= Z Z eXp(_g(Uv h; 0))7

represents the partition function.
The expressions for the conditional probabilities in a complex-valued DBM are:

p(h§1)R _ 1|v,h(2)) — 05 <(W(1)R)TUR + (Wﬁl)I)T,U] + W§2)Rh(2)R + W§2)1h(2)1) ’
P =1jo,h®) = o (W Tl — (WIHToR 4 WA — W PTR@R),
p(hl@)R _ lyh(l), h(3)) — 0y <(Wl(2)R)Th(1)R i (WZ(Q)I)Th(l)I n Wl(3)Rh(3)R i W§3)1h(3)1) ’
p(hl@)l — 1|h h®)) = & ((WZ(Q)R)Th(l)I _ (Wl(2)1)Th(1)R 4 Wl(3)Rh(3)1 _ Wl(3)1h(3)3> 7
(" = 1R = o (WP TROR 4 (WP TR,
P = 1R = o (WIF)TRET — (W) TREOR)
p(ef =1]h0) = o (WIRROR L w01,

p(vf =1pM) =¢ (ng)Rha)I B (Wz(l)I)Th(l)R> '

The derivatives of the log-likelihood with respect to the model parameters 6 = {W(l) W, W(S)}
can be obtained as:
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TOEDE) By (I + 0! (W) = B o (RO 40! (b1,
TOEPOE) iy o (W) — o (W) — By o (RO — 0! (WY,
OB B IR 4 RO (Y] = B WO BT+ RO (T,
OB B IR0 — RO (W] — Eiy OB — RO (BT,
TOEDE) B IO ROYT + R (O] = By [N ROT)T + RO (O],
BP0 By IR — R (WOYT] = By [ (BT — R (O],

where Ep, [] represents the expectation of the completed data distribution Py, (h,v;60) =
p(h|v; 0) Py (v), with Pya(v) = ~ >, 6(v — v,) being the empirical distribution, and

Ep_..[-] represents the expectation of the distribution defined by the model in (3.6.4). We
can see that Fp,_[-] is a data-dependent expectation, and Ep_ -] is the model expectation.

Like in the case of complex-valued BMs, exact maximum likelihood learning in this model
is intractable. Thus, mean-field inference will be used to estimate data-dependent expectations
and stochastic approximation procedure based on Markov Chain Monte Carlo (MCMC) will be
used to estimate the model expectations.

If g(h|v; p) represents the approximation of the true posterior distribution p(h|v; ), the
parameter updates follow the gradient of the lower bound on the log-likelihood:

logp(v;0) > > q(hlv;p)logp(v, h; 0) + H(q) (3.6.5)
h
> logp(v; ) — KL[g(h|v; u)||p(h|v; 0)],

where the notations are the same as for complex-valued BMs.
Following the mean-field approach, we assume that ¢(h|v; ) is a fully factorized distribu-
tion:

q(h|v; p) = Hq (A" |v) Hq WY |v) Hq (" |v) Hq o) TTah? o) TT a(h¥ o),
k k

DR
1) = m'"

, 1 =1,2 3. The lower bound of the log-probability of the data becomes:

where pp = {p®, u® p®} are the mean-field parameters, with q(h(l)R =
o = 1) ="

(B TW DR R _ (YT (L (D] _ (o, YTy (DR (D]
() TW O OR _ (ORI QR (R _ ([ (ORYT 7 ()1 ()1
(O W R, @1 4 (O Tyr O 2R _ (R Ty 8RR
(BT O G _ (NI @R G 4 (DT yy () 3R
—log Z(0) + H(q).

logp(v;0) >

1
)R

During learning, this lower bound is maximized with respect to the parameters p for fixed 6,
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which results in the mean-field fixed-point equations:

i o (W (Wl W @R 4w DT,
i o (W - (Wl W PR @)

pP o (WO (W AT RO W RO 4w P @)
pPT o (WO (WP R WO W R)
D e o (W@ (W),

i o (WP — (W)

Now, having the variational parameters p, the model parameters 6 are updated to maximize
the variational bound using stochastic approximation based on MCMC [207], which proceeds
as follows. Let 8, be the current parameters and x; = {v,, hgl), h?), hf’)} the current state.
Then @, and x; are updated as follows:

* Given x;, a new state &, is sampled from the transition operator Ty, (x;.1; ;) so that
Deg, Temains invariant.

* The new parameters 0, are obtained by replacing the model expectation, which is in-
tractable, by the expectation with respect to x; 1, in the gradient step.

An average over a set of M persistent sample particles {@; 1, ..., x; r} is typically used in
practice. The sufficient conditions for the almost sure convergence to an asymptotically stable
point are the same as for the complex-valued BMs, discussed above.

The learning procedure for complex-valued DBMs described above can be used with ran-
dom weight initializations, but better performance is attained using greedy layer-wise pretrain-
ing [[183]]. Each layer in a DBM can be seen as a Restricted Boltzmann Machine (RBM), which
is a special case of a complex-valued Boltzmann Machine, described above. This means that
each layer can be trained in isolation. The first layer is trained to model the input data, and all
the other layers to model the outputs of the previous layer. After the RBMs have been trained
using this procedure, they can be combined to form a complex-valued DBM.

However, the RBM parameters must be modified before inclusion in the DBM [183]]. Specif-
ically, the weights of all but the top and bottom layers must be divided by two, the bottom RBM
must be trained with two copies of each visible unit, and the weights should be made equal for
the two copies. Also, the top layer must be trained with two copies of the output. This is to
account for the fact that an inner layer is trained only with bottom-up input, but in the DBM it
will have bottom-up as well as top-down inputs.

In order to evaluate complex-valued DBMs, we must be able to efficiently estimate their
partition function. This can be done using a Monte Carlo based method, namely Annealed
Importance Sampling (AIS). This procedure for complex-valued DBMs is the same as the one
for real-valued DBMs, which is detailed in [[185) [183]]. Once we have an estimation 7 of the
global partition function Z(8), we can estimate, for a test case v*, the variational lower bound

in (3.6.5)):

logp(v*;0) > =Y q(hlv*; p)E(v*, h; 0) + H(q) — log Z(6)
h

~ =Y q(hlv*; p)E(v*, h;0) + H(q) —log Z. (3.6.6)
h
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For each test vector, the lower bound is maximized with respect to the parameters g using the
mean-field equations above.

3.6.2 Experimental results

In our experiments, we train real-valued and complex-valued Deep Boltzmann Machines (DBMs),
first using greedy layer-wise pretraining for 50 epochs, and then the learning algorithm de-
scribed above, also for 50 epochs. The 28 x 28 pixel images are linearized as 784-dimensional
vectors to be given to the networks. The number of units in each complex-valued network is
1.41 times smaller than for its real-valued counterpart, to ensure approximately the same num-
ber of real parameters in the two networks, and, as such, a fair comparison between them.

The number of persistent Markov chains is M/ = 100 and the maximum number of mean-
field updates for each parameter update is N = 50. For computing the estimate of the partition
function, we use AIS with 200, 000 intermediate distributions.

After training the DBMs, a logistic regression layer which consists of the softmax function
and the negative log likelihood loss function is added on top of the last layer in the networks.
Learning then continues in a supervised manner, like in a deep neural network.

The Adam [98] algorithm with minibatches of 128 images is used for supervised training.
The learning rate is 0.001 and the number of epochs is 50 for fine-tuning.

3.6.2.1 MNIST

The results for training real-valued and complex-valued DBMs on the MNIST dataset are given
in Table The average log-probability calculated using (3.6.6)) is presented for the real and
complex network architectures with two and three layers of different sizes. The layer sizes are
given for the real-valued networks. Then, for the same networks, the classification error on
the test set is given. It can be seen from the table that complex-valued DBMs outperform real-
valued DBMs in terms of average log-probability, and the complex-valued networks initialized
using DBMs have better classification performance than their real-valued counterparts. The
samples generated by the real-valued and complex-valued DBMs after 3,000 Gibbs steps are

given in Figure[3.3]

3.6.2.2 FashionMNIST

The experimental results are given in the same way as with the above experiment in Table [3.14]
It can be seen that the task is more complicated, both in terms of average log-probability as well
as in terms of classification error. Nonetheless, the conclusion of the set of experiments is the
same: complex-valued networks have better average log-probabilities and better classification
errors than real-valued networks. Samples generated after 3, 000 Gibbs steps by the real-valued
and complex-valued DBMs are given in Figure



70 3. Complex-valued deep learning

AN RO ®%R%Q 4O
LP—ad= o WL
IS O ¢ R I N SN

N0 D~
%W\\\QV\QNNN

174
d
/
2
g
7
é
Y
I
0

WO pPp—>GCoowwd —
PNDLD~@podoowd@d
0L QO —0nLow~
OQOE~a > eon
oW oLNo—anN
A0~ —=P
sdJ WO~ wWe B—29
OO 40 & NN B
~SNUNONWe N X
c0emco 00w~
M~~~ ~~~0O0
NANONOVWON0
AN VwQe~o~00
~eabbhN~ococ O Nw e
SN2 O~
O~~~ NNo0 Qoo
S0 o0 ed G0~ N
NN NULuU~Nwow O

o
l
8
"
/
Yy

5
1
/

Figure 3.3: MNIST images generated by the real-valued (left) and complex-valued (right)
DBMs, along with training images (center) [[171]

Table 3.13: Experimental results for MNIST
Hidden layer sizes  Real Avg. Complex

Log-Prob. Avg.
Log-Prob.
500, 1000 —86.59 —86.37
1000, 1000 —86.31 —86.16
500, 1000, 1000 —85.48 —85.23
1000, 1000, 1000 —85.16 —84.95

Hidden layer sizes Real Error Complex Error

500, 1000 1.36% 1.23%
1000, 1000 1.38% 1.32%
500, 1000, 1000 1.35% 1.21%
1000, 1000, 1000 1.31% 1.20%

Figure 3.4: FashionMNIST images generated by the real-valued (left) and complex-valued
(right) DBMs, along with training images (center) [171]]



3. Complex-valued deep learning

Table 3.14: Experimental results for FashionMNIST
Hidden layer sizes Real Avg. Complex

Log-Prob. Avg.
Log-Prob.
500, 1000 —236.95 —231.34
1000, 1000 —228.43 —225.76
500, 1000, 1000 —221.76 —216.85
1000, 1000, 1000 —216.52 —213.63

Hidden layer sizes Real Error Complex Error

500, 1000 10.01% 9.93%
1000, 1000 9.86% 9.65%
500, 1000, 1000 10.13% 9.96%

1000, 1000, 1000 10.04% 9.87%







Chapter 4

Dynamics of complex-valued neural
networks (CVNNS§)

Over the last few years, there has been an increasing interest in the domain of recurrent neu-
ral networks, especially the following types of models: Hopfield [80, 81]], Cohen-Grossberg
[44], cellular [42] 43]], and bidirectional associative memory neural networks [100], mainly be-
cause of their applications in many areas such as classification, optimization, signal and image
processing, solving nonlinear algebraic equations, pattern recognition, system identification,
associative memories, cryptography, and so on. These applications are highly dependent on
the dynamical properties of the networks. Thus, the analysis of the dynamical behavior is an
important part in the design of the recurrent neural networks used in applications.

The study of the dynamics of recurrent neural networks has become a field of study in
its own right, attracting many researchers. The review paper [238] lists more than 300 refer-
ences only for the stability analysis of continuous-time recurrent neural networks, not taking
into account the discrete-time ones, or other dynamical properties that can be studied such as
bifurcation, attractivity, dissipativity, passivity, synchronization, and so on.

On the other hand, complex-valued neural networks have been proposed by Aizenberg [1],
but have caught the attention of researchers in the past years, especially due to their applica-
tions in physical systems dealing with electromagnetic, ultrasonic, quantum, and light waves,
and also in filtering, imaging, optoelectronics, speech synthesis, computer vision, and so on
(see, for example, [[119,[77]). In these applications, the stability of the complex-valued neural
networks plays a very important role. Moreover, they have more complicated properties than
the real-valued neural networks because of their complex-valued states, connection weights,
and activation functions. The activation functions cannot be a simple generalization of the real-
valued ones, because, by Liouville’s theorem, it can be deduced that a bounded entire function
is a constant, which makes the choice of such functions more difficult. As a consequence, the
study of the dynamic behavior of the complex-valued recurrent neural networks has received
increasing interest, especially in the last few years.

4.1 p-Stability of neutral-type impulsive BAM CVNNs with
leakage delay and unbounded time-varying delays
Since they were first introduced by Kosko in [[100], bidirectional associative memories, an ex-

tension of the unidirectional auto-associative Hopfield neural networks, were intensely studied,
and have many applications in pattern recognition, signal and image processing, and automatic
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control.

Time delays are known to appear in practical implementations of neural networks due to the
finite switching speed of amplifiers, and can cause instability or chaotic behavior. Past deriva-
tive information is also considered to influence the present state in neutral-type systems. These
systems more accurately describe the properties of neural reaction processes that occur in the
real world. The existence of neutral-type delays makes the study of these systems more compli-
cated than that of the usual time-delayed models. This type of delays are relevant in automatic
control, population dynamics, and vibrating masses attached to an elastic bar. Also, neutral
delays may appear when implementing neural networks in VLSI circuits. On the other hand,
impulsive effects express instantaneous changes that naturally occur in electronic networks,
caused by switching phenomena, frequency changes, or noise. Taking the above analysis into
account, the neutral-type impulsive complex-valued BAM neural networks with leakage de-
lay and unbounded time-varying delays will be studied by giving sufficient conditions for the
existence and uniqueness of the equilibrium point and for its global p-stability.

The following notations will be used in this section: R denotes the set of real numbers, C the
set of complex numbers, Z* the set of positive integer numbers, R™ denotes the n-dimensional
Euclidean space, and C” the n-dimensional unitary space. Real matrices of dimension n x m are
denoted as R™ ™, and similarly complex matrices of dimension n x m as C"*™. AT denotes
the transpose of matrix A, A* denotes the Hermitian transpose of matrix A, and x denotes
the symmetric or conjugate symmetric terms in a matrix. /,, denotes the identity matrix of
dimension n. Ay, (P) is defined as the smallest eigenvalue of positive definite matrix P. |z|
stands for the norm of the complex number z. ||z|| stands for the Euclidean norm of the complex
vector z. A > 0 (A < 0) means that A is a positive definite (negative definite) matrix. A and
Al denote, respectively, the real and imaginary parts of complex matrix A.

The presentation in this section follows that in the author’s paper [173].

4.1.1 Main results

Consider the complex-valued bidirectional associative memories given by the following system
of differential equations

2(t) = —=Diz(t —8) + A1 fi(w(t)) + Bigi(w(t — 7(1))) + E12(t —n(t)) +uy, t # ty, t >0,
W(t) = —Daw(t — §) + Aafa(2(t)) + Baga(2(t — 7(1))) + Eaw(t —n(t)) + ua, t # ty, t >0,
Az(ty) = 2(t) — 2(t;) = Ji(2(t;), 2 )a keZt,

Aw(ty) = w(ty) — w(ti) = Jl?(w(tk)a t;)v keZr,

4.1.1)
where the impulse moments #;, satisfy 0 = ¢y < t; < --- < tx < --- and limy_,, t; = +00,
2(t) = [z1(t),...,2.(t)]" € C" and w(t) = [wyi(t),...,w,(t)]F € C™ are the state vectors
at time ¢, f1( (t)) [fHwr (), f(wm(8)]T € C™ ga(w(t — 7(1)) = [gi(wi(t —
7)) s gmwm(t — 7)) € C™, fol2(1) = [fF(a(t)), .-, 7 (za())]" € C", and
g2(2(t — 7'( ) = [gi(zi(t — 7(1)), ..., 2 (2n(t — 7(t)))]F € Cn, are the vector activa-
tion functions without and with delays, respectively, D; = diag(di,d}, ..., d.) € R™™,
di >0,V¥i =1,2,...,n, Dy = diag(d},d3,...,dz2) € R™™, d> > 0,VYj = 1,2,....m
are the self-feedback connection weight matrices, A; € C"*™, Ay € C™*" are the connec-
tion weight matrices, B; € C"*™, By € C™*™ are the delayed connection weight matrices,
E, = diag(el,... el) € Cv", B, = diag(e?,...,e2) € C™ ™ are the neutral-type delay

rvn rn

connection weight matrices, u; € C”, us € C™ are the external input vectors, and J,i, J,? are
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the impulsive functions. ¢ > 0 represents the leakage delay, 7(t) represents the unbounded
time-varying delay, and 7)(¢) represents the neutral-type delay.

In order to study the stability of the above-defined network, we need to make a series of
assumptions about the activation functions and about the delays.

Assumption 4.1. The activation functions f}, f?, g}, and g} satisfy the Lipschitz conditions
1) = fHED <z =2,
2 2/ .0 f /
1f5(z) = 5O < 12z = 2],

l9i (2) = gi ()| < 1]z = #/],
195 (2) = g5 ()| < U]z = 2],

Vz, z' € C, where llfl, ljfg, 7, l]g2 > ( are the respective Lipschitz constants, Vi = 1,2, ..., m,
Vj = 1,2,...,n. Furthermore, we make the notations Ly, = diag(I{* 13*,... 1/"), Lf2 =
diag(1?, 1>, ... 1)), L,, = diag(I9", 13", ... ,19Y), L,, = diag(I®,1?,...,1%).

Assumption 4.2. The time-varying delays 7 : R — R and the neutral-type delays n : R — R
are differentiable, and satisfy the conditions 7(t) < 7, < 1, n(t) < n, n(t) < ng < 1, ¥t > 0,
where T4, 1, and 1y are positive real constants.

Assumption 4.3. For the impulsive functions J. and J?, there exist F}; € C"*", F2 € C™*™,

such hat
R a) = (0 -0 [ stojas).
i) = B (w) = n [ utoyis).
forVk e Z".

Also, we will need the following definitions and lemmas:

Definition 4.1. ([34]). If Lﬂ is an equilibrium point of system (.1.1)), u(t) is a positive

0,

continuous function that satisfies (t) — oo as t — oo, and there exists a positive constant M/
M
‘ < —, V>

such that )
o)1) = o

then the equilibrium point L’;} is said to be p-stable.

Definition 4.2. If [;}] is an equilibrium point of system (4.1.1]), and there exist positive con-

|lsto) - 2] < & ez

] is said to be exponentially stable.

stants M and ¢ such that

§> N>

then the equilibrium point [
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Definition 4.3. If {ZA} is an equilibrium point of system (4.1.T)), and there exist positive con-

R

stants M and ¢ such that
N N 2
then the equilibrium point [w] is said to be power stable.

M
‘St_ea Vt207

Definition 4.4. If {%} is an equilibrium point of system (.1.T)), and there exist positive con-

|l - [

stants M and ¢ such that
then the equilibrium point { is said to be log-stable.

M
< Wt>0,
In(et + 1)
z
w
Lemma 4.1. ([40]). If H(z,w
ing conditions:

) : C*t™ — C™™ s a continuous map that satisfies the follow-

(i) H(z,w) is injective on C"*™,
(ii) ||H(z,w)|| = occas ||(z,w)|| = oo, where ||-|| represents the Euclidean norm on C**™,
then H(z,w) is a homeomorphism of C"*™ onto itself.

Lemma 4.2. ([40]). For any vectors x, y € C", positive definite Hermitian matrix P € C™*",
and real constant € > 0, the following linear matrix inequality (LMI) holds:

1
oy 4+ ytr < ex*Pr + gy*P_ly.

Lemma 4.3. ([36]]) For any vector function z : [a,b] — C" and positive definite Hermitian
matrix P € C"*", the following linear matrix inequality (LMI) holds:

(/abz(S)dS) P (/abz(s)ds) < (b—a) /ab 2 (5)P2(3)ds,

where the integrals are assumed to be well defined.

*

Lemma 4.4. ([218]) For any vector function z : [a,b] — C" and positive definite Hermitian
matrix P € C"*", the following linear matrix inequality (LMI) holds:

(/ab/:z(s)dsd9>*]p(/ab/ebz(s)ds(w) - (b—za)2 /a”/ebz*@)PZ(S)dsde?

where the integrals are assumed to be well defined.

Lemma 4.5. (/37)]). A Hermitian matrix P is negative definite, P < 0, if and only if

PR _PI
{Pf PR} < 0.
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Lemma 4.6. For any vectors zy, zo € C", any positive definite Hermitian matrix P € C"*",
Q

any matrix ) € C"*", and any o € (0, 1), such that [ 6123* P] > 0, the following linear matrix
inequality (LMI) holds:

1 * 1 * 21 " P Q 21
— + >
azlel 1-— 0422P22 LJ {Q* P} [22 '

Proof. Let 2y = 28 +2l, 2o = 28 +12L, P = PR +.4P!, where P* = P & (P®)T = PE,
—(PHT = PL, Q = QF +1Q!. Then, by the reciprocally convex combination lemma [138]],

we have that
A7 A7, L[] [PF P [
I PI PR I 1 — a Z; _PI PR Zé
z Pl QF —Q! zfr
PI PR QI QR Z{
@Y7 (@) Pt P! o
4] =@ @y PP [

- e A

Lemma 4.7. For any differentiable function z : [a,b] — C" and positive definite Hermitian
matrix P € C"*", the following linear matrix inequality (LMI) holds:

/ab #*(s)Pz(s)ds > ia Ej {]g 3(3’3} Ej :

where & = z(b) — z(a), & = 2(b) + z(a) — 7% fabz(s)ds.

Proof. Let 2(s) = 2B(s) +121(s), Vs, P = P +.4P!, where P* = P & (PR)T = PR,
—(PHT = P!, Then, by the Wirtiger-based integral inequality [194], we have that

1
—21 Pz +
a

. 1
T aZZPZQ = ~ |-

Y
N g ey

O

Y PlR(s)]T [PR—PT] [27
/z*(s)Pz(s)ds = / EI((;)) {Pl PR] [ZZI((SS))] ds

i N L S (R i

S S P I P 0 I

= p_q |€B 0 0 3PR _3p| |¢&
el Lo o 3P 3PR| ¢

_ L [a]'[P o] [&

T b—al&| |0 3P| &)

where & = 2(b) — 2(a), & = 2(b) + z(a) — ;2= [ 2(s)ds. O

We now give an LMI-based sufficient condition for the existence and uniqueness of the
equilibrium point for system (4.1.1).
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Theorem 4.1. Under Assumptions B.1) and H.2] the system @.1.1) has a unique equilibrium
point if there exist positive definite Hermitian matrices Py, P,, and positive diagonal matrices
G1, Gy, G3, Gy, such that the following LMIs hold:

-Qil PlAl PlBl-
=~ -G 0 <0, 4.1.2)
* * —G3_

_Qil PQAQ PQBQ_
Qo= » —Gs 0 <0, (4.1.3)
| * * —G4

where Q%,l = —P1D1 - D1P1 + L}QGQLJCQ + L;2G4L92, Ql 1= P2D2 - D2P2 + L}lGlLfl +
Ly G3Ly,.

Proof. Define the function H(z,w) : C"*™ — C"*™ by

. D1 0 z Al 0 fl(w) Bl 0 gl(w) U1l
We begin by proving that H is injective. For this, assume by contradiction that there exist

z 2 ntm | % 4 1ot :
o' | € crm, # e such that H(z,w) = H(2',w"), or, equivalently
/):|

2(2')

-y (2 B2 [ 2B

[0 s[5

Multiplying to the left by L’z w,} { P
oo [0 R CL o) {;—;} | Emvie)
[0 B [5EaE]) o

—(2 = #)"PD1(z — ') — (w — ) PaDa(w — w) + (z — ) PL Ay (fo(w) — fi(w))

+Hw—w') P Az (fo(2)— f2(2') +(2=2")" PLB1 (g1 (w) — g1 (w'))+(w—w')" P2 Ba(g2(2) —g2(2')) = 0.
(4.1.5)

that is

Taking the complex conjugate of this relation, yields

—(2 =2 )"D1Pi(z = ) = (w — w')" Da Po(w — w') + (fi(w) — fi(w'))* AT P (2 — &)
+(f2(2) = fa(2')" A5 Po(w—w') + (g1 (w) — g1 (w')) " BT Pr (2= 2") +(92(2) — 92(2))" By Pa(w—w') = 0.
Now, adding up (4.1.5) and @.1.6), we have o

(Z—Z,)*(—PlDl —Dlpl)(Z—Z,)+(U}—w,)*(—P2D2—D2P2)(w—w,)+(2—zl)*P1A1(f1 (w) —f1 (w’))




4. Dynamics of complex-valued neural networks (CVNNs) 79

+(fi(w) = fr(w") AT P (z = 2') + (w —w')* Py Aa(fa(2) — f2(2) + (fa(z) — fa(2'))* A5 Po(w — w')
(21— 22)" PuB1 (g1 (w) = g1 () + (91 (w) — g1 () B Pi(2 = 2') + (w = ') Py Ba(g2(2) — 92(2)
+(g2(2) — g2(2")* B3 Po(w — w') = 0.

From Assumption on the activation functions, we deduce that there exist positive diag-
onal matrices G, G, G3, (G4, such that

(fr(w) = fi(w') Gi(fi(w) = fi(w)) < (w — ') L} Gi Ly, (w — w'), (4.1.7)
(fa(2) = fo(2))"Ga(fa(2) = fo(¥)) < (2 = )" L}, GoLy, (2 — &), (4.1.8)
(g1(w) — g1(w")"G3(g1(w) — g1 (w')) < (w —w')" Ly GaLy, (w — w'), (4.1.9)
(92(2) = 92(2))"Ga(g2(2) — 92(2)) < (2 = &)L}, GuLly, (2 — ). (4.1.10)

Lemma [4.2]and relations (4.1.7)—@.1.10) allow us to write the following inequalities
(2—2"Y(=P1D1—D1P)(z—2" )+ (w—w')* (= PoDo— Doy Po) (w—w")+ (2 —2')* Py A1 (f1(w) — f1(w"))
+(fi(w) = fr(w')) AT Pi(z = 2) + (w —w') P Az (f2(2) — f2(2) + (f2(2) — fo(2)) " A5 Po(w — w')
+(z1 = 22)"PiB1(g1(w) — g1(w")) + (g1 (w) — g1 (w"))*Bi Pr(2 — &) + (w —w')" P2 Ba(g2(2) — g2(2"))

+(92(2) = 92(2))" B3 Po(w — w') <
(2—2")Y"(=P D1 —D1P)(2—2")+(w—w')* (= Py Dy — D2P2)(w—w')+(z—z')*P1A1Gf1A>{P1(z—z')
+(fr(w)— f1(w')*Gr(fr(w)— fr(w'))+(w—w')* Py A Gyt A5 Po(w—w')+(fo(2)— f2(2'))*Ga(f2(2)— f2(2))
+(2=2") " PLB1Gy ' B{ Pi(2—2)+ (g1 (w) =1 (w'))* G3(g1 (w) —g1 (")) +(w—w') Py Bo Gy ' B Py(w—w')
+(92(2) — 92(2'))"Galg2(2) — 92(¢)) <
(2 — 2/)*(=PiDi — D\ P + PLAIGT APy + PiB1Gy ' B{Py + L, GoLy, + LY, GaLy,) (2 — 2)

+(w—w')*(—PyDy— Dy Py+ Py Ay Gy ' A5 Py+ Py BoGy ' By Pa+ L G1 Ly, + L, GsLg, )(w—w') <0,
4.1.11)
where the last inequality is based on the following relations:

— PLDy — D1 Py + PLAYG AP 4 PLB Gy ' BY Py + Ly, G Ly, + LY, GaLy, < 0, (4.1.12)

— PyDy — Dy Py + Py AsGy ' APy + PyByGL ' By Py + L GiLy, + LYy GsLy, < 0, (4.1.13)

which can be immediately deduced from conditions (4.1.2)) and (4.1.3)), using Schur’s comple-
ment. We have thus obtained that

H(z,w)— H(Z,w'") <0,

in contradiction with our initial assumption. This means that function H(z, w) is injective.
Next, we will prove that ||H (z,w)|| — oo as ||(z,w)|| — oco. From @.1.12)) and {.1.13)),
we deduce that there exists a sufficiently small constant € > 0, such that

—P1Dy — D1 Py + PLAGT' AT Py + PLB Gy ' Bi Py + L, Go Ly, + L} GyLy, < —¢l,,

—PyDy — Dy Py + Py AGy ASPy + PaBoG ' By Py + L Gi Ly, + L GsLg, < —¢ly,.
Taking (2, w") = (0,0), and using (4.1.TT)) and the above relations, we have

o] oo =[] (-[5 p ]2+ [ A)ERE]1 [0 a) [55])-
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Z*(—=P\Dy — D1 Py + PLALGT ' A{PL + PLB1Gy ' Bi Py + L},Ga Ly, + L, GaLg, )2
—HU*(—PQDQ—D2P2+P2A2G2_1A;PQ—FPQBQGZlB;PQ—FL*lGlLfl-i-L;ngLgl)w < —€(HZH2+HU)H2).
4.1.14)
By applying the Cauchy-Schwarz inequality, relation (4.1.14)) becomes:

< VAP A+ [fwl [ ([1H (2, w) ] + [|H(0, 0)])

which immediately yields that ||H (z,w)|| — oo when ||(z, w)|| — oc.
Now, function H(z,w) satisfies both conditions in Lemma which means that it is a
homeomorphism of C™"*™ onto itself. Thus, the equation H(z,w) = 0 has a unique solution,

(P + ol < ]

| G - 0.0

and so system (4.1.1) has a unique equilibrium point, which will be denoted by [;}1 : O

We can now shift the equilibrium point of system (#.1.1)) to the origin, yielding

Qe

( )=—Diz(t—9) + Alfl( (1)) + Bigi(w(t — 7(t))) + Erz(t — (), t # te, t >0,
W(t) = =Dyt (t = 6) + Az fa(2(1)) + Baga((t — 7(1))) + Exw(t — (t)), t # ti, t >0,
2te) = Z(te) — 2(ty) = Jp(2(ty), &), k € 27,
A1) = (1) — Blt7) = JE0E). ), K € T
) (4.1.15)
—2,w(t) = w(t) — b, fr(w(t) = fi(w(t) +w) = fr(w), g (w(t —7(t))) =
gt —7(t) + @) — gi(@), f2(2(1)) = f2(2(t) + 2) — fa(2), Ga(2(t — T( ) = g2(2(t —
7(t)) + 2) — g2(2). From this point on, we will study the stablhty properties of the origin of
system (4.1.15)), which will be equivalent with the stability of the unique equilibrium point of

system (&.1.1).

Theorem 4.2. If Assumptionsd.1|and hold, the origin of the system (4.1.15)) is globally
w-stable if there exist positive constants 1, Y2, V3, Va, Such that

f1(t) <. infep—s0 () > . p(t —7(t)) > min{infsey—y g p(s), p(t —n(t))} >
(1) p(t) (1) p(t)

(4.1.16)
Vt > 0, and there exist positive definite Hermitian matrices Py, P», ()1, (Q2, R1, Ro, S1, So, T,
T, ... Ts, Uy, Us, Xy, Xo, Y1, Yo, Z4, Zs, positive diagonal matrices G4, G, ..., Gs, and any
matrices My, My, Ny, No, ..., Ny, such that the following LMIs hold

where Z(t) = z(t)

I — 3P, G — VG PG < 0, @1 >0, &y >0, 4.1.17)

\If{@qul < @1, \Ij;(—)Q\Ijz < @2, (4118)

where Hl,l = 2’71P1+2’71Q1—DlQl—Q1D1+R1+5251+T1—4’7277221—1—[/*2GlLfQ—FLZQGngZ,
Iy = Qg = PEy, I = —PiDy + Q1Dy, Iy 13 = D1Q1 Dy — 21 Q1 Dy, 1114 =
AyinZy, Uy o5 = PiAy, I og = Py By, oo = U+ X1 4+0°Y14+0* Zy — Ny — N{, Tl g = N1 By +
N5, Iy 7 = —=N1Dy — N3, Iz 13 = —Q1 Dy, Tlp 05 = N1 Ay + N3, Ilo 08 = N1 By + Ny, 133 =
X Ly = — (1) 2Us— N By — EiN2, Ty = EfNg+NsDy, o5 = —Ns A, — Ef N3,
My08 = —NsBy — EfNj, lI;7 = —v2Ry — NoDy — DiN3, Il13 = —D1Q1 Dy, Tl795 =
Ny Ay + DiN3, 798 = NoBy + D1 Ny, g s = —(1 — 74) 17 + L;QGng + L;2G4L92, Ilgg =

—G1—NgAy— AN, g 19 = —NgBy— A5N{, Ilg 17 = A5 Py, g 15 = ASNE+ Ng, 1o 90 =
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—A5N;y — N3Es, Tga3 = A3N; + NgDo, g 10 = —(1 — 7a)v3T2 — G, 111 = T3 — G,
H12,12 = —(1 —Td)VgTs — G4 — NyBy — BSNJ, H12,17 = B;-PQ, H12,18 = BSNG* + Ny, H12,20 =
—BSNTO — Ny Ep, H12723 = BéN%k + NyDs, H13,13 = 2'71D1Q1D1 - 7%51, H14,14 = —4%%Z1,
717 = 271 P+ 271Q2 — D2Qo — Q2 Do+ Ry + 625y + T — 4yin* Zy + L} GsLy + Ly, GrLy,,
718 = Q2 Ihizoy = PoEs, 703 = —FPaDy + Q2Ds, Iliz29 = DyQ2Dy — 271QQ2 Do,
Mizg0 = 4vinZo, isas = Us + Xo + n?Ya + n*Zy — Ng — N§, g0 = NeEs + Ni,
Migos = —NgDo — N2, Ilig09 = —Q2Ds, Ilig19 = —7iXa, Hag20 = —(1 — 74)73U2 —
NigEy — E5N3o, Tago3 = E3NZ + NigDo, Ilyg03 = —V3Ry — NyDy — Do N7, Tlgz09 =
—DQQQDQ, H24,24 = —(1 — Td)T2 + L}lGGLﬁ + L;ngLgl, H25725 = T5 — G5 — N3A1 — ATN;,

o508 = —N3By — AN}, Tggos = —(1 — Td)7§T5 — Gg, Haror = T — Gr, Ilggos =
—(1 — 74)¥3Ts — Gs — NyBy — Bi N}, Tag 09 = 271 D2Q2 Dy — v3.So, T3030 = —473 2o,
el —eg ey — €35
e + el — 2e” et + el — 2elt )
Cl - ! n 6_ n 15 Y CQ = 7 m 2_2 m 31 Y ef - |:0p><(i—l)p Ip Opx(32—i)p] ) 1=
€6 — €5 €90 — €91
eg + ey — 2els ehy + €51 — 2ex;
1,...,32, - o
Y, M Y, M,
@ — -— (I) —= J—
' {Mf Yl} e {Mé‘ YJ ’
- i 0] - [Ya 0
Yi= 0 3YJ’Y2_ {0 31/2}’

v, — [+ Fe —F,ngl o — {P1+Q1 —lel}
0 L, |’ —Di1Q1 D@Dy’

v, — | T IR —F;?DQ} o, = [P2+Q2 —QzDz]
0 I |7 —DyQy D2Q2Ds ]

Proof. Consider the following Lyapunov-Krasovskii functional

V(t) = Vi(t) + Va(t) + Va(t) + Va(t) + Va(t) + Vi(t) + Va(t) 4+ Va(t) + Va(t),  (4.1.19)

Vi() = (1) {w(é))} F; ; {w(éﬂ

where

Vi(t) = / O (BT )

T = diag(Tl, TQ, Tg, T4, T5, T6)7
o(s)=[2(s) f3(2(s)) B(3(s) @*(s) fila(s)) Gi(a(s)) ]
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tn(t) éi] [0 UJ [éi)}

g o
e Tl e
o [ o ) fons

The derivative of V (t) along the trajectories of system (4.1.13) at the points ¢ # t;, k € Z™,
1s
V(t) = Vi(t) + Va(t) + Va(t) + Va(t) + Vs (t) + Vis(t) + Vz(t) + Vis(1),

where

Vi) = BOMO ORS00 OR0] 1) (0P + 7 ()P
W (t) Pyt (t) + w* (t) Py (t)]
( ) 22" (8) PL2(t) + 2™ () Py (t) +

1

( DiE(t — 8) + Ay fi((t)) +Bign(@(t — 7(t))) + E1Z(t — n(t )))*Pli( )
+2°(1) Py (~DiE(t = 6) + A1) +Bada(t — 7(0) + Fa(t — (1))
+ (—Dgw(t — 8) + Ao fo(B(1)) + Badn(3(t — () + Exio(t — (t))) Pyii(t)

+0" (8)Py (= Daib(t — 8) + Ax fo(3(t)) + Bada(3(t — 7(1))) + Batb(t — (1)) )|
(4.1.20)

IN

Va(t)

(VAN
=
o
—~
~
SN—
—
[\
2
[
N
A
—
~
N—
|
=)
iy
—
| &+
(%)
A
—
V2)
S—
oY
Va)
N————
*
O
i —
VR
A
—
~
N—
|
=)
iy
—
| S
(%)
A
—~
V2)
S—
QL
V2
N————

+ (zb(t) — D, /t_éw(s)ds)* Q2 (W(t) — Dot (t) + Dyt (t — 5))} (4.1.21)

Va(t) = pP(DZ (t)RiE(t) — p*(t — 0)Z(t — 6) RiZ(t — 0)
+p? (1) 0* () Ry (t) — p?(t — 0)w* (t — §) Roti(t — 6)
< @) [FFORIE(R) — 2 (t— 0)RiZ(t — 0) 4+ w*(t) Row(t)

—3w* (t — 0) Ryt (t — 4)] (4.1.22)



4. Dynamics of complex-valued neural networks (CVNNs) 83

Vilt) = 0XA(0)F(1)SiE() — 6 /Mu2<s>z*<s>slz<s>ds
+62 2 ()™ () So (t) — 5/t 2 (8)1w* (s)Saw(s)ds

< w0 [rzwsiz0 - ([ 2as) s ([ )

Vs(t) = p2(t) X021 + f3 GO f(3(8)) + 65 (Z(8) Tiga(Z(8)) + @ (8) T (t)
(@) Tafo(@(t)) + g3 (@(t)) Taga(w(t))] — (1 = 7(2))p(t — 7(t))
X (25t = 7() T 2(t — (1) + f5 (20t = 7)) T1fa(2(E — 7(2)))
+95(2(t = 7())Taga(2(t — (1)) + @™ (t — () Tow(t — 7(t))
+f(w(t = 7)) Tefi(Z(E = 7(1))) + g (@(t — 7(2)) Tagr (@ (t — 7(1)))]
< WP ETOTER) + £ E))Tf(2(0) + g5(2(8) Tiga (1)) + @7 (8) Tow(2)
H (W) T fo((t)) + g5 (@(1)) Taga(w(t) — (1 — 7a)y32"(t — 7(t))Ta2(t — 7(t))
—(L = 7a)vs f3 (2(t — 7)) Ta fa2(t — 7(1)))
—(1 = 7a)95g5 (Z(t — 7(1))) Taga(2(t — 7(1)))
—(1 = )z (t — 7(t))) T (t — 7(t)))
—(L =7y fi (w(t — 7)) T fi(@(t — 7(t)))
—(1 = 7a)vs01 (@ (t — 7(t) Tagr (w(t — 7(1)))] , (4.1.24)

Vs(t) < p(t) [ (O)ULE() + 0" () Untis(t) — (1 — na)v32"(t — n(t)) U Z(t — n(t))
0 (t — () Uaio(t — n(t))] (4.1.25)

Va(t) < pP(t) [Z(0) X1 2(t) + (1) Xo(t) — 32 (t — n) X1 2(t — )
—y3w* (t — n) Xow(t —1)] (4.1.26)

t
P (1) Yo (t) — 13 / a*(s)m(sms] : (4.1.27)
t—n

2(5)2*(s) Z12(s)dsdb

=

o(t) = nted(3 (0 Z.5(1) — 2 /

0t P ()W () Zoo (t) — 2 12(8)0 (8) Zoth(s)dsdb

([ [ o) a ([ o)
oo ([ oo ] o)

IA
t
d
l\z
HN
l\z
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= 12(t) (7742*@)215(1&) — 442 (/0 (2(t) — 2(t +0)) d9>* A (/O (2(t) — 2(t +0)) d0)

-n -n

i (1) Zob (1) — 42 (/0 (d(t) — (¢ + 0)) d@) "2, (/0 (d5(t) — d(t +6) d&))

-n -n

= 12(t) (7745*@)215(75)—472 (né(t)— /ttnz(s)ds)*zl (nz(t)— /ttnz(s)ds)
0t * (t) Zyw(t) — 472 (mb(t)— /t;uv(s)ds)*zz (nw() /t;u?(s)ds>>, (4.1.28)

where we used the conditions in (.1.16) and Assumption 4.2] to obtain the inequalities in
(@.1.20)-#.1.28), Lemma [4.3] for the inequality in (#.1.23), and Lemma [.4] for the inequal-
ity in (.1.28).

Using Lemmas [4.6H4.7] we have that

- /ttnz*%s)m(s)ds S /ttn(t)éwsmas)ds—n [ semss

Y, 0
0 3N

IN

Z(t)+ Z(t —n(t)) — % i) 2(8)ds

| { e }
- - t—n(t
At =n@) + 2t —n) — = n(t) " n )z Z(s)ds| |0 3Y%;

0 [ 2t —n(t)) — 2t =)

~ ~ 2 t—n(t) ~

2t =n(0) + 2t =n) - = iy

_ ep| ] d-a v 0 e — e
n(t) [ef +ep —2ef| |0 3V e} +ep —2ely

] eg — ex “vi 0 eg — ex
t
=0 szg —2e?J 0 o L £ 0

*
n n

n A n n n
n n n n n n
e + ey — 2616 eg +er — el

= =& OGPGE®R),

IN

=& (1)

Y M

with the condition that ®; = { MY,

1 > 0, which is true by (#.1.17). Analogously, we can

prove that
- / i (5)Yaib(s)ds < —E(£)CPaCat (1),
t—n

with the condition that ®; > 0, which is true by @.1.17).

From Assumption 4.1| we deduce the existence of positive diagonal matrices Gy, Go, ...,
(s, so that

0 < Z°(t)L3,GiLpA(t) — f5(2(1)Gifa(3(1)), (4.1.29)
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0 < Z*(t = 7(t))L},GaLp 2(t = 7(t) = [ (2(t = T(1)Gafo((t = 7(1))),  (4.130)

0 < 2%(t) Ly, GsLg, 2(t) — 93(2(1))G52(2(1)), (4.1.31)

0<27(t = 7(t)) Ly, GaLg, 2(t — 7(1)) — g3 (2(t — 7(¢)))Gaga(2(t — 7(¢))), (4.1.32)
0 < @ (t) L}, Gs Ly (t) — f7 (@(1)Gs f1(@(t)), (4.1.33)

0 < @*(t — 7(t)) L, Gs Ly, (t — (1)) — fi(@(t — 7(1)))Gefr(@(t — (1)),  (4.1.34)
0 < w*(t)L,, G7Lg w(t) — g1 (w(t))Grg1(w(?)), (4.1.35)

0 <w*(t —7(t)) Ly, GsLg,w(t — (1)) — gi(w(t — 7(1)))Gsgu(w(t — 7(t))).  (4.1.36)
Also, for any matrices Ny, Ns, ..., N1, we have that
0 = [N +2(t = )Ny = F{ (@(t) No = Gi ((t = () Ny = £*(¢ = n(t)) Vs
x |2 - Dx(t =) + Afi@ () + Biga(@(t - 7(1))) + B2t = (1)

= —Z(t)N1E() — 27 (t) N1 D1 E(t — 6) + 2 () N1 Ay f1 () + 2 (8) N1 Bagin (a0 (¢ — 7(1)))
FE N EE(E — n()) — 2(t — 0)Nai(t) — 55(t — 6)NoDyZ(t — 8) + Z*(t — 6)NoAy fo (i (1))
+Z(t = O)No Bugi(w(t — 7(1))) + 27(t — 5)N2E13(t—77(t ) + f(@(t)) N3z (1)
+ 7 (@(t))Ns D1 Z(t — 8) — f5 (@(t))NsArfr((t)) — f(d(t))NsBaga (@ (t — 7(1)))
i (@ () NsExE(E — (1)) + 1 (@(t — 7(£))) NaZ(t) + g5 (@(t — 7(2))) NaD1Z( — )
1( (t = 7(0))NaAs fi(@(t) — 33 (@(t = 7(t))) NaBrg1 (0(t — 7(2)))
— g1 (@(t — 7(t)))NaEy Z(t — n(t)) + 27t —n(t )) N5z (t) + 2(t — n(t)) Ns D12 (t — 6)
—2*(t = n(t))Ns Ay fr(@(t)) = 2*(t = n(t))Ns Bagn (w(t — 7()))
—Z*(t = n(t))NsE Z(t — n(t)), (4.1.37)

0 = [@" (NG + 5" (t = 9)N; = 5 (Z(0)Ns = G5(E(t — 7(1)))No — " (¢ = (1)) Nao]

x | =ib() - Dt =)+ Aaa(3(8) + Bain(3(t = (1)) + Eyib(t — ()|
(1) Noth (1) — 1" ()Nt (0 — 8) + (1) No s o(2(1) + 1" (1) NaBBaga(2(t — (1))
)N Exto(t —1(t)) — w*(t — §) Ny (t) — @™ (t — 6) Ny Doy (t 5)+~.(t 0)N- Az fo((t))
t— 8)NeBagal5(t — (1)) + (¢ —§>N7E2w<t — (1)) + f3 (1) Neib (1)
()Nt = 6) — () Neafo(2(0) = FiGOINsBaga(¢ = 7(0)
() NsEaib(t — (1)) + Ga (3(t — 7(0))) Notb (1) + 5 (3(¢ — 7(£))) No Db
(t = m(O))No s o (2(1)) = G3(2( — () NoBofa((t — 7(1)))
(t = (1)) No (1 — (1)) + " (1 = n($)) Naot (1) + " (1 = (1)) Nro D (s )

(t (
))NioAa fo(2(t)) — w* (t — n(t)) NioBago(2(t — 7(t)))
£))Nio Exto(t — 1(t)).

)
)

Finally, by combining (#.1.20)-@.1.28), (@.1.29)-(#.1.36) multiplied by x*(¢) > 0, and the
conjugate of (#.1.37)—(@.1.38)) added to the initial relations, multiplied by p?(¢) > 0, we obtain

V() < p2(0)& () [T — G @1G — 15G Pala] (1), t # b, k € ZT, (4.1.39)
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1 t ~ 1 t—n(t) ~ %
— w*(s)ds g Jey W s)ds

and II is the matrix defined in condition (4.1.17). From that condition we have that IT —
VI D¢ — 3G Doy < 0, and thus inequality (#.1.39) yields

V(t) <0, Vt € [tr_y, tr) N [T, +00), k € Z*, T > 0. (4.1.40)

On the other hand, we have that

A(t) 0 0] | At
- e~
g s Z(s)ds 0 0 0|/  2(s)ds
ti’iéﬁ)(s)ds 0 0 0 ftikfaw(s)ds
. ’§<tk) ’ Ql —QlDl 0 0 . 2(tk’)
b Z(s)ds -D,Q, DyQ.D 0 0 b Z(s)ds
Volt) = u2(t ﬁkfi;Z(S) 11 D1y -
() =10 ) I Ay T
Li’ié w(s)ds 0 0 —DyQy DyQ2Ds ftik,(; w(s)ds

which, together with Assumption .3 written in the form

Z(ty) = (I, + F)E(t,) — FL Dy /tk Z(s)ds,

trp—0

W(ty) = (I, + F2)i(t;) — F2D, /ti W (s)ds,

tp—0
yield
. 'g(tk) " Pr+Q1 —Qi1Dq 0 0 . Z(tk)
k 3(s)ds| | —D1Q1 Di1Q1D 0 0 JiksZ(s)ds
Vit Vot — 2 tk_§z(5) 11 111 tr—0
)+ Wl =) | T 0 0  P+Qy —QaDy @ (tr)
_ftt:_d w(s)ds 0 0 —DsQ2  D2Q2Ds ftt:_é w(s)ds

*

[ (I, + F,g)z@,;t) — Dy [}* 5 5(s)ds
ft:_é Z(s)ds t

(I + FR)o(t;)) — FEDa [} 50(s)ds

i j;t:_(s w(s)ds

= pP(t)

Pi+Qi —QiDy 0 0 (In + FD2(t) = LDy [t 5 5(s)ds
—D1@Q1 D1Q1Dy 0 0 S5 Z(s)ds
0 0 P+ Q2 =@QaDa | | (L + FR)is(ty ) — FZDy [} si(s)ds

0 0 —D2Q2  D2Q2Ds [ sao(s)ds
-
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*

) In+ (F)" I 0 0
— 2t S5 2(s)ds ~Di(F})* 0 0 0
ARt ) 0 0 I+ (F)" Inm
Jis @(s)ds 0 0 —DuFQ) 0
[PL+Q1 —QiDy 0 0
" -D1@Q1 D1Q1Dy 0 0
0 0 Py+ Q2 —Q2Do
| 0 0 —D2Q2  D2Q2Do
L, + Fl ~F'Dy 0 0 “k)
y 0 I, 0 0 ftk 57
0 0 I, +F} —F!Ds (tk )
L0 0 0 I, ft’“ s W(s)ds
Z(t;) [P+Q —QiDy 0 0 2ty )
tr ~ b z
o (e | Js B | =D DDy 0 0 s A(8)ds
= k w(t;) 0 0 Py4+Qy —Q2Ds w(ty)
J;;kfmb(S)ds 0 0 —D2Q2  D2Q2D- J;ikf5w(8)ds

= Vi(ty) + Va(ty),

where we used condition (4.1.18). Also, we observe that V(t,) = V5(t, ), Va(ts) = Va(t,
Vs(tk) = Vs(ty), Vo(te) = Vo(ty), Va(ts) = Va(ty), Va(te) = Vs(ly), and Vo(tx) = Vo(ty).
Hence, we have that

Vte) <V(t), ke Z*. (4.1.41)

From (4.1.40) and (4.1.41)), we deduce that V' (¢) is strictly decreasing for ¢ > T'. This fact,
together with the definition of V' (¢), imply that

)

2

82 an

(0P|

<
< V(@)
< Vo, Vt=T,

where V5 = max V/(t). Consequently, we have that

[kl

o]l <3 20

2
o
<0 >0,
MQ(t))‘min(P)

£

or, equivalently,

for M =, /ﬁ(()P)' Now, Definition implies that the origin of the system (4.1.13) is globally
p-stable, thus ending the proof of the theorem. [

Corollary 4.1. If Assumptionsandhold, and 7(t) < 1, then the origin of the system
(4.1.15)) is globally exponentially stable if there exist positive definite Hermitian matrices P,
PQ, Ql; QQ, Rl, Rg, Sl, SQ, Tl, Tg, ey T(;, Ul, Ug, Xl, XQ, Yl, YQ, Zl, Z2, pOSiliV@ diagonal
matrices G, G, ..., Gs, and any matrices My, My, Ny, No, ..., Nyo, such that the conditions
@T16)—@1.18) hold, with v, = €, 75 = €™, 3 = €77, 4 = e, for some positive e.
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Proof. Let u(t) = e. Then, Vt > 0, we have

fu(t)
_ = g’
f1(t)
infsE[t—cS,t] :U’(S) e—c0
u(t) ’
,U,(t B T(t)) —eT(t) > e €T
pu(t) o
min{infep_pg p(s), p(t —n(t))} = min{e™" e—en(t)}
u(t) ’
> e .

Now, from Theorem 4.2]and Definition 4.2} we get that the origin of system (@.1.13) is globally
exponentially stable. [

Corollary 4.2. If Assumptions and hold, and 7(t) < 74, then the origin of the
system (A.1.13)) is globally power stable if there exist positive definite Hermitian matrices P,
P, Q1, Qo, Ry, Ry, Sy, So, T, T, ..., T, Uy, Uy, X1, Xo, Y1, Yo, 24, Zy, positive diagonal
matrices G, G, ..., Gs, and any matrices My, Ms, N1, No, ..., Nyo, such that the conditions
@.1.16)-@.1.18) hold, with v, = €, 72 = (1 —0)%, v3 = (1 — 7a)5, 74 = (1 — n)°, for some
positive €.

Proof. Let u(t) = t° fort > 1. Then, V¢ > 1, we have

& = £ <e,
p(t) t—
infoele—s 1(s) _ <1_§ 82(1—5)5,
plt) t
t—r(t )"
1( T()):(l_l) > (1 —1y)°,
p(t) t
min{infse[tfn,t] p(s), p(t—mn(t))} — min { (1 _ Q)i <1 — @)E} > (1—mn)°.
() : ’f
From Theorem §.2] and Definition .3] we infer that the origin of system (.1.15)) is globally
power stable. -

Corollary 4.3. If Assumptions and hold, and 7(t) < t — L, then the origin of
the system [@.1.13)) is globally log-stable if there exist positive definite Hermitian matrices P,
P, Ql, QQ, R, R, Sl, SQ, T, Ty, ..., Tk, Ui, Uy, X4, Xo, Y1, Yo, Z1, Zo, pOSitiV@ diagonal
matrices G, G, ..., Gs, and any matrices My, My, Ny, No, ..., Nyo, such that the conditions
@ 1.16)-@.1.18) hold, with v1 = &, v = 1/2, v3 = 1/2, 74 = 1/2, for some positive ¢.

Proof. Let ju(t) = In(et + 1). Then

L) £
lim 22— —0
D () e (et + Din(et+ 1)
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wu(t —0) . In(e(t=9)+1)
v p(t)  boee  In(et+1)

p 7)) o e r@) +1) (1)
t—oo  pu(t) t—00 In (et +1) ~t—oo In (et 4+ 1)

plt—mn) . In(t-—n)+1)

t—oo  pu(t) twoo  In(et+1)

)
which means that there exists 7' > 0 such that

(t
0

infoepp—sg pls) _ plt=90)

1(t) (1)
u(t —7(t))
1(t)

min{infse[t—n,t] IU’(S>7 :U’(t B T](t))} > M(t — 77)

pu(t) T ou(t)
Vt > T'. Theorem.2]and Definition[4.4/now give the global log-stability of the origin of system
@.LI5). O

Remark 4.1. In [225], the global asymptotic stability of complex-valued BAM neural networks
with constant delays was studied. The existence, uniqueness, and global asymptotic stability
analysis for delayed complex-valued Cohen—Grossberg BAM neural networks was discussed
in [202]]. Also, the existence, uniqueness, and exponential stability analysis for complex-
valued memristor-based BAM neural networks with time delays were the focus of [68]. Delay-
independent stability criteria for complex-valued BAM neutral-type neural networks with time
delays were established in [232]. However, the present paper greatly extends these results by
considering neutral-type impulsive complex-valued BAM neural networks with leakage delay
and unbounded time-varying delays, and giving delay-dependent sufficient conditions for the
global p-stability of the equilibrium point of such networks.

=.

<eg,

=

1
2’

1
>_7
-2

1
>_7
-2

Remark 4.2. The p-stability of this type of networks with constant leakage delay, mixed delay,
and impulses was analyzed in [39]. Papers [38,,219]] give sufficient conditions for the j-stability
of the equilibrium point of complex-valued Hopfield neural networks with unbounded time-
varying delays. Paper [62] discusses the same type of stability for complex-valued Hopfield
neural networks with leakage delay and unbounded time-varying delays. Our results extend
the ones in these papers by considering neutral-type impulsive complex-valued BAM neural
networks with leakage delay and unbounded time-varying delays.

Remark 4.3. The real-valued Wirtiger-based integral inequality was used in [222] to study the
dynamical properties of complex-valued memristive neural networks, which were split into
their real and imaginary parts. Its complex-valued variant was given without proof in [[113]], and
was used for the state estimation of complex-valued neural networks with two additive time-
varying delays. In this paper, we provide a proof for the complex-valued Wirtiger-based integral
inequality for the first time, and employ it to obtain sufficient stability criteria. Also, we provide
a proof for the complex-valued reciprocally convex combination inequality, which, to the best
of our knowledge, is used here for the first time in its complex-valued variant.



90 4. Dynamics of complex-valued neural networks (CVNNs)

4.1.2 Numerical examples

In this section, we will prove the efficiency and correctness of the obtained results by a series
of examples. The numerical simulations are done in MATLAB, and the LMIs are solved using
the effective YALMIP tool.

Example 4.1. Consider the complex-valued bidirectional associative memories given by system

(4.1.1)), where
20 ~[01+01¢ —02+40.1
Dl_[o 3]’ Al_[m—o.u —0.1 ]

B _[01+01 05 g _ [01-0.1 0
71014012 02]° 1 0 0.1+0.12]°

1 2=
ul_ —2+Z7
140 1 01—=2 01+0.1
Da = [o 3}’ A = [0.2+0.22 0.2—0.21]’

B, — 0.14+0.22 0.24+0.12 o 0.2—2 0
27103-041 —03+0.20]7 T 0 0.1]’

_12=3
2= gyl

1 1 e—2w
1 1 :

» = - = Vi=1,2
1 (w) T ow Ui (w) oz .2,
1 1 — e

2 2 .
A = : =— Vj=1,2
fj (Z) 1 6727 g] (Z) 1 67227 j Y Y

from which we get that

1/4 0 1/2 0
Lflsz2:|:é 1/4:|’ L91:L92:|:é 1/2:|

The leakage, time-varying, and neutral-type delays are 6 = 0.05, 7(¢) = 0.3t, n(t) = 0.4, so
T4 =0.3,1=04,1 =0.

Now, by applying Theorem [4.1] we obtain that system (4.1.1)) with the above given pa-
rameters has a unique equilibrium point if conditions (4.1.2)) and (4.1.3) are satisfied. These
conditions can be solved using MATLAB and YALMIP to get

P 0.4481 —0.0002 — 0.00012
1™ 1=0.0002 + 0.00012 0.3212 ’

P 0.2495 0.0003 — 0.00012

2~ 10.0003 + 0.00014 0.3185 ’
Gy = diag(1.0119,1.0122), G = diag(1.0132,1.0134),
G5 = diag(1.0349,1.0422), G4 = diag(1.0446, 1.0502).

We will take p(t) = t, and so y; = 1, 7o = 0.95, 73 = 0.7, 74 = 0.6. Applying Theorem
4.2 the equilibrium point of the system (4.1.1) with the same parameters is globally power
stable for (the values of the other matrices are not given for brevity reasons):

Gy = diag(0.2126,1.5381), G = diag(0.0204, 0.2485),
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G5 = diag(0.0270,0.2808), G4 = diag(0.2575, 0.7659),

G5 = diag(0.3509,1.6191), G = diag(0.0130,0.1347),

G = diag(0.0182,0.1719), Gs = diag(0.1362, 0.3814),
which satisfy conditions (@.1.16)—(.1.18).

Example 4.2. Consider now the complex-valued BAM neural network given by system (4.1.1]),

where
D — 20 A — —0.14+0.32 —0.14+0.22
=10 3|’ 7 1-02-020 02405 |’
B _ 0.5+ 0.1z 0.1z ~[0.1+0.2 0
P71 20.24052 0.1+050 1 0 0.24+0.12]

Pl —04+4+0.22 —0.1
B 12034012 —0.24+0.12

1 2=2
Uy = _2+3,L7

:|,tk:]€,k€Z+,

30 —0.5+0.12 —0.5
De = [0 5] o Az { —0.5 —0.5+0.1J ’
B _ [0140.20 02+401] . 0.3-0.L 0
27103402 03+0.2:07 72 0 —0.1+0.22/"

2= [—0.4 —0.22 —0.1—-0.2

= +
—0.3+0.1¢ _0_2_0_12} th=k, ke Z",

Y -3+ 2
2 3—1 |’
1 —e 2w 1
1 1 .
. = - . = Vi=1,2
fz (’LU) 1 e—2w ’ 9; (w) 1 6_w7 t ) &
1—e % 1
2 2 .
A = ; = Vi=1,2
fi(2) o2 i (2) T W=12

from which we get that

1/2 0 1/4 0
Lfl_LfQ_[é 1/2:|7 Lgl_ng_[é 1/4:|‘

The leakage, neutral-type, and time-varying delays are § = 0.02, 7(¢) = 0.5, n(t) = 0.3, so
74 =0,n7=0.3,ng = 0. We will take p(¢) = e, and so y; = 1,72 = 0.9802, 73 = 1, 74 = 1.
Applying Theorem [4.2] the equilibrium point of the system {.1.1)) with the above parame-
ters is globally exponentially stable for (the values of the other matrices are not given for brevity
reasons):
Gl = diag(0.2159,0.7085), G, = diag

( ) 0.0082,0.0888),
= diag(0.1934,0.7821), G4 = diag
( )
)

)

0.1297, 0.4889),
= diag(0.2885,0.9510), G¢ = diag )

G7 = diag(0.7641,0.8243), Gy = diag )

which satisfy conditions (.1.16)—@.1.18].

0.0087,0.0606),
0.1962,0.4878),

A~~~ I/~ I~







Chapter 5

Dynamics of quaternion-valued neural
networks (QVNNS)

Quaternion-valued neural networks (QVNNSs) are natural extensions of the extensively stud-
ied real-valued neural networks (RVNNs) and complex-valued neural networks (CVNNs) [[79].
While two-dimensional data can be successfully operated by complex-valued neurons, QVNNSs
are expected to be more adequate to process multidimensional information (e.g., three-dimensional
coordinates and color), by means of quaternionic neurons.

Quaternionic multilayer perceptrons have first been introduced by [4]], proving their effi-
ciency in quaternionic function interpolation and chaotic time series prediction [S]. Applica-
tions of QVNNSs also include color image compression [89], color night vision [104] and 3D
wind field modeling and forecasting [214]]. Compared to RVNNSs, [21] showed that QVNNSs
provide improved performance in polarized signal classification.

Up to this date, few authors have considered the theoretical investigation of dynamical prop-
erties of quaternion-valued neural networks, concentrating mainly on global behavior such as
global stability.

5.1 Multistability and multiperiodicity in impulsive hybrid
QVNNs with mixed delays

It is important to emphasize that in certain applications, such as associative memory storage
for pattern recognition [90, 35], neural networks are required to exhibit configurations of sev-
eral attractors (equilibrium states or periodic orbits), which store information and constitute
distributed and parallel neural memory networks. While in mono-stability analysis, sufficient
conditions are needed to guarantee the convergence of all trajectories to the unique attractor, in
multistability analysis, the networks are allowed to have multiple attractors. With the aim of
ensuring recall capability, the investigation of locally asymptotically stable equilibrium states
or periodic orbits (existence, number, regions of attraction) is the main focus point in the case
of multistable networks.

In the past decade, multistability and multiperiodicity in real-valued neural networks with
delays have been extensively studied, showing the coexistence of 2" attractors [85, 125 41,
235 150, 93]]. Improved storage capacity guaranteed by a configuration of 3" exponentially
stable equilibrium states has been achieved by [127]] and [126]], using non-monotonic piecewise
linear activation functions.

When it comes to complex-valued neural networks, significantly less multistability results

93
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have been obtained compared to the case of RVNNs. [83] analyzed multistability and mul-
tiperiodicity properties in complex-valued neural networks with discrete time-delay and one
step piecewise linear activation functions of real-imaginary type, showing the coexistence of 4"
locally exponentially stable equilibrium states/periodic orbits. Increased storage capacity has
been achieved in the case of CVNNs without delays by [84]]. Employing discontinuous activa-
tion functions, [112] obtained sufficient conditions for the coexistence of 9" locally asymptoti-
cally stable equilibrium states in CVNNs with time-varying delays.

We investigate multistability and multiperiodicity properties of impulsive QVNNs with
both time-dependent and distributed delays, significantly extending the results obtained by
(95,196, 97]. To the best of our knowledge, these are the first results concerning the coexistence
of several attractors in quaternion-valued neural networks. A very general theoretical setting is
considered: on one hand, impulsive effects are included to express instantaneous changes that
naturally occur in electronic networks, caused by frequency changes, switching phenomena or
noise [9]; on the other hand, time delays are incorporated to account for the lags in signal pro-
cessing and transmission, and the finite switching speed of amplifiers. The dynamical properties
of time-delayed systems are known to be much more complex than the behavior of non-delayed
dynamical systems, time delays being frequently responsible for unstable or oscillatory behav-
ior. Complementing time-varying delays, distributed delays reflect the whole past history of the
variables, proving to be more realistic and more accurate in real world applications than discrete
time delays [45].

The presentation in this section follows that in the author’s paper [176].

5.1.1 Main results

consider the quaternion-valued Hopfield neural network given by the following system of dif-
ferential equations

l‘,(t) = Za”f] l‘g +Zb’bjf] :L’] le( )))

+chf] (/ m]t—s)ds)Jrui(t), t#ty, i =1,n,
z(t;) = (tk), z(ty) =x(ty) + Je(x), t=tp, kEZ, (5.1.1)

where x(t) = (z1(t),...,x,(t))T € H"is the state vector at time ¢, D = diag(dy, da, . .., d,) €
R™", d; > 0, Vi = 1,n, is the self-feedback connection weight matrix, A = (a;;)1<i j<n €
H"™*™ is the connection weight matrix, B = (b;;)1<ij<, € H" " is the time-varying delay
connection weight matrix, C' = (¢;;)1<; j<n € H™*" is the distributed delay connection weight
matrix, f; : H — H are the neuron activation functions, Vj = 1,n, and u; : R — H are
the external inputs, which can be constants or w-periodic functions. The sequence of times
{tk}k€Z+ satisfies 0 =t < t1 <ty < --- < limk_mo t, = oo.
Every quaternion x € H can be written as

x:azR+$11+x‘]]+me,

where =%, 2!, 2/, 2 € R are the real components of quaternion x, and 1, j, Kk represent the

quaternion imaginary units, which satisfy :> = 7> = k? = 1y = —1. The product of two
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quaternions z,y € H is given by

vy = 2R —xy — Tyt KK
—l—(x y —i—xy —l—xy — 2%y N
+(zly? = aly™ 2Ty 4 2yl
+(a; y"* +aly? — 2Tyt + 2%y,

from which we can see that quaternion multiplication is not commutative, but it can be verified
that it is associative. The conjugate of quaternion x € H is defined as

E:xR—mIz—x‘]j—xK/{,

and the norm as

o] = VT = @ + @) + @)+ (@R
We assume that the activation functions f; can be written in the form
filw) = fi*(x) + fi (@) + fi (@) + f}* (2)r, Vo € I,

where fF, fI f/, fF - H— R, Vj=1n.
The initial conditions associated with (5.1.T)) have the form

x(s) = ¢(s), s € (-00,0],

where the function ¢ = (¢1(-), ¢2(-), ..., ¢n(-))T is piecewise continuous and bounded with
respect to the norm

[[lloc = max ( S |¢¢(8)|) :

=1n (—OO 0]

Denote M = {R, I, J, K}. System (5.1.1)) can be decomposed in the following way, VP €

ap () = —d]( +Z (ai; f5(;(t +Z bij fi(x;(t — 7 (¢ ))))P
P
+Z<cwf] (/ x]t—s)ds)) +ul (t), t #ty, i = 1,n,
z"(t;) = ="(t), 2"t =2 () + I (x), t=ty, keZ". (5.1.2)

In order to study the multistability and multiperiodicity of the above defined network, we
need a series of assumptions.

Assumption 5.1. The time-varying delays 7;; : R — R are continuously differentiable (w-
periodic) functions and there exist p;; > 0 and pi; € [0,1), such that 7;5(t) < py; and 7/;(t) <
Pl V>0, Vi, j =T,m.

Assumption 5.2. The delay kernels K;; : [0,1) — [0, 1) are bounded, piecewise continuous,
and satisfy

/ Kij(s)ds = 1 and 3y > 0 such that / K;j(s)et*ds < oo, Vi, j=1,n. (5.1.3)
0 0
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Assumption 5.3. The jump operators Jy, = (Jy1, Jia, - - -, Jrn)? are defined on the following set
of functions: {u : (—oo, tx] — H"|u is piecewise continuous on (—o0, 0], w is left continuous
on [0,ty], with first kind discontinuity at t;, and w is differentiable on every interval (t,_1,1;),
1 <1< k}. We will require that

Jr(ug) = 0 for any constant function uy. (5.1.4)

For example, we may consider jump operators of the following forms (or their linear combina-
tions):

(i) Jp(x) = [ Bi(s)a(s)ds;

tp—1

(ii) Je(x) = [* B2(s)[x(s) — x(ty)|ds;

lk—1
(iii) Jo(w) = > Byle(t)) — ()],

where B} : [ty_1,11] — H™" and B} : [ty_1,t;] — H"™" are measurable and essentially
bounded functions and B}, € H"*".

Denoting J(1) = (1,00), J(—1) = (=00, —1), and Jy(z) = J(zB) + J(z1)r + J(z7) +
J(z®)k, for every € € {£1 4 12 & 17 + 1x}™, we define the rectangle

A, = Ju(e1) X Ju(ez) X -+ x Ju(en).
For example, Jy(—1 + 12 — 1+ 1k) = (—o0, —1) 4+ (1,00)2 + (—o0, —1)7 + (1, 00) k.

Assumption 5.4. The components of the activation functions [} are bounded: |f[(s)| < 1,
Vs € H, VP € M,Vj = T,n,

Assumption 5.5. There exists « € (0,1) such that the functions ij satisfy ij (s) > o, if
sP>1, andfjp(s) < —qifsPf <-1,¥seH,VP e M,Vj=1,n.

Assumption 5.6. Forany k € Zt and e € {£1+ 1li+ 1)+ 1k}", if p(t) € AL fort < ty, then

Assumption 5.7. The activation functions ff are globally Lipschitz continuous. Moreover, 5f
denotes the Lipschitz constant, i.e., |f] (u) — fI'(v)] < B'lu —v|, Yu, v € H, YP € M,
Vi=Tmn.

Assumption 5.8. With the notations from Assumption the following inequalities are satis-
fied:
]

1_P;j

1,n.

Q
v

Q
v

+ +

a C

YY Y

i=1 PeM QeM

Because pj; € [0, 1), we can also deduce that the following inequalities hold.:

Sy Y

i=1 PEM QeM

Q

cg)ﬁf<dj, Vj=1n.

ag—l-
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Assumption 5.9. Forany k € Z" and e € {£1+ 11+ 1)+ 1k}", there exist vy, > 0 and 6, > 0,
such that if o(t), Y (t) € A, fort < ty, we have

14(2) = ()], < e llplt) — bt + / " lels) — (sl ds.

In particular, if (t) = ug € A., we have

ty
[Te(@) Il < v llp(tr) — woll +5kz/ [(s) — uol|, ds.
tk—1

Assumption 5.10. The following inequality is satisfied:

etolti—ti—1) _q
C—sup—Zln(1+7]+5 )<,u0,

kez* Ho

where 11y € (0, p] is chosen such that the following inequality is satisfied:

eNOpjz
uo—d+ZZZ\ +ZZZ\ Bl
j=1 PEM QeM j=1 PEM QeEM
ST Y| ( [ d> <o Vi=Tn (15
j=1 PEM QeM
This choice is possible due to the fact that the functions
e UpPj4
Fi(u) w—c”ZZZ\ +ZZZ\ B
j=1 PEM QeM j=1 PEM QeEM
S Y o ([ Kuteas) =
j=1 PEM QeM
are continuous and satisfy
n i
— Q Q p
=—di+> > > Gi| ]| <0,
j=1 PeM QeM Jr

based on Assumption

In what follows, PC(]0, L], H") denotes the space of left continuous functions defined on
the interval [0, L], with values in H", having discontinuities of the first kind only at the points

{tk}eez+ N[0, L].

Assumption 5.11. The jump operators Jy, = (Jy1, Jya, - - -, Jrn)? + PC([0, 3], H") — H" are
continuous.

Assumption 5.12. Considering p > 0 such that [0, w] N {t; }rez+ = {to,t1,...,tp}, we assume
that ty, =ty + w and Jyp(x) = Jp(x), for any k € Z* and any w-periodic function .
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Assumption 5.13. The external inputs satisfy:

()] < (@f+bf+ca—di— > (a§+b§+c§>
QeEM\{R}
—ZZ(ag+b?j+c§),vpe/\4,\ﬁ:1,_n,\ﬁeﬂza. (5.1.6)
J#i QEM

Assumption 5.14. Forany k € Z*, P € M, e € {£1 + l1 + 19+ 1k}", and i = 1,n, there
exists M, > 0 such that, if o(t) € A, forany t < ty, then 0 < el JF(p) < M[..

Lemma 5.1. For any x, y € H, we have that

(@)™ < [ ly™] + [« '] + |27} o] + [« "]

Y

)] < [ o] + 2" |y + |27} [y + [« [y
[@y)’| < |2 |y + [ [y ™[+ [ "] + =" | ]
() [ < ™[y + |2 ly”] + |27 ][] + |2" ][]

Moreover, if we denote M r = {(R, R), (I,I),(J, J),(K,K)}, M;={(R,I),(I,R),(J,K),(K,J)},
My ={(R,J),(I,K),(J,R),(K,I)}, Mg = {(R,K), (I,]),(I,J),(K,R)}, the above in-

equalities can be written compactly as

@< X o], vPem
(Q.8)eMp

Proof. Using the product of quaternions,

vy = afyR eyl — oty — K
(2RyT 4 2Ty 4+ aTyE — 2Ky )
Py — 2ly® 2Ty R 4 2Ky
F(zPByK + aly? — 2Tyl + K yR)k,

we can easily obtain the inequalities above.
Also, we can write

(zy)F = Z nost®y®, YP € M,
(Q,S)eMp

where 1gs € {#1} is the sign of the product z9y°, V(Q, S) € M p. From this, we can deduce
that
@ls X ], vPem
(Q’S)GMP

5.1.1.1 Multistability analysis

A solution x : (—o0,T') — H" of (5.1.1)) with the initial condition x(s) = ¢(s), s € (—o0, 0],
is piecewise continuous with first kind discontinuity at the points ¢, < 7', left continuous at
each t;, < T, and differentiable on the open intervals (tg, tx+1) C (0,7).
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In this subsection, the external inputs are considered to be constants. A steady state z* =
(z¥, 2%, ..., 2%)T € H" of (5.1.1)) corresponding to the input u = (uy, ug, . .., u,)" satisfies

0 = —dix?f%—Zaiij +Zb”fj
+ZCUfJ< / )—i-uz', i=1,n,

' = x" +Jk< ), kecZ".

Taking into account the fact that the delay kernels K;; satisfy (5.1.3) and the jump operators J;,
satisfy (5.1.4), the above system is equivalent to

—diw + Y ag fi(a) + Y by fi(ah) + Zc”fj )+u; =0, i=T1,n,
j=1 j=1

which, in vector form, can be written as
— D"+ (A+B+C)f(x") +u=0, (5.1.7)
where f(x) = (fi(x1), fa(z2), ..., falzn))".

The following lemma provides a bound for the set of steady states of (5.1.1)) corresponding
to an input u:

Lemma 5.2. If Assumption is fulfilled, then, for any input vector v € H", the following
statements hold:

i. There exists at least one steady state of (corresponding to u) in the rectangle
ﬁ — ML MR [ Mi[aMﬂ 2+ [_Mz'J7MiJ} I+ [_MiK7Mz‘K} R)
i=1

of H", where
- <|uﬂ+;%(ﬁ

ii. Every steady state of (5.1.1)), corresponding to u, belongs to the rectangle A,, defined
above.

)) VPeM, Vi=T1,n

Proof. The set of steady states of (5.1.1) corresponding to u are given by equation (5.1.7),
which is equivalent to

x=D"'(u+(A+B+C)f(x)).
Define the function i : H* — H", h(x) = D ' (u+ (A+ B+ C)f(x)). For any x € H",
P € M, and i = T, 7, based on Assumption [5.4] we have

@) = d%(uffz((aijfj(%))PJr(bz-jfj(flfj))PJr(Cijfj(xj))P>>‘

1

< Tl X (Jad] gl <)) I
’ Jj=1(Q,S)eMp

< %(}uﬂ#—ZZ(aQ b3+cg>> M},
! j=1 QeM
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where we used Lemma for the inequalities. Therefore, h(H") C A,, which proves ii.
Moreover, one gets that h(A,) C A,, and, as & is a continuous function, Brouwer’s fixed point
theorem guarantees the existence of at least one steady state of (5.1.1)) corresponding to u in
A,, so statement i. also holds. O]

The main result concerning the existence of 16™ steady states for system (5.1.1) is presented
in the following.

Theorem 5.1. Suppose that Assumptions[5.4] and hold. Then, the following statements
hold:

i. Inevery rectangle A., ¢ € {£1+ 11+ 1)+ 1k}, there exists at least one steady state of
(5.1.1) corresponding to input u.

ii. IfAssumption is fulfilled, then every A., ¢ € {£1 + 11 £+ 1) £+ 1k}", is invariant to
the flow of system (5.1.1).

iii. Moreover, if Assumptions and hold as well, then the steady state of
(3.1.1)) corresponding to the input u, lying in the rectangle A, ¢ € {£1+ 11+ 1)+ 1x}",
is unique, it is exponentially stable, and its region of attraction includes A..

Proof. Let u satisfy (5.1.6) and e € {+1 + 12 £ 15+ 1x}".
i. Consider the function h : H*” — A, defined by

h(z) =D ' (u+ (A+B+C)f(x)),

and the rectangle A, given by Lemma For x € A., we have that Pz > 1, VP ¢
M, Vi =1, n, and therefore, based on Assumptions and [5.5] we have

i hi (x) = %P (Z ((aij + bij + cij) ()" + Uf)

j=1
ef
= dL Z Z nes(a; +bQ+CU)fS(:vj)+uP
¢ 1(Q,S)eMp
R P S (% 2
’ QeEM\{R}
S 90 o (/RTINS B)
Jj#i QEM
> 1,

VP € M, Vi = 1,n. This means that h;(x) € Jy(;) for any i = 1,n, and, therefore,
hi(x) € A.. We have just proved that h(A,) C A. N A, and, based on Brouwer’s fixed point
theorem, we obtain the existence of at least one steady state of (5.1.1)) corresponding to the input
win A, N A,.

ii. Consider an initial function satisfying ¢(s) € A, for any s < 0 = #,. Assumption [5.6]
provides that z(t) € A., where x(t) = x(t; ¢, u). Hence, there exists 7 € (tg,t;) such that
x(t) € A, forany t € (tg, 7).

Assuming that z(7) € A,, there exists i € {1,2,...,n} and P € M such that 27 (7) =
el’. Based on (5.1.6) and Assumptions|5.4|and we have
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ejx] (1) = € <—di€f)+2(aijfj(%‘(7)))lp + > (b filai (m = 7i5(0)))”
n - N P
+Z(c”fj (/ :xjr—s)ds>> ~|—uf>
j=1
> —di+ (afroErcBa— Y ([ag 2)
QEM\{R}
> ([a @) = [uf|
j#i QEM
> 0.

Therefore, the function eX’z! is strlctly increasing on some small interval (7 — 6, 7] C (to, 7).
Hence elzl(t) < elal (1) = (811-3> = lforanyt € (7—0, 7). Thisis absurd, as z;(t) € Ju(e;)
forany ¢t < 7.

It follows that x(t) € A, for any ¢t € (to,t1] and, by mathematical induction, it can be
similarly shown that x(t) € A., for any ¢ € (ty,tx41], k € Z7.

Hence, the solution x(t; ¢, u), with the initial condition ¢(s) € A, for any s < 0, will
remain in A, for any ¢ > 0.

iii. For the proof of uniqueness, suppose the contrary, i.e., there exist two steady states
y € A,, x # y of (5.1.1). Based on Assumption for every i = 1,n and every P € M, one
has

n

Z(@ij(fj<$3) fi(y;)) +Z i (fi(25) fj(yj)))P

Jj=1

+ Z (i (fi(x;) = fi(y))"

P Pl _
di‘xi _yi| =

SN I

c >5f|$j — ]

Therefore, using Assumption [5.8] we get

Zdi‘wi_yi’ < ZZdi’xf—yﬂ
i=1

i=1 PeM

>3 (3 (s +

1 j=1

=zzzz<

=1 i=1 SeEM QeM
< Zdﬂ%’—%\,
=1

which is absurd. Therefore, there exists a unique steady state of (5.1.1) corresponding to the
input u, lying in the rectangle A.. It will be denoted by x**.

IN

Q
ij

)z

+ |2]) 81 - il
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Let us prove that ¢ is exponentially stable and its region of attraction includes A.. Con-
sider the initial function ¢(s) € A,, for any s < 0. From ii. we get that x(¢; ¢, u) € A, for
any t > 0. Fort > 0, t # t;, we have

D¥fai(t) — o = 3 I e

> T;(fﬁf_f% ( iy (£) + Y (i (1))
PeM v g =1
+30 Gttastt — @) + 3 (et ([ Kaoheste - 105)) w)
= 2 ﬁ;f%f;iii, ( i (22 = 227) + 3 (o (a5(0) = f(a))"
pPem " i =
2 (b (fy(s(t = 75(0) = £3(5)))"

IN
|
S
§

W-s 1Ty Y

PeM j=1 (Q,S)eMp

Q S‘ ) _WE
zy B x] ZE]

BS/ s) |xj(t —s) —a \ds)

BE |aj(t) — x<

2 |2 (t — 7 (t) \+ e

— —d |t —ﬁﬂ+§:§:§:<aQ

ij
j=1 PEM QeM

b2\ BY |zt — i;(t)) — 2| + |

ij

o [ Ko oyt ) = a2 ds).
0

Denoting w;(t) = e*o! |x;(t) — x°|, for t > 0, t # t;, we obtain

DTwi(t) = powi(t) + " D |ai(t) — x|

(o~ d, +ZZZ(

j=1 PeM QeM

IN

P
z]Bw]

TP (t — 7iy(t)) + |

@P /OOO Kij(s)er%w;(t — s)ds) )
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Denoting by 6;; the inverse of the strictly increasing function ¢ — 7;;(¢), we consider the
function V' : R, — R, defined by

j=1 PeEM QeM

n

ro | tT e wj<(§i<s>>d8
+;§AQ§A‘C§ j/o Kj(s)eto® (/tswj(u)du>ds>.

Fort > 0, t # t;, we obtain

n

DV(t) = > (Drwi(t)
DI

j=1 PeM QeM

P hops; ( w;(t) (1 —75;(t))w; (T — Tz’j(t)))
’ L=/ (05(t) 1= 75(04(t — 75(2)))

DD 5P/ Kij(s)er* (w;(t) — wj(t—s))d5>
j=1 PeM QeM
< 3 (- a0+ 35 5 g
i=1 j=1 PEM QeM
- cHopij
+ —wj(t)
;P%/:vlcg%;/t 1 (035()
+ZZ Z Cij BP </ Kij(s)et” ds)w]()>
j=1 PeM QeM
< Z(uo—mzz e
j=1 PeM QeM
Y S
j=1 PeM QeM
DI (/ Kji(3)6“°5d8)>wi(t)
j=1 PeM QeM
< 0.

Hence, the function V' is strictly decreasing on every interval (¢, tx11), and therefore V (t) <
V() for any (ty, tri1]-

Moreover, from Assumption and taking into consideration that > " w;(t) < V/(t) for
any t € R, we have
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dowilti) = et fla(hl) -zt

i=1
= "% ||x(ty,) + Ji(x) — 27|,
ti
< (14 ) o(t) — @, + 6 / et |1z (s) — 2, ds
te—1

n th n

= (1 —|— ”}/k> Z wl(tk) + 5k/ 6:“‘0(15]@*5) Z wi(s)dS
i=1 t—1 i=1
n t

< (L) ) wilte) + 5k/ "tV (5)ds
i=1 te—1
n tr

< () wlt) V() [ et
i=1 b1
n eﬂo(tk—tkfl) -1

= (14+ %) Z w;(ty) + Oy Vit ),
P Ho

and hence
Vi) = ) (wilt)
i=1

I

j=1 PeM QeM

o oom [ w; (s)
Fy e /t;—m(tz) mds
B E E el [ o ([ woia) o)
j=1 PEM QEM 0 e
(1+ ) (i [wi(tr)
=1
W wi(s

ISP ;

j=1 PEM QeM
P OOKU wos ([ i (u)d )d
B; /0 (s)e (/tk_sw (u)du 3])

n

IN

n
DI
J=1 PEM QeM

ero(tr—tr—1) _ 1

+0, " V(tZ—J
eto(tr—th—1) _ 1 N
= (1 + ’}/k) V(tk) + 61@ 0 V(tk—1>

eto(tr—tr—1) _ 1
< (1 + Vi + O p ) V(tlj—l)'
0
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Using Assumption [5.10] we obtain

k mo(tj—tj—1) _ 1
V() < V() H<1+7j+5j6 )
Ho
j=1

k eto(ti—tj—1) _ 1
< (1+70)V(0)H(1+7j+6j )

=1 Ho

< (14 70) V(0)e™.

Moreover, we have

n

V() = Z(I%(O)—x?’5|

i=1

0 S U,
eﬂopu / et |xZ/(S) — xi |d5
—7;5(0) 1- Tij (Qlj (8))

0
BP s)ero® (/ et |y (u) — 23| du) ds)

j=1 PeM QeM

DI

2]

j=1 PeEM QeM —s
n n 0 1o
e 20 % 95 p ol (Y e
i=1 j=1 PEM QeM —7i5(0) L- Tij( ij(s))
1 /OO
Q s
| — K;;(s)er ds—l))]
oo ([ o
~ - 0i3(0)
SRR N R 95 9 I Sl {1+ PRl i
i=1 j=1 PeEM QeM 0
1 /°°
Q s
+les| — K;j(s)et ds—l))].
o ([ ms

For any t € (ty, tx+1], We obtain
V() <V(t)) < Al — 2|l e < Aflp — x| e,

where

"2 0i3(0)
"+Z Z 5}3( b e“op”/o eto (=i (W) gy 4
i=1

=1 j=1 PeM QeM

([ )]

A = (1+%)

+ |¢;

ij

Finally, it follows that
|2:(t) — 2] = e Mol (t) < eV (1) < A — & eSTHO,

Vt > 0, Vi = 1, n, which, taking into account that ¢ < i (by Assumption |5.10), means that
x(t; ¢, u) converges exponentially to x**. O
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5.1.1.2 Multiperiodicity analysis
In this subsection, the external inputs are considered to be w-periodic functions.

Lemma 5.3. The function x(t) = (x1(t), zo(l), ..., z,(t))T is an w-periodic solution of (5.1.1)
if and only if it is an w-periodic solution of

xi(t):/owGi (t— m ) ds+ZG ( { ]wtk> (),

forany 1 = 1,n, where

Hi(z)(s) = Zawfj (s +Z bij fi(x(s—7(s +Z ¢ijli (/ Kij(u)z;(s —u)du) +u;(s),

7j=1

PR B (e N EP R
\u,s) = )
ediv — 1 edi(s*“), fo<u<s<w

and [-] denotes the integer part.

Consider the Banach space of piecewise continuous w-periodic functions
X={z:R—>H|xe PC(0,w],H"), ®(t+w) = x(t), Vt € R},

endowed with the norm

(ed| —Z sup |z;(t)],

ltGOw

and define the operator U : X — X, given by U(x) = (U (z), Us(x), ..., U,(x))T, where

Ui(a:)@):/;(;i (t— m ) ds+ZG (t—{ ]w tk) Jilx), Vi = 1,n.

It follows from Lemma 5.3|that z(¢) is an w-periodic solution of (3.1.1) if and only if it is a
fixed point of the operator U.
Forevery ¢ € {+1 + 12 £+ 15 £+ 1x}", we define the closed convex set

K.={xcX|efal >1, Vt € R, VP € M, Vi =1,n}.
The main result of this subsection will be obtained using the following fixed point theorem:

Theorem 5.2 (Leray—Schauder). Let X be a Banach space, K C X a closed convex subset,
B C K a bounded set, open in K, and x( € K a fixed element. Assume that the operator U :
B — K is completely continuous and satisfies the boundary condition x # (1 — \)xo+ AU (),
Vo € OB, A € (0,1). Then, the operator U has at least one fixed point in B.

Moreover, the following compactness criterion will be used (based on Lemma 1.6 from “D.
Bainov, P. Simeonov, Impulsive Differential Equations, World Scientific, Singapore, 1995.”).

Lemma 5.4 (Compactness criterion). The set F C X is relatively compact if and only if the
following hold:

1. F is bounded, that is, there exists ¢ > 0 such that ||x|| < ¢, for any x € F;
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2. F is quasi-equicontinuous in [0,w|, i.e., for any ¢ > 0 there exists 6 > 0, such that
forany x € F, 1l € Zt, Ty, Ty € (t;-1,t] N [0,w], such that |Ty — Ty| < 0, one has
la(Ty) - 2(T2)]], < e

Lemma 5.5. Let ¢ € {1+ 11151} If Assumptions|5.2}[5.7} and[5.11|hold, the operator
U is continuous on K..

Proof. Letx, y € K.. Using Assumptions[5.7]and[5.2] and Lemma 5.1} we first evaluate:

1] (@)(s) ~ H (v ZZ!%

(Q,S)eMp
£ Y [ 5 st - ) — £ s o))
J=1(Q,S)eMp
fS (/ Kij(w)x;(s —u)du)

DY
—f7 (/0 Kij(u)y;(s — U)du) ‘

17 (25(5)) = £ (9(5))]

ZJ
=1 (Q,S)eMp

3

< (G 2|) 85 Nl —yll, vP e M,
J=1(Q,5)eMp
from which we get that
[ Hi(@)(s) - )| < Z pIPD (|ad 2|) 87 e~ yll.
j=1 PEM QeM
The function G;(u, s) is positive and it can be easily seen that [;° G;(u, s)ds = + and G;(u, s) <
%1, for any u, s € [0,w]. Therefore, for any ¢ € [0,w), we obtam

Ui(2)(t) — Ui(y)(t)| < /Ow Gilt,s) [Hi(x)(s) = Hi(y)(s)| ds + ) Gilt,ta) | Jua(@) — Jua(y))]

k=0
(I

2|) 87 |l — yl

o
IIM3

™

N

j=1 PEM QeM
ediw p
oy D (@) = ()],
k=0
and hence
n n 1
JU(@) - < 333> (e +|@]) 8 eyl
i=1 j=1 PeM QeM t

- ZHJk W)l

Based on the continuity of the operators J;, given by Assumption |5.11] we obtain that the oper-
ator U is continuous on K. O
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Lemma 5.6. If Assumptions[5.4) and|5.14\hold, for every ¢ € {1+ 11+ 17+ 1k}",
the operator U maps K into itself, i.e., U(K.) C K..

Proof. Lete € {1 £ i £ 13+ 1k}" and z(t) = (z1(t), 22(¢), ..., 2,(t))T € K.. Based on
Assumptions[5.4][5.5] and[5.13] we have, VP € M, that

n

e H (z)(s) = ¢ (Z (aij fi(z;(s +Z (b f(z (s — 735(s ))))P

J=1

+Z (c”fJ (/ u);(s —U)dU))P +Uf~3(5))

= (X s (a5 + s 7))

J=1(Q,S)eMp

Qs (/ Ky (u )%(s—u)du)) +ul(s ))

> (aii%—bg%—cii)a— Z (ag S)
QeEM\{R}
=00 (Ja2] + 2]+ |e8]) — [er o]
i#j QeEM

> d;.

Using Assumption [5.14]as well, it follows that

ePUl (z)(t) = /Ow Gi (t— Lﬂ w s) Pl (x ds—l—ZG (t— { 1&) tk) el Jh(x) > didli = 1.

Hence, U(K.) C K.. O

Lemma 5.7. Suppose that Assumptions|[5.4) and hold. Lete € {1+ 11+ 1)+
1k}" and x. € K., the constant function defined by x.(t) = ¢, for any t € R. If there exists
x € K.and )\ € (0,1) such that

= (1= Nz + \U(z), (5.1.8)

then | — x.|| < R, where

Zl+bZ’L+Z’L
noys o | (A S g

i=1 PeM

Proof. Assume that x € K. and A\ € (0, 1) satisfy equation (5.1.8). Hence

wP(t) — P = A[UP(m)(t) — P, Vt € [0,w), VP € M, Vi=Tn

7

Since © € K., it follows that ez (¢) > 1, forany t € [0,w), and so, e (zf (t) — €f’) > 0, for
any t € [0, w). Therefore, for any ¢t € [0,w), P € M, and i = 1, n, we obtain:

[22() — F| = |eF (P (8) = eF)| = <F (P (8) — <F) = £PA [UP @)(8) — <] = A [P UP () (t) — 1]
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Based on Assumptions [5.4] [5.5] and [5.13] we evaluate

ei H (z)(s) = €ZPZ(az‘jfj(xj(s)))PerDZ(bz‘jfj(fcj(s—Tij(S))))P

Jj=1

+€fi (Cijfj </OOO Kij(u)z;(s — U)du)> + &) u) (s)
>3 (| 3|) + el

Jj=1 QeM
< (1+a) (aff + b+ cff) — d;.

Using Assumption as well, for any ¢ € [0,w), we obtain

IN

Q
b2 +

PUR(@)(1) = / T Gilt, )P HE (2)(5)ds + 3 Galt, )=l I (2)

k=0

w p
< [(1+4a) (ag + b+ cﬁ) — d;] / Gi(t,s)ds + Z Gi(t, ) M
0 =0

1+ a) (af + bt + & diw P
(+9) ) _14_¢ S Mk

- dz ediv — 1 o
Hence, for any ¢ € [0, w),
1 R pR 4 B
o0 <f| = A [FUP @) - 1] < CEDE RN | e ZMIW

and

|l — x| = Zsup |zi(t) — &il

i—1 t€0.wW]

ZZ sup :EPt 5P|

i=1 Pe/vtteow]

(1 b
< ZZ +Oé a“j— zz+czz)_2+edw_ ZM]%

i=1 PeM

IN

O]
Theorem 5.3. Let ¢ € {1+ Lo+ 1y+ 1k}" I]‘Assumptzonsn - . H and-hold

&

|l — x| < R}, wzth e and R glven by Lemmal5.7}

Proof. Based on the Leray—Schauder theorem and Lemmas we only need to show that
the operator U : B, C K. — K, is completely continuous.

Consider  C B. a bounded set. We will show that U(2) is relatively compact, using
Lemma[5.4l

Based on a similar argument as in the proof of Lemma for any & € B., we have
(14 a) (aff + bl + cf) e

—14

p
P - e
d; edi 1 > MG e o,w), Vi=Tn,

k=0

Ui (®)(t) <




110 5. Dynamics of quaternion-valued neural networks (QVNNs)

and hence

|U:(x sgz

Therefore, the set U(£2) is bounded.
To show that U((2) is quasi-equicontinuous in [0, w], consider x € Q,1 € {1,2,...,p+ 1},
and T, Ts € (t;-1,t;] N [0, w], and evaluate:

i ediw — 1

R d;w p
(o) (@ +bf+c) | e ZMii]-

U (2)(1h) = U (2)(T)| <

/0 " G(Th. 5) — Gu(Ty, )] HE ()(s)ds

+Z i(Th,ty) — Gi(To, ty)] I (2)

< [0 (@l 4 el — ] [ 16T - Gl o) s

p
+Z M| Gi(Th, te) — Gi(Ta, )] -

k=0

On one hand, it can be easily seen that
v 2 d;w di(w—|Th—Tz|) d;|T1—T3|
/0 ]Gi(Tl,s)—Gi(Tz,s)]ds:m[e +1—e —e |

On the other hand, we have

p -1
Z M 1Gi(Th, te) — Gi(Ta, t)| = edzw — M5 ettt — gdilott=T2)
k=0 k=0
+ZMI<I:Z ‘edi(tk*Tl) . edi(tk*T2)|
k=l
P dity | —d; —d;T,
< ZM Fleah |
S die iw

ediw — 1

Z MEedte | Ty — Ty .
k=0

Hence, forany @ € Q, 1 € {1,2,...,p+ 1}, and T}, Ty € (t;_1,%] N [0, w], the following
estimate holds:

1Us(@)(Th) = Us(x)(T2)ll; < ZZ U () Ui (z)(I2)]

i=1 PeM
R _
< Z Z 1 + «) a“d—i; by + cm) dz] [ediw 1
i=1 PeM 6 T 1)
_edilw—ITi-T2|) _ dz‘lTlszl]

p
+Z Z <edzw 1 ZMlgeditk> Ty — Ty .

i=1 PeM k=0
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The right hand side of the inequality does not depend on « and converges to 0 as |7} — T5| — 0.
Therefore, U({?) is quasi-equicontinuous in [0, w], and hence, relatively compact, and the proof
is now complete. 0

Corollary 5.1. If Assumptions[5.4) and hold, there exist at least 16" periodic
solutions of system (5.1.1)), that is, at least one periodic solution in every set B., ¢ € {+1 +
Lot 1)+ 1k}™

Lemma 5.8. Letc € {£1 & 11 4 1)+ 1x}". If Assumptions and are
fulfilled, then the set /. is invariant to the flow of system (5.1.1)).

Proof. Lete € {£1 £ 1. £ 1) £ 1x}". Consider an initial function satisfying ¢(s) € A, for
any s < 0, and let (t) = x(¢; @) be the solution of system (5.1.1)).

Assume that there exists 7 € (to, 1] such that x(t) € A,, for any ¢ € (0,7), and x(7) €
OA.. Hence, there exists i € {1,2,...,n} such that z7’(7) = ¢I". Based on Assumptions
[5.5] and[5.13] we have

eix; (1) = ( Z (aij f5(@; (7 P+Z(bz’jfj(l’j(7—Tz‘j(T))))P
n - " P
3 (el (/ Ko~ s ) +uf<f>>
> —dit+ (af 0t c)a— Y (|af 2)
QeM\{R}
=303 (Jad] + 8]+ |e]) ~ luf )
71 QeM
> 0,

Therefore, the function ' z? is strictly increasing on some small interval (7 — 6, 7] C (to, 7].

Hence Pzl (t) < elal (1) = (éf)Q = 1foranyt € (7—0, 7). Thisis absurd, as z;(t) € Ju(e;)
forany t < 7.

It follows that z(t) € A, for any t € (to,t1]. Assumption[S.14] guarantees that z(t) € A..

By mathematical induction, it can be easily shown that x(¢) € A, forany ¢t € (t;_1, tx], and
z(tf) e A, forany k € Z7.

Hence, the solution x(¢; ¢), with the initial condition ¢ (s) € A, for any s < 0, will remain
in A, forany t > 0. ]

Theorem 5.4. Assume that Assumptions [5.4) 5.10, 5. 11} 5. 12} [5.13] and[5.14
hold. Then, for every ¢ € {+1 4+ 11 4 1) & 1k}, there exists a unique exponentially stable

periodic solution in B,, and its region of attraction includes A..

Proof. Lete € {1+ 11+ 17+ 1x}". Letx(t) = x(t; ¢) and y(t) = y(¢; ¥) two solutions of
system (5.1.1)) with the initial functions ¢(s), ¥ (s) € A., for any s < 0. Based on Lemma|5.8]
we get that z(t; @), y(t;¢) € A, forany ¢ > 0. For t > 0, t # t;, we have



112 5. Dynamics of quaternion-valued neural networks (QVNNs)

) — )] = SR IO W) e
D [ai(t) = yi(t)| p; o g O )
= > OO () -y 0) + Y (o (5 0) — £ 0)
PeM |lzs(t) — yi(t)] P i p ij \Ji\T;j i (Y;

. OO (e ,

- dll l<t) yl(t)’ +P€M ‘ z(t) _ Zh(t)’ (;( ) (f]( J(t» f](y](t))))
+Z(bw (fi(zi(t —73;(2))) — fily;(t Tz](t)))))P
—i—Z <cm <fj (/OO Kij(s)x;(t — 3)d3) — f; ( OOOKzJ(s)yJ(t — s)ds))) >

IN

—di () — @+ YYD (

PEM j=1 (Q,5)eMp

2t — 7(t) — vy, (t — 735(2))]

wled] 5 [T malo)lente = 9) - (e - )l as)

ij

=dm—wHZZZ(

j=1 PeM QeM

i (t = 7 (t) — yi(t — 7is(0))]
5P/ s)|z;(t —s) —y](t—s)|ds)

5P |2;(t) — y;(1)]

’L]

’LJ

Denoting w;(t) = et |x;(t) — y;(t)], fort > 0, t # t;, we obtain

DYwi(t) = powi(t) + e DT |;(t) — yi(t)]

< (wo—d +ZZZ(

j=1 PeM QeM

P
B w;(t)

51)/ 5)ehos iy t—s)d)

If, like above, 0;; is the inverse of the strictly increasing function ¢ — 7;;(¢), we consider the
function V' : R, — R, defined by

@i

HOPij o,y . _
e w;(t — (¢

ZJ
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n

Vi = > )

202

t
BPe“O””'/ —wj(s) ds
/
j=1 PeM QeM ! t—735(t) 1= Tij(aij(s))

+i > D ‘03 By /Ooo Kij(s)er® </t; wj(u)du> dS) :

j=1 PeEM QeM

Q

For t > 0, t # ty, we obtain

n

DYV (t) = Z (DT wy(t)
oy N R 0 B i 1) LGk 1)
;P;MQGZM (1—%(97:;’(?5)) 1 —7/(0:5(t — 7i;(t))) )
IDIDY
j=1 PeM QeM

3 <(Mo Y Y Y

i=1 j=1 PEM QeM

Y Y o

LV ) _ B J
j=1 PEM QeM 1 Tij (QZ] ()

I IL ([ #otsremeas) w]-(t))

j=1 PeEM QeM

> (-t ¥ 3l
i=1 j=1 PEM QeM
DI
j=1 PeM QeM
DI I
j=1 PEM QeM
< 0.

8y /OOO Kij(s)e"* (w; () — w; (t - s>>ds>

Q

IA

B w;(t)

Q

i

IN

HopPj4
Q| gp €
Pji

o ([ Kﬁ<s>e~08ds)> e

Hence, the function V' is strictly decreasing on every interval (¢, tx41), and therefore V' (t) <
V(t)), for any (tx, ti1].

Moreover, from Assumption[5.9] and taking into consideration that " | w;(t) < V(t), for
any t € R, we have
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2wl

i=1

and hence

t)

IN

<

= e |la(t)) -y,
= e @ (ty) + Ji(x) — y(ty) — Je(w)],

< (4% ||m(tk)_y(tk)”1+5k:/k e ||a(s) — y(s)ll, ds

= Y ) o [

i=1 tr—

1 i=1

IN

n th
(1+9) ) wilte) + 6 / etV (5)ds
tk—1

i=1 -

IN

n "
(14 %) Z w;(ty) + 5kV(t;:71) / ero(te=5) g

i=1 te—1

etoltk—trk—1) _ 1

= (L) Y wilte) + 6 . V),
i=1 0

n

(wilt))

7

I

j=1 PeM QeM

ty (s)
ﬁPeﬂopij/ wj\s ds
’ =T () 1 Tz‘lj(eij(s))
Q
> e

Bf/ K;j(s)eto’ /k w;(u)du | ds
j=1 PEM QEM 0 t—s

(1+7) (Z [wi(tr)

=1
- w;(s)
ﬁPeﬂopm‘/ — 17 s
’ te—Tij(tr) I T‘/‘(Qij(s))

DS ”

j=1 PeM QeM
n o] tr
23 Sl [ ([ woom) o]
j=1 PEM QeM 0 t—s
eto(tr—tr—1) _ 1

+

Q
b

Q
Cis

+0k " V(tE )
eto(tr—te—1) _ 1 N
(1 + ’Yk) V(tk) + (5k 10 V(tk:—l)
eto(tr—tr—1) _ 1
(1 + Y + Ok o ) V().

Using Assumption[5.10] we obtain
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k po(t;—tj—1) _ 1
vieh) < VO] (1 FIDNANEF )
i) Ho
k
etolti—ti—1) _ 1
< (1+70)V(0)H(1+%-+5j . )
j=1 0

< (14 70) V(0)et,

Moreover, we have

n

V(0> = Z(|$z(0>—yz(0)|

0 s
i eHopij / et |xi(/5> - yi(s)lds
—7i5(0) 1— Tij (023 (S))

/ 5)etos ( / 0 M0 |, (u) — yi(w))| du) ds)

> 5 (o [
- | e ”’/ —ds—l—

j=1 PEM QeM

DI

j=1 PeM QeM

lp =l [+
i=1

=1 j=1

Cij

IA

ol 1 /OOK, 1os g _1>>]
c i(s)eto%ds
% Ko ( 0 j( )
n..n 855 (0)
el [ Y Y ZBf( e [ ot
i=1 j=1 PeM QeM 0

ZJ

([ o))

For any t € (ty, tx+1], We obtain

V() < V(th) < Aljg — | e < Al —ap]|, e

where

A= (T+)

0i5(0)
| horss / o033 (0)) gyt
0

2593 Zﬁf( :

=1 j=1 PeM QeM

5 ([ s )]

Finally, it follows that
i) = yi(t)] = e twit) < eTV(E) < Al — apl| el

Vt > 0, Vi = 1,n. Using Corollary and taking into account that { < po (by Assumption
5.10), it easily follows that there exists a unique periodic solution x*(t) € A, for any ¢t € R,
which is exponentially stable and its region of attraction includes A.. U
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5.1.2 Numerical examples

Example 5.1. Consider the following impulsive quaternion-valued neural network with one
neuron, with mixed delays:

ZE(t) = —dll‘(t) + allfl(:v t)) + bllfl(l‘(t — Tll(t))) + Cllfl (fooo Bisl‘(t - S)dS) + Uy, t 7é tk,
w(ty) = x(ty), () =a(t) + =— [ 5le(s) — x(t)lds, t=t, k€ LT,
(5.1.9)
where
di=2,a11=12—1+29— 3k, bj; =18 — 41+ 57 — 6k,
ci1=16—14+2)—3k, uy =2 — 3+ 3y — 2k.

The activation function components are f{ (s) = tanh (5s7) tanh <1O (s* )2 — 1), VP e M,
and t; = 2k. We can see that 37" = 0.0009, that |f1P(s)] < 1, and that there exists o = f{'(1) =
0.9999 for which ff(s) > a,if s > 1, and f7(s) < —a, if s < —1,Vs € H, VP € M,
showing that the functions f{ satisfy Assumptions and It can be verified that

Assumptions |5.8|and also hold. The delay kernel is K1;(s) = e~*, and satisfies (5.1.3) in
Assumption|5.2{with 1 € (0, 1). The time-varying delay is 71, (t) = L sin® (5¢), which satisfies

Assumption

with py; = %, P11 = 0.5. The jump operators are given by:

Julz) = —2 / C L (s — a(t))ds,

by —th—1 Jy_, S+ 1
and satisfy Assumptions[5.3|and[5.9] with

1 /% ]_d 1l m 2 <hﬂ
= S = —1n
T et ), s+l 2 2k—1) = 2

1 I 1
te —tpy te1+1 202k —1)

o =

Considering x € A, for any ¢ < t;, we obtain

e(t) + Ji(r) = alt) + _1tk_1 /tkklsil[gg(s)—m(tk)]ds

il [ (1= ) ]
= — s — x S.
tr — th1 te 1 s+1 s+1 F

Since eP’z?(t) > 1 for any t < t;, and any P € M, it easily follows that

1 1 1 1
P P P
1-— k)| > —— 1 - =1,Vs>0
c [s+1x (s)+( s+1)x (k)} 3+1+< s+1) TE=

and hence, for any P € M, we have

el [x(ty) + Ju(2)]” = _ /tk ef { j_lxp(s) + (1 -

tk — tk—l th1 S

! 1) xp(tk)} ds > 1.

S +

Therefore, z(tx) + Ji(z) € A., and we obtain that the operators .J;, satisfy Assumption [5.6|as
well.
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Choosing yp < 0.8912, inequality (5.1.5) from Assumption [5.10]is satisfied. Moreover, it
can be shown that

eto(ti—tj—1) _ 1 1 In3 e2r0 —1
_sup— ln(l—l— +9; ):—ln(1+—+ ),
‘ Z 7 o 2 2 210

keZ

and it follows that ( < py whenever iy > 0.6361. Therefore, Assumption is satisfied for
o € (0.6361,0.8912).

It follows from Theoremthat if [uf| < 16.9954 for P € M, then system (5.1.9) has 16
exponentially stable equilibrium states. For u; = 2 — 31 + 37 — 2k, these steady states are:

’ No. ‘ Steady state ‘ Domain of attraction ‘
1 ittrts — 98 5 4+ 29, + 267 4 8.50k Atprpgin = (1,00) 4 (1,00)2 + (1,00)7 + (1, 00)
2 tI=r = 16.5 + 201 + 205 — 37.5k Aoty = (1,00) + (1,00)1 4 (1,00)7 + (—00, 1)k
3| it =375 4+ 17— 205 4 14.5k Aitryin = (1,00) + (1,00)e + (=00, =1)7 + (1, 20)K
4 oI = 255 4+ 8 — 267 — 31.5k Ay = (1,00) + (1,00)2 + (—00, —1)7 4+ (=00, —1)k
5 | ol vt — 225 1704 38) + 17.5% At—ityen = (1,00) + (=00, —1)e + (1, 00)) + (1, 00)w
6 xR = 10.5 — 260 + 327 — 28.5K A1ty = (1,00) + (=00, —1)2 4+ (1,00)7 + (—o0, 1)k
7 2R Z 315 - 290 — 87+ 23.5% Ajijyn = (1,00) + (=00, —1)1 4 (=00, —1)y + (1,00)%
8 pl7 717" = 19.5 — 38 — 14y — 22.5k Ay = (1,00) + (=00, =1)2 + (=00, —1)) + (—00, —1)k
9 | pTittatr — 1754 354 177 + 20.5k A_iqtgtrs = (—00,—1) + (1,00)2+ (1,00)5 + (1, 00)k
10 | g7 H=r = 295 + 260 + 11) — 25.5K A_1qpyy—r = (—00,—1) + (1,00)1 4 (1,00)7 + (—o0, —1)K
11 | x=tH=0Fr = 850 + 231 — 297 + 26.5x A1y g = (—00,—1) + (1,00)1 4+ (=00, —1)7 + (1, 00)k
12 | 27777 = =205+ 140355 — 195k | A_14, ;= (=00, —1) + (1,00)2 + (=00, =1)7 + (=00, 1)
13 | o7 17" = —23.5 — 112 + 297 + 29.5k A1 tgtr = (=00, —1) + (=00, —1)1 4 (1,00)7 + (1, 00)k
14 | z717"—" = _35.5 — 200 + 237 — 16.5x Aty = (=00, —1) + (=00, —1)2+ (1,00)5 + (=00, — 1)k
15 | o717 = 145 — 230 — 17943555 | A_j_,_ypn = (—00,—1) 4 (=00, =1)2 + (—00, —1)7 + (1, 00)
16 | & "9 " = —26.5— 32— 235 — 10.5% | A1, = (—00,—1) + (—00, —1)t + (—o00, —1)7 + (00, —1)x

Example 5.2. Consider the following impulsive hybrid quaternion-valued network of one neu-
ron with mixed delays:

i(t) = —dyx(t) + an fr(@(t) + bu fi(z(t — m1(t)) + e fi (J; e l’(t —s)ds) +wi(t), t#ty,
2P (t;)) = 2P (ty), 27 () = 2P (t) + arctan(z” (tx)) + ft wp—ds VPeM, t=t, kel
(5.1.10)
where
di =2, a1y =12 —1+2)— 3k, by =18 — 41+ 57 — 6k,
c11 =16 —1+ 27 — 3k, uy(t) = 4sin (gt) (I+1+7+K).

The external input u, (¢) is a periodic function of period w = 4. The activation function compo-
nents are flp( ) = tanh (5s”) tanh (10 (s P)2 —1),VP € M, and t;, = 2k. The time-varying
delay is 711(f) = Zsin® (5¢). Like in Example [5.1} it can be verified that Assumptions

....Eandholdwuhﬁ1 =0.0009, o = 0.9999, 11 € (0,1), pr, = L.

p}; = 0.5. Also, Assumption |5.12|holds for p = 2.
The jump operators are given by:

Ju(x) = arctan(z(t;,)) + / k

oy (TP(s))2 + 1
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and satisfy Assumptions 5.11] and[5.14] with ~y;, = &, = 0.5.
Inequality (5.1.5) from Assumption is satisfied for any pp < 0.8912. Moreover, it can
be shown that

ero(ti—ti—1) _ 1 1 3 e 1
C—sup—21n<1+vj+5 >:§ln<§+ m ),

kez* Ho

and it follows that { < py whenever py > 0.6255. Therefore, Assumption [5.10]is satisfied for
o € (0.6255,0.8912).

It follows from Theorem |5.4| that if ’uf (t)‘ < 16.9954 for P € M, Vt € R, then system
(5.1.10) has 16 exponentially stable periodic solutions of period w = 4, denoted as follows:

’ No. \ Periodic solution \ Domain of attraction
1 PR (7| Atgriyrn = (1,00) + (1,00)1 4 (1,00)7 + (1,00)k
2 1+Z+] K(t) Al‘Hﬁl’j*H = (17 OO) + (17 OO)Z + (17 OO)] + <_007 _1)’%
3 I TItR() Aty g = (1,00) + (1,00)1 4 (=00, —1)7 + (1,00)k
4 R () Aty = (1,00) + (1,00)1 + (=00, —1)7 4 (=00, — 1)k
5 A () Ay _igrn = (1,00) + (=00, —1)1 4 (1,00) 7+ (1,00)k
6 P () Ay = (1,00) + (=00, —1)1 4+ (1,00)7 + (=00, = 1)k
7 lTITR(L) A1y yin = (1,00) + (=00, —1)1 4+ (=00, —1)7+ (1,00)k
8 T ITR(L) A1y = (1,00) 4+ (=00, —1)1 + (—o0, —1)7 4 (—00, —1)k
9 _H”J* (1) A1 igis = (=00, —1) + (1,00)2+ (1,00)7 + (1,00)K
10 R (3 Ay iy = (—00,—1) 4+ (1,00)2 + (1,00)7 + (—o0, —1)k
11 A () A1 grn = (=00, —1) + (1,00)2 + (—00,—1)7 + (1,00)k
12 A () A_14yyp = (—00,—1) 4+ (1,00)1 + (=00, —1) 7+ (—o0, — 1)k
13 AT () Ay yigpn = (=00, —1) 4+ (=00, —1)1+ (1,00)7+ (1,00)k
14 x_l vRImR(t) Ay = (=00, —1) + (=00, —1)1+ (1,00)) + (=00, —1)K
15 AR () Ay = (—00,—1) + (=00, =1)1+ (=00, —1)7 + (1,00)K
16 | a7 7Et) | Ao, = (—00,—1) + (=00, —1)1 4 (—00, —1)y + (=00, — 1)K




Chapter 6

Dynamics of octonion-valued neural
networks (OVNNS)

Neural networks with values in multidimensional domains have attracted the attention of re-
searchers over the last few years. First introduced by [227], complex-valued neural networks
(CVNNs) have found numerous applications, which include antenna design, radar imaging,
estimation of direction of arrival and beamforming, image processing, communications signal
processing, and many others [[77,78]. Quaternion-valued neural networks (QVNNs) were intro-
duced by [4], and have applications in chaotic time-series prediction [7], color image compres-
sion [89], color night vision [[104], polarized signal classification [22]], and 3D wind forecasting
92, 213]]. Clifford-valued neural networks (CIVNNSs), proposed by [139, [140]], and later dis-
cussed by [24,[103], have potential applications in high-dimensional data processing. They rep-
resent a generalization of the complex- and quaternion-valued neural networks, because com-
plex and quaternion algebras are special cases of the 2"-dimensional Clifford algebras, where
n > 1.

A different generalization of the complex and quaternion algebras is the octonion algebra.
It is an 8-dimensional normed division algebra, which means that a norm and a multiplicative
inverse can be defined on it. In fact, it is the only normed division algebra that can be defined
over the field of real numbers, besides the complex and quaternion algebras. The octonion
algebra is not a special kind of Clifford algebra, because the Clifford algebras are all associative,
whereas the octonion algebra is not.

Octonions have applications in physics and geometry [[136} 49], and have also been success-
fully applied in the signal processing domain in the recent years [[197]. The signal processing
applications include salient object detection [56, 57], hyperspectral fluorescence data fusion
[13], L1-norm minimization for octonion signals [224], and the octonion Fourier transform
[19]. In physics, octonions were used to reformulate electrodynamics and chromodynamics
equations [25, 26} 27, 28], the Maxwell equations [48]], the gravitational field equations [47]],
and the Dirac equation [99].

Taking all the above facts into consideration, octonions may have potential applications in
the neural network domain, also. Thus, feedforward octonion-valued neural networks (OVNNs)
were first proposed in the author’s paper [149]. They may be applied in the signal process-
ing domain, where certain signals can be better represented in the octonion domain. High-
dimensional data processing could also benefit from the use of octonion networks. In the same
way as complex-valued networks were better than real-valued ones for some applications, and
quaternion-valued networks were better than both real- and complex-valued networks in oth-
ers, octonion-valued networks may outperform all of the above in yet other problems. They

119
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could represent an alternative for 8-dimensional Clifford-valued neural networks, because of
the property of being a normed division algebra that the octonion algebra has.

Thus, the multidimensional algebras can constitute a more general framework for neural
networks, which could benefit not only from increasing the number of hidden layers and making
the architecture ever more complicated, but also from increasing the dimensionality of the data
that is being handled by the network. The multidimensional neural networks field is rather new,
and it is expected that the future will bring even more applications for this type of networks.

6.1 Octonion-valued feedforward neural networks

We will first give the definition and some properties of the algebra of octonions.
The algebra of octonions is defined as

0 := {:L‘ = Z[m]pep

p=0

[z]o, [x]1, ..., [x]7 € ]R} ,

in which e,, are the octonion units, 0 < p < 7.

Octonion addition is defined by z +y = >
by ax = Zgzo(a[as]p)ep, and octonion multiplication is given by the multiplication of the
octonion units:

7

v—o([]p + [ylp)ep. Scalar multiplication is given

| xlleo e [ ea [ es [ ea [ e5 [ €5 [ er |
€o || €o €1 €2 €3 €4 €5 €6 €7
€1 ]| €1 | —€o €3 —€2 €5 —€4 | —€7 €6
€2 || €2 | —€3 | =€ | €1 €6 €7 —€4 | —€5
€3 || €3 €2 —€1 | —€o €7 —€6 €5 —€4
€4 ]| €4 | —€5 | —€6 | —€7 | —€ €1 €2 €3
€5 || €5 €4 —€7 €6 —€1 | =€y | —€3 €2
€6 || €6 €7 €4 —€5 | —€2 €3 —€y | —€1
€7 || €7 | — €6 €5 €4 —€3 | —€2 €1 —€p

These operations make O a real algebra. From the multiplication table, we have that e;e; =
—eje; # eje;, Vi # j, 0 < 4,5 <7, from which we deduce that O is not commutative, and
that (e;e;)er, = —ei(ejer) # eilejer), for 4, j, k distinet, 0 < 4, j,k < 7, or e;e; # £ex, which
allows us to see that O is not associative.

The conjugate of an octonion x is defined as T = [x]peq — Z;Zl[x]pep, its norm as |z| =

VT = /Z;=0[$];2av and its inverse as 771 = % We can now see that O is a normed division
algebra, and it can be proved that the only three division algebras that can be defined over the
reals are the complex, quaternion, and octonion algebras.

By the Cayley—Dickson construction, the octonion units can be written as

co=1, e1=1, e=j e=uy, e=L{ e=u e =yl er=u,

where C := {2z = [z]o + [2]17] [2]o, [2]1 € R, 2> = —1} is the complex number set. This means
that any € O can be written as

x = [2]o + [2"]1g + [2']2€ + [2"]39¢,
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where [2]g = [z]o + [z]12, [2]1 = [z]s + [x]32, [2]2 = [z]s + [2]50, [2']3 = [z]6 + [z]72 € C.
The product of two octonions x,y € O written in this way is given by

vy = [Zolylo — [Tyl — [#2[y]: — [+]s[v]s
+([2oly s + 21 [y + [2)a[y]s — [2]5[y12)s
+([2loly'l2 = [2"hly')s + [2]2[y]o + [2]s[y )¢
+([2loly'ls + [ L [y]2 — [')2[y']1 + [2']3[yTo)st-

The derivative of an octonion-valued function z : RT™ — O is defined as the octonion

formed by the derivatives of each element [x(t)],, of the octonion z(¢) with respect to ¢: @(t) =
dx(t 7 T
D = 7 Uikle vt e R
The presentation in this section follows that in the author’s paper [149].

6.1.1 Model formulation

In what follows, we will define feedforward neural networks for which the inputs, outputs,
weights, and biases are all from O, which means that they are octonions. Let’s assume we have
a fully connected feedforward neural network with values from O, with L layers, where 1 is the
input layer, L is the output layer, and the layers denoted by {2, ..., L — 1} are hidden layers.
The error function F : O — R for such a network is

B(w) =Y (yF —t)yF —t), (6.1.1)

i=1

where 7 is the conjugate of the octonion y. y* = (yF);<i<. € OF° represents the vector of
outputs of the network, t = (¢;)1<;<. € O° represents the vector of targets of the network, and
w € OY represents the vector of the N weights and biases of the network, all being vectors
whose components are octonions.

If we denote by wé- . € O the weight connecting neuron j from layer [ with neuron % from
layer I — 1, forall [ € {2,... L} we can define the update step of weight w! S In epoch ¢ as
being Awl, (t) = wh, (t + 1) — w!,(t). With this notation, the gradient descent method has the

following update rule for the weight w'; € O: Aw'(t) = — (ZZ 0 d[a—lE](t)ea) , where ¢ is
wipla

a real number representing the learning rate, and we denoted by B l N (t) the partial derivative

of the error function £ with respect to each element [w o of the octonion wék € O, where
0 < a < 7. Thus, we need to compute the partial derivatives Bl l e (t). For this, we will make

the following notations

s _Zwkx; L (6.1.2)

= Gl(sh), (6.1.3)

where equation (6.1.2) shows that the multiplication from the real-valued case is replaced by
the octonion multiplication, G! represents the activation function for the layer [ € {2,..., L},
x! = (z})1<k<a € O is the vector of inputs of the network, and we have that 2} = y!,
VI € {2,...,L — 1}, Vk, because z}, are the inputs, yF are the outputs, and 3., = z! are the
outputs of layer [, which are also inputs to layer [ + 1. The activation function is considered to
be defined element-wise. For instance, for the octonion z = ZZ olz]a€aq, an example of acti-

vation function is the element-wise hyperbolic tangent function defined by G (Za ol }aea) =

Yo (tanh[za) eq.
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We will first compute the update rule for the weights between layer L — 1 and output layer

L.ie Awf(t) = —¢ (ZZ 0 a[gf] ea> . Using the chain rule, we can write V0 < a < 7:

aE . 9E O[sH
- . (6.1.4)
I A
SL
To compute [[ L]] , we need an explicit formula for [ L1,, which can be easily deduced from
©-1.2): [s4), = [>°, ]kaﬁ 1] V0 < b < 7. Now, we can easily see that
8[3%} _ [Zk kaﬁ 1} _ a[wkaﬁ 1]b 6.1.5)
8[ijk]a Iw jk]a Iw jk]a

Using the fact that whay ™" =3 - [wh][zy"]aeceq, equation (6.1.3) can be written as

sty 0 Zogc,dg[wfk]c[mﬁ_l]deced}b 0 (znfdgei’gf_?eb Healwjilelri 1]d)
a[ijk:]a a Ow ng] a a[ijk]a

= Kad|Ty L=, Ka,d€a€d = €pb, Kad € {E£1}.

So, relation (6.1.4) can be written in the form

oFE OF 1
LT 7 Kadl Ty d- (6.1.6)
a[ijk]a 027 8[5] lo k
Ka,d€a€d=€p
Next, by denoting 6} := a L, we have from the chain rule that [07], = L]b =D 0cect aaE ZF:J}”

V0 < b < 7. Taking into account notation (6.1.3), and the expression of the error function’ given
in (6.1.1), we have that
(G (s7)]e O[G" (sl

65 = > (ly/)e — [%]e)TLfb = (ly/l — [tj]b)TL]]b’

0<e<7 J J

V0 < b < 7, because [G"(s})]. depends upon [s}], only for e = b, which means that
DIG(s1).
st
the above relation gives

= 0, Ve # b. If we denote by © the element-wise multiplication of two octonions,

OG"(s¥)

L L
5]' = (yj _tj)®W7 (617)
J
oG (sh) L
where —- LJ represents the octonion of element-wise derivatives of the activation function G*.
For instance, if x = 3" [7]eq € O, then 258 = ST (sech?[z],) €4, With the function G

defined as in the above example.
Finally, from (6.1.6), we get the expression for the desired update rule in the form: Aw?; (t) =

—55]-Lx£_1, where the octonion 6]-L € O is given by relation (6.1.7).

Now, we will compute the update rule for an arbitrary weight wé- w Wherel € {2,..., L—1}.
First, we can write that Awék (t) = —¢ (ZZ:O a[g—i]aea) , and then, from the chain rule, we
have that alsl

0E OF 0ls;
- = : [;]” . (6.1.8)
Olwirla 0<b<7 sjls Olwila
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V0 < a < 7. Applying the chain rule again, we obtain that

aE a l+1
IPIP L .19
]]b

r O<c<7 Sr

V0 < b < 7, where the sum is taken over all neurons r in layer /41 to which neuron j from layer

[ sends connections. Next, we can write that 8[8T ]° = D 0<d<r ;[; L. [Z’%d VO < b,c < T.

Again from (6.1.2)), we can compute
psiy, 0 [zj nglyé} Ot y),

rj Yj
= = ) (6.1.10)
Iytla Iytla Oykla
From w/ 'yl = 3" 7 [wi]c[y}] sece, equation (6.1.10) can be written as
A[s1]. O | X o<e p<rlw Hl] [?/J]feeef] (Zﬂeof:egflc Fie,g [} T elyily)
olila Olytla a Oyt
- /’ﬁe,d[wi}_l]& Re,d€e€d = €¢y Red € {:i:l}a
and then
olst). 1y OGSl oy OGS,
- = Re d[ ]e— = He,b[wr—i'_ ]e—J7 Re b€e€h = E¢,
8[32]1, ngd; 8[32]1) J (‘9[s§-]b
1 Sl
VO < b,c < 7, where again we took into account the fact that % = 0, Vd # b. Now,

returning to equation (6.1.9), and putting it all together, we have that

OF ey OG5 OE
ERIP PR ER R e DL P DR )

o 0<e<T J T 0<c<7
He bEe€p—Ec He’beeebzec
Il Il
koot 2G| s AT ()l
e 0 sé-]b . e a[sé]b
V0 < b < 7. By denoting (5l = 8E , we can write the above relation in the form
J

J

S OG! (s
5 = (Z wi?csi“) © %. (6.1.11)

Finally, taking into account the fact that a[[ ; ]i’ = Kq d[:ﬂﬁ€ N4, Ka,d€a€d = €p, relation (6.1.8)
k a

becomes 22— =" oper 2L g, 4lzk g = [0tah 4, YO < @ < 7. Thus, the update rule
Owjyla Ka,d€a€d=¢€p 8[8 Jo !
for the weight w!,, can be written in octonion form in the following way: Aw!, (t) = —edka) ",

which is similar to the formula we obtained for the layer L.
To summarize, we have the following formula for the update rule of the weight wé B

Awhy(t) = —estal ", Vi€ {2,..., L},

where o
(Zr wﬁl&“) o5, 1<L-1
J

aG(sh)

St =
J l J —
(yj - tj) © st =1L
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6.1.2 Experimental results
6.1.2.1 Synthetic function approximation problem I

The first function we will test the proposed algorithm on is the simple quadratic function
f1(01,02) = (0} + 03). This function was used to test the performance of different complex-
valued neural network architectures and learning algorithms, for example in [191} [190, 205]],
and so we decided to test the octonion-valued algorithms on it, also.

For training of the octonion-valued neural network, we generated 1500 octonion training
samples with random elements between 0 and 1. The testing set contained 500 samples gen-
erated in the same way. The network had 15 neurons on a single hidden layer. The activa-
tion function for the hidden layer was the element-wise hyperbolic tangent function given by
G* (Zzzo[x]aea) = ZZ:O (tanh|z],) e,, and for the output layer, the activation function was
the identity function: G3(S) = S.

The experiment showed that the neural network converges, and the mean squared error
(MSE) for the training set was 0.000733 and for the test set was 0.000651. Training was done
for 5000 epochs. Although the result is not spectacular, we must take into account the fact that
each octonion is formed of 8 real numbers.

6.1.2.2 Synthetic function approximation problem II

A more complicated example, which involves four input variables and the reciprocal of one of
the variables, is given by the following function: f5(01,02,03,04) = 7= <03 + 100104 + %) ,
which was used as a benchmark in [191} [192] for complex-valued neural networks, so we used
it for octonion-valued neural networks, also. The training and testing sets were randomly gen-
erated octonions with elements between 0 and 1, 1500 for the training set, and 500 for the test
set. The activation functions were the same as the ones above. The architecture had 15 neurons
on a single hidden layer, and the network was trained for 5000 epochs.

In this experiment, the training and testing MSE had similar values, and equal approximately
with 0.0071. The performance is worse than the one obtained in the previous experiment,
but in this case, the function was more complicated. These results give reasons for hope that
in the future these networks can be optimized to perform better on octonion-valued function
approximation problems.

6.1.2.3 Linear time series prediction

A possible application of octonion-valued neural networks is in signal processing. A known
benchmark proposed in [[120], and used in [38, 61, [228] for complex-valued neural networks, is
the prediction of the white noise n(k), passed through the stable autoregressive filter given by
y(k) = 1.79y(k—1)—1.85y(k—2)+1.27y(k—3) —0.41y(k—4)+n(k). In the octonion setting,
the octonion-valued white noise n(k) is given by n(k) = S>¢_ [n(k)]aca, where [n(k)], ~
N(0,1),V0<a<T.

The tap input of the filter was 4, so the networks had 4 inputs, 4 hidden neurons on a single
hidden layer, and one output. The activation function for the hidden layer was the element-wise
hyperbolic tangent function and for the output layer was the identity. Training was done for
5000 epochs with 2500 training samples.

We use a measure of performance called prediction gain, defined by R, = 10log,, ‘;—;Z,

where o2 represents the variance of the input signal and o2 represents the variance of the pre-
diction error. The prediction gain is given in dB. It is obvious that, because of the way it is
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defined, a bigger prediction gain means better performance. The network obtained a prediction
gain of 0.485.

6.2 Octonion-valued bidirectional associative memories

Bidirectional associative memories represent an extension of the unidirectional Hopfield neural
networks, and were first introduced by Kosko in [100]. Since then, they were applied in pat-
tern recognition and automatic control, for example. Complex-valued bidirectional associative
memories were introduced in [[110], quaternion-valued bidirectional associative memories in
[102], and Clifford-valued bidirectional associative memories in [217]. Taking these facts into
account, and also the ones mentioned in Section[6.1] we introduce octonion-valued bidirectional
associative memories, which could be applied to store octonion patterns and to solve octonion
optimization problems.
The presentation in this section follows that in the author’s paper [156].

6.2.1 Main results

We introduce octonion-valued bidirectional associative memories for which the states, outputs,
and thresholds are all from O.
The following set of differential equations describes this type of networks:

T

= —x(t Zw”f yi(t)) +a;, Vie{l,...,N},
(6.2.1)

ujdyéi ) _ —y;(t) +Zwﬁf(a:i(t)) +b;, Vie{l,...,P}.

7 € R, 7, > 0and v; € R, v; > 0 represent the time constants of neurons z; and y;,
respectively, z;(t), y;(t) € O are the states of neurons z; and y; at time ¢, respectively, w;; € O
is the weight connecting neuron z; to neuron y;, f : @ — O is the nonlinear octonion-valued
activation function, and a; and b; are the thresholds of neurons z; and y;, respectively, Vi €
{1,...,N},Vj € {1,..., P}. The derivative JZ( ) is considered to be the octonion formed by
the derivatives of each element [z;(t)], of the octonion x;(t) with respect to :

d:cz i d([z

Thus, the above differential equations have values in (), and the multiplication between the
weights and the values of the activation function is the octonion multiplication. Making the no-
tations v, (t) := f(xz;(t)) and v;(t) := f(y;(t)) for the output of neurons z; and y;, respectively,

system can be written as:

dx;(t :
T L ( ) :_xz(t)jLZva](t)—i—a“ Vi € {17"->N}>

dy;(t
v; 710 = —y,(t —i—Zwﬂul +0b;, Vje{l,...,P}.
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We assume that the activation function f is formed of 8 functions f* : @ — R, 0 < a < 7, thus
having the expression:

@)= f(@)ea

In order to define an energy function for the network (6.2.1)), we need to make a series of
assumptions, which will be detailed below.

The first assumption is that the function f is bounded: IM > 0, |f(z)| < M, Vz € O,
and that the functions f* are continuously differentiable with respect to each [z],, VO < b < 7,
V0 < a < 7. This allows us to define the 8 x 8 Jacobian matrix of the function f as

Jacy(z) = <a§[c;’(]f))0<a<7 '

0<b<7

The second assumption is that Jac,(x) is symmetric and positive definite, Vo € O, and that
the function f is injective.

The above assumptions ensure the existence of the inverse function g : O — O of f,
g = f~'. We can thus write g(u;(t)) = 2;(¢), Vi € {1,..., N}, and g(v;(t)) = y;(t), Vj €

{1,..., P}. Now, we will construct a function G : O — R, which satisfies
0G(z)
=g" V0<a<T 6.2.2
o = o) W0 <asT (622)

where g* : O — R are the component functions of g, i.e.,

It can be proved that the function

7

=
G(x) = Z/ﬂ 9" (y")dy,

a=0

satisfies the conditions (6.2.2)), where the octonions y* have the following form

[z]p, b<a
=<y b=a,V0<ab<T.
0, b>a

agf) = Z aG(x)e - zga(w)ea = g(z). (6.2.3)

The third assumption is made about the weights of the network, which must satisfy:
U)]Z:”LU_”, Vi € {1,,N}, VJE {1,,P}

At this point, we can define an energy function for network (6.2.1)). A function £ : QN +F —
R is an energy function for the network (6.2.1)) if the derivative of F along the trajectories of
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the network, denoted by M satisfies the condition w < 0 and dEd—z()) =
0 & 2l — 2l _ v ¢ {1 L NLVje{l,..., P}
In the following, we will show that the function £ : ON*+F — R, defined by

B(u(t),v(0) = =D 3 Re (wl0) (wi;(1)))

+> " Glu(t)) — ZRe (@ui(t))
+ Z G(v;(t)) — Z Re (b;v; (1)), (6.2.4)

is an energy function for the network (6.2.1)), if the above assumptions are satisfied, where Re(x)
represents the real part of octonion z = >.!_ [7].e, € O, i.e., Re(z) = [z]o. The brackets in
the first term of F are necessary, because, as noted above, the algebra O of octonions is not
associative. Nonetheless, it can be proved that

Re(z(yz)) = Re((zy)z), Vz,y, z € O,

so the other choice of brackets would have yielded the same expression.
We start by applying the chain rule:

dE(u(t),v(t)) = OB (u(t), v(t)) dlui(t)].
= 2.

& DE(u(t), v(1))\ dv,(t
+ZR6<( (@ij)(t)())> d£)>, (6.2.5)

where we denoted by

= €a-
v, (¢ = Ol()a
Now, we can prove by direct computation that
dRe(a
e(az) =a, Ya,x € O,
dx
dRe(z(ay))

=ay, Vz,a,y € O,
dx
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dRe(T(ay))
dy

where the derivatives are defined as in relation (6.2.3). If we also take into account the assump-

tion w;; = wy;, relation (6.2.3)), and the set of equations given by (6.2.1)), we can deduce from

: : : vativeg 2E@®).v(?)) OE(ut),v(t)).
(6.2.4) the following expressions for the partial derivatives == -5~ and 50,0

=ax, Vx,a,y € O,

OE(u(t),v(t)) _ Z w;;v;(t

Sl )+ g(ui(®) - a

(Z w;vi(t) — x;(t) + ai)

dx;(t)

o , Vie{l,...,N},

= —7’2

OB(u(t),v(t) _ Z Wit

5o l) )+ g(v(0) — by

= —Zwﬂuz ) + g(vi(t)) — b

- (Z wiiug(t) — y;(t) + bj)

dy; (t
= —y y;i), vj e {1,...,P}.

Plugging these expressions back into relation (6.2.3)), we have:

dE(u(t),v(?)) N dz; (1) dui(t)
dt - ZRC((_T’ dt ) dt )

— Z v, {VCC (dygl—it)) ' vec (dvéit)) , (6.2.6)
where we denoted by vec () the vectorization of octonion z, i.e.,

vec(z) := ([z]o, [#]1, . .., [z]7)T, Vo € O.
We also used the identity

Re(ab) = vec(a) vec(b), Va,b € O.
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From g(u;(t)) = x;(t) and g(v;(t)) = y;(¢), we can obtain that

vec (M) _ Jac, (us(t))vee (d“im) ,

dt dt
vec (W) — Jac,(uv;(t))vec (d“;T(”) |

Vie {1,...,N},Vj € {1,..., P}. The second assumption made above tells us that Jac;(z)
is symmetric and positive definite, and so Jac,(u) is also symmetric and positive definite. This

means that
[Vec (d“d—iwﬂT [Jac, (u:(1))] vee (d“d—5t>> >0,

dv;(H)\1" dv; (t)
{Vec ( th ﬂ [Jac, (v;(t))]" vec < th >0,
Vie{l,...,N},Vj€{l,..., P}, and thus relation (6.2.6) becomes

dE(u(Z,v(t)) _ _ﬁ;ﬂ‘ [VCC (WHT%C (duc;ft)>

_ zpjuj [vec <W)}Tvec (d“;—t(t)> ,

. f; {Ti vee (240)] a7 vee (240) }
Z; r (Tac, (v;(1))]vec (d”éit)) }

Equality is attained when w =0 & vec <d“d—t(t)> = vec (%ﬁ) =0« —du;t(t) =

d”gl;ft) =0, Vi € {1,...,N}, Vj € {1,..., P}, thus ending the proof that F is indeed an
energy function for the network (6.2.1).

Possible examples of activation functions, inspired by the ones used in real-valued and
complex-valued neural networks, are:

f(v) Yv € O,

IR

f (Z[U}aea) = Z(tanh[v]a)ea, Yo € 0.

a=0 a=0
The first one corresponds to the fully complex activation functions, while the second one corre-
sponds to the split complex activation functions from the complex-valued domain.

6.3 Asymptotic stability for OVNNs with delay

The practical applications of neural networks heavily rely on their dynamical properties. To
solve problems of optimization, neural control, and signal processing, neural networks have to
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be designed in such way that they exhibit only one globally stable steady state. Thus, suffi-
cient conditions can be determined, which depend on the system parameters, that guarantee the
existence of a unique globally stable steady state for a certain neural network.

At the beginning of the 1980’s, Hopfield had the idea of introducing an energy function
in order to study the dynamics of fully connected recurrent neural networks, see [80, 81]. He
showed that combinatorial problems can be solved by using this type of networks. Since then,
Hopfield neural networks have been applied to the synthesis of associative memories, image
processing, speech processing, control systems, signal processing, pattern matching, etc. Be-
cause of the finite switching speed of amplifiers, delays occur in real-life implementations of
neural networks, and can cause unstable or oscillatory behavior. This fact lead to the definition
of Hopfield neural networks with different types of delays.

Generalizations of the Hopfield neural networks to multidimensional domains appeared
over the last few years. Complex-valued Hopfield networks were discussed in [[115} 199} [198]],
quaternion-valued Hopfield networks in [[117,216], and Clifford-valued Hopfield networks in
[116, 240]. Taking these facts into account, we introduce octonion-valued Hopfield neural net-
works with delay, which could be applied to solve octonion optimization problems.

In this and the next sections of this chapter, the following notations will be used: R is
the real number set, C is the complex number set, and O is the octonion number set. RN
(respectively, CV and Q") denotes the set of real-valued (respectively, complex-valued and
octonion-valued) N-dimensional vectors, and RV*¥ (respectively, C¥*¥ and O¥*¥) denotes
the set of real-valued (respectively, complex-valued and octonion-valued) matrices of dimension
N x N. | -| represents the octonion norm, and || - || stands for the Euclidean vector norm or
the matrix Frobenius norm. A > 0 (A < 0) means that matrix A is positive definite (negative
definite). (-)7 is the transpose of a real-valued vector or matrix. (-)¥ is the Hermitian transpose
or complex conjugate transpose of a complex-valued vector or matrix. * denotes the symmetric
terms in a matrix. [y is the identity matrix of dimension N x N. Finally, Ay;,(P) denotes the
smallest eigenvalue of positive definite matrix P.

The presentation in this section follows that in the author’s paper [157].

6.3.1 Main results

We introduce octonion-valued Hopfield neural networks for which the states and weights are
from Q. The following set of differential equations describes this type of networks:

N N
JZZ(t) = —di(L'Z‘(t) + Z aijfj(mj(t)) + Z bijgj(xj(t - T)) -+ u,, (631)
j=1 Jj=1

fori € {1,..., N}, where x;(t) € O is the state of neuron 7 at time ¢, d; € R, d; > 0, is the self-
feedback connection weight of neuron i, a;; € O is the weight connecting neuron j to neuron ¢
without delay, b;; € O is the weight connecting neuron j to neuron ¢ with delay, f; : O — O is
the nonlinear octonion-valued activation function of neuron j without delay, g; : @ — O is the
nonlinear octonion-valued activation function of neuron j with delay, 7 € R is the delay and
we assume 7 > 0, and u; € O is the external input of neuron i, Vi, j € {1,..., N}.

The definition of the derivative #;(¢) is the one given in Section (6.1), Vi € {1,...,N}.
Thus, the above set of differential equations has values in O, and the multiplication between the
weights and the values of the activation functions is the octonion multiplication.

We need to make an assumption about the activation functions, in order to study the stability
of the above defined network.
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Assumption 6.1. The octonion-valued activation functions f; and g; satisfy the following Lip-
schitz conditions:

1fi(@) = (2] < Ulle = 2|, Vz,2" € O,
llgj(x) = g; ()] < Hllz — 2], Vz,2" € O,

where l}c > 0 and l? > 0 are the Lipschitz constants, ¥j € {1,..., N}. Moreover, we denote
Ly = diag(ll Is, 1 Iy, ... | I\ I3), T, = diag(l¥1s, 515, . . ., 15 I5).

We will first transform the octonion-valued differential equations (6.3.1) into real-valued
ones. To do so, we will detail each equation in (6.3.1) into 8 real-valued equations:

[EO = e+ 3D laglulfi(esO),
£ D7D bl (¢ = )y + [y (632)

for0 <p<7,i€{l,...,N}, where [z],, is an element of the matrix mat(z), defined by

[Zlo —[z]y —[z] —[z]s —[z]s —[z]s —[z]¢ —[z]7
[zl [zlo —[z]z [zl —[z]s  [z]a [z]z  —[]s
[z]2 [z [zlo  —[z]i —[z]s —[z]r [z]s [z]5
mat(e) — | Bk B Wl [l s ol
[zls  [zls [zle  [z]lr [zlo —[zli —[z]a —[zls
[2]s —[z]la [z]lz  —[z]6 [z []o [z]s  —[z]s
[zle —[z]z —[z]s [z]5 [zl —[z]s  [z]o [z]1
_[$]7 [zls  —lz]s —[z]ls [z]3 zly =zl []o ]
Now, if we denote vec(x) = ([z]o, [z]1, - - -, [z]7)T, the equations (6.3.2) can be written as
vec(z;(t)) = —d;Igvec(x;(t)) + Z mat(a;;)vec(f;(x;(t)))
+ Z mat(b;;)vec(g;(x;(t — 7)) + vec(us), (6.3.3)

for i € {1,...,N}. Denoting w(t) = (vec(z(t))", vec(xa(t)), ..., vec(zn(t))")", D =

diag(dllg, dg]g, e ,deg), A = (mat(aij))lgiijN, F = (mat(bij))lgi,jSN,

Flw(t)) = (vee(fa(z1(1)))", vee(fo(z2(t)))", .. ., vee(fn (zn (1)) "),

g(w(t — 7)) = (vec(gi(z1(t — 7)))7, vec(ga(za(t — 7)))7, . .., vec(gn(zn(t — 7)),

u = (vec(uy)?, vec(uy)?, ..., vec(uy)?)?, with the simplifying notations w = w(t) and w™ =

w(t — 1), system (6.3.1)) becomes

W= —Dw+ A f(w) + Bg(w") + . (6.3.4)
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Remark 6.1. The system (6.3.4) is equivalent with the system (6.3.1), which means that any
property proven about system (6.3.4)) will also hold for system (6.3.1)). Because of this, from
now on we will only study the existence, uniqueness, and global asymptotic stability of the
equilibrium point of system (6.3.4)).

We will also need the following lemmas:

Lemma 6.1. ([33)]). If H(w) : R® — RN is a continuous map that satisfies the following
conditions:

(i) H(w) is injective on R®Y,
(ii) ||H(w)]| = oo as [[w]] = oo,
then H(w) is a homeomorphism of R®Y onto itself.

Lemma 6.2. ([[[14]). For any vectors z, y € RV, positive definite matrix P € R3*8N  and
real constant € > 0, the following linear matrix inequality (LMI) holds:

1
22Ty < ex’ Px + —y" Py,
€
Now, we give an LMI-based sufficient condition for the existence, uniqueness, and global
asymptotic stability of the equilibrium point for (6.3.4).

Theorem 6.1. If Assumption[b.1|holds, then system (6.3.4) has a unique equilibrium point which

is globally asymptotically stable if there exist real numbers €1 > 0 and €5 > 0, and positive
definite matrix P € R3V>3N such that the following LMI holds

PD+DP—&L; L;—elL, L, PA PB
. el 0| >0 (6.3.5)
* *  e9lgn
Proof. Define the function H : R3 — R8N,
H(w) = —Dw + A f(w) + Bg(w) + . (6.3.6)

We will first prove that H is injective. Assume by contradiction that there exist w, w’ € R3V,
w # w', such that H(w) = H(w’). This equality is equivalent with

— D(w — ') + A(f(w) = f(w")) + B(g(w) — g(w')) = 0. (6.3.7)
By left multiplying this relation by 2(w — w’)” P, we get that
2(w —w')" P(=D(w — w') + A(f(w) — f(w')) + B(g(w) — g(w"))) = 0, (6.3.8)
which can be rewritten as

(w —w)"(=PD — DP)(w — w') + 2(w — w' )T PA(f(w) — f(w))
+2(w — w') ' PB(g(w) — g(w')) = 0, (6.3.9)

From Assumption [6.1] we can deduce that

(f(w) = F )T (f(w) = f(w') < (w—w")TL; Ly(w —w'), (6.3.10)
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(9(w) — g(w ) (g(w) — g(w) < (w—w)'T, Tow—u)).  (63.11)
Now, taking into account Lemma [6.2] and inequalities (6.3.10) and (6.3.T1), we have from
(6.3.9) that
(w —w)"(=PD = DP)(w — w) + 2(w — ') ' PA(f(w) = f(u'))
+2(w — w')" PB(g(w) — g(u'))

< (w—=w)"(=PD = DP)(w —w') + & (f(w) — f(w)" (f(w) = f(w))
tert(w —w)TPAA P(w —w') + ex(g(w) — g(w") (g(w) — g(w"))
+eyt(w — w)TPBB P(w —w')

< (w—w)"(=PD—DP)(w—w) +e1(w—w)"L; Ly(w—w)

terH(w—w )TPAA P(w —w') +
teyl(w—w)'PBB' P(w—w')
= —(w-— w’)T(PE +DP—eL; Ly — &L, Ly— e 'PAA' P
—&;'PBB' P)(w — ). (6.3.12)
Using Schur’s complement, from condition (6.3.5), we get that
PD+DP—eL; L;—eL, L, —;'PAA P—¢;'PBB' P >0, (6.3.13)

which, plugged back into (6.3.12), finally yields H(w) — H(w’) < 0, which is a contradiction
with our initial assumption. We deduce that / is injective.
Next, we prove that ||H(w)|| — oo as ||w|| — oo. To this end, we deduce from (6.3.13)

that there exists a sufficiently small ¢ > 0, such that —PD — DP + &,L; L; + esL, L, +
51_1PZXTP + 551P§§TP < —elgy. Considering w’ = 0 in (6.3.12)), we have
2w P(H(w) — H(0)) < w'(~PD —DP+eL; L;+eL, L, +c;'PAA P
+e;'PBB P)w < —e|jwl|* (6.3.14)
By applying the Cauchy-Schwarz inequality in relation (6.3.14)), we get that
2wl PI|([HH )| + [1H (0)]]) > e lw]l?,

from which we conclude that || H (w)|| — oo when ||w|| — oo.

Now we can use Lemma to deduce that H is a homeomorphism of R®" onto itself. This
means that the equation H(w) = 0 has a unique solution, and so system (6.3.4) also has a
unique equilibrium point, which we will denote by w.

We shift this equilibrium point to the origin, and thus system (6.3.4) is equivalent with

W= —Diw+ A f(w)+ Bglw), (6.3.15)

where @ = w — W, W = w” — W, (W) = f(0+w)— f(0), and §(@7) = GO + ) — ().
Construct the following Lyapunov-Krasovskii functional:

V(w(t)) :wT(t)Pw(t)+/t_ w(s) Qu(s)ds,

where ) € R38N 0 > 0.
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The derivative of V' (w(t)) with respect to ¢ along the trajectories of system (6.3.13)) is com-
puted as

V(o) = &"Pw+a" Pi + 0" Qi — o™ Qu
= @' P(=Dd + A f(@) + Bg(am))
(=D + A f(w) + B g(w")" Pi 4+ 07 Qo — o™ Q"

+§ (@B P+ o" Qi — w T Qur (6.3.16)

If we multiply relations (6.3.10) and (6.3.T1)) by £; > 0 and &5 > 0, we obtain

0 < ey(@"Ly Lpw — [7(d) (), 6.3.17)
0 < ex(@™'T, Lyi™ — g (@7)g(w7)). (6.3.18)
Adding inequalities (6.3.17) and (6.3.18) to (6.3.16), gives
V(w) < €70, (6.3.19)
where ) .
E=[a" @ fM(w) @),
—PD-DP+Q+eL; L, 0 PA  PB
O = * —Q + €2L_gTL_g 0 0
* *x —61]8]\[ 0
* * * _52]8N

Now, we have Q < 0 if and only if Q > £,L, L, and

_PD-DP+Q+¢eL;, L; PA PB
* —e1lgn 0 < 0. (6.3.20)
* k —82]8]\[

Together, the linear matrix inequalities (6.3.20) and @) > €2L_9TL_9 are equivalent with condi-
tion (6.3.5), which means that becomes V (i) < 0, from which we can conclude that
the equilibrium point of (6.3.4) is globally asymptotically stable, thus ending the proof of the
theorem. [

6.3.2 Numerical example
A numerical example is given to demonstrate the effectiveness of our results.

Example 6.1. Consider the following two-neuron octonion-valued recurrent neural network
with time delay:

{:fcl(t) = —dya () + 0 anfi (1) + S0 buygs(a(t — 7))+,
Ga(t) = —dawa(t) + Y0y az; fi(a; (1) + o bujgy (s (t — 7)) + ua,

where d; = 50, ds = 40,

(6.3.21)

vec(ay) = (1,1,2,2,1, -1, —1,1)7, vec(an) = (2,1,1,-2,2,1, -2,2)7
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vec(ag) = (2,-2,2,1,2,-2,1,2)7, vec(ayy) = (1,2,2,-2,1,1,2, —2)",
vec(byy) = (2,1,2,1,-2,2, —1,2)T, vec(byy) = (—2,2,-2,2,1,2,-2,2)7,
vec(byr) = (1,-2,2,-2,1,2,2,2)7, vec(byy) = (1,2,2,1,2, -2, -2, 1)7,
vec(up) = (10, —20, 30, —40, 50, —70, 80, —90) ",
vec(uy) = (90, —40, 10, —60, 30, —80, 50, —20)7,

1 1—e @

- 1 +€_[I]p’ 9i ([I’]p) z]p pE {0’1""77}7 je {172}7

i ([x]p) = 11 e

from which we deduce that l{ = lg = \/Li and [ = I = 2v/2. The time delay is taken to be
7= 0.5

By solving the LMI condition in Theorem we get that system (6.3.21)) has a
unique equilibrium point which is globally asymptotically stable for e; = 1.3270, e, = 0.7199.

6.4 Exponential stability for OVNNs with delay

The presentation in this section follows that in the author’s paper [158].

6.4.1 Main results

Assuming that system (6.3.4) has a unique equilibrium point w, this equilibrium point can be
shifted to the origin, and so the system (6.3.4]) becomes

y=-Dy+Af@)+DBai), (6.4.1)

where § = w — 1, §7 = w” — i, f(§) = [ + ) — f(), and §(§7) = g(d" + ) — (D).
Remark 6.2. Systems (6.4.1)) and (6.3.1)) are equivalent, meaning that any property that holds

for system (6.4.1)), will also hold for system (6.3.1)). For this reason, we will study the global
exponential stability of the origin of system (6.4.1).

We give an LMI-based sufficient condition for the global exponential stability of the origin

of (6.4.1).

For this, we will also need the following lemma:

Lemma 6.3. ([66]). For any vector function y : [a,b] — RN and positive definite matrix
M € R¥V>EN the following linear matrix inequality (LMI) holds:

</aby(s)d5>TM (/aby(s)ds) <(b-a) /ab ST ()M y(s)ds.

where the integrals are well defined.

Theorem 6.2. If Assumption [6.1] holds, then the origin of system (6.4.1)) is globally exponen-
tially stable if there exist positive definite matrices P, )1, ()2, Q)3, S1, So, S3, Sy, positive
block-diagonal matrices Ry, Ro, R3, R4, all from R8NXEN " and ¢ > 0, such that the following
linear matrix inequality (LMI) holds

(IM)gxg < 0, (6.4.2)
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where I, | = 2eP — PD — DP +Q; + 7Sy + 7 e %75, —1—7D81D+Lf RlLf+L R3L

H13—PA—T_1 _287—5 —'TDslA H16—PB—TDslB H22— QSTQ + 7 2€TS—|—
Lf RQLf_I_Lg R4Lg’ H373 — QQ"‘TS?,_Rl +TA SlA, H376 = TA SlB, H474 = — 2€TQ2—
Ry, M55 = Q3 + 754 — Ry, Tlgg = —e>7Q1 — Ry + TET&E Il;» = —7_16—2”52,
[gg = —7 e 2755, [lgg = —7 1e >7S,.

Proof. We begin by defining the Lyapunov-Krasovskii functional
V() = e*'gr(t)Py(t)
t
[ e eQus)ds
¢

+/_i /tt >y (s)S1y(s)dsdo
+/0 /tt9€2€s g (5)Sa7(s)dsdo

/ /tt e f1(§(s)) S5 f (5 (s))dsdf
/T /t+9 e*g" (§(5))Sag(y(s))dsdo.

The time derivative of V" along the trajectories of system (6.4.1)) is

V(@) = e [2e§"Pj+y" P+ 5 Py+ 5 Qi — e =5 Quy”
HQaf () — e F1 () Q2 f (7)) + 77 (§) Q33 ()
—e —2eT ~ T( )Q?,g( ) + T?TSL@: o / e25(s—t)le(s)Slg(8)ds

sritSai— [0 ) Sui9)ds + 7 (5)5: )
- / 0 F(§(s)) Ss f (4(s))ds + 75" () S43(5)

- [ st

e 255" Py + (~Dj + A f(5) + B§(5")" Pj+ " P(~Dj

+AF@G) +Ba") + 57w — e TG QT + fT(5)Q2f(7)
YT + 7 - TN

t T t
—I—ngTSlyj — e (/ gj(s)ds) S (/ gj(s)ds)
t—1 t—7
t T t
+7gt Sy — T e T (/ gj(s)ds) Sy (/ gj(s)ds)
t—T1 t—T1

IN
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b )57 ) — e [ i ) s | Fits)as)

b )S:a) - e /t_j@(s»ds)T& ( /;g@(s))ds)] 643

where the inequality was deduced using Lemma [6.3]
The Lipschitz conditions in Assumption [6.1]are equivalent with

1f3(2) = f(@")] < Ulle = 2| & |Ivee(f;(x)) — vee(f;(a"))]] < U] [lvec(x) — vee(a)|l,

for j € {1,... N}, and the analogous ones for the functions g;. Now, from these inequalities we

can deduce that there exist positive block-diagonal matrices Ry = diag(rils, 315, ..., 75 1g),

Ry = diag(rils, r3ls, ..., r%13), Ry = diag(rils, rils, ..., v Is), Ry = diag(rils, rals, ..., i 1s),
such that

77T 5 7 7T~ (i~ 771 5 77 7T (~T Fl~T
0<§"Ly RiLsy— [T Rf(H), 0< G Ly RoLyy” — [T (5T Rof(77),  (6.4.4)

0<§"L, RsLyi — 3" (1) Rsg(3), 0 < 57T, RiLyi = 3" () RG().  (645)
Adding inequalities (6.4.4)) and (6.4.5)), with inequality (6.4.3)), yields
V(j) < e*'¢TTIE, (6.4.6)
where
C = [g" g™ 7@ 1@ a"@)g" @)

(i atoas)” (1 Fanas)” (4, ataonas)” |

and IT is defined by (6.4.2). Condition (6.4.2)) says that IT < 0, so we can infer from that
V(y) < 0, which means that V' (g(¢)) is strictly decreasing for ¢ > 0. From the definition of
V(g(t)), we can further deduce that

e Amin(P)[GO]° < g () Py(t) S V() < Vo, VE =T, T 20,

where V5 = max V'(¢). Consequently,

0<t<T
I < g l(0)]) < Me~, ¥ >
— €2€t)\min(P) — —
for M = m Thus, we obtained the global exponential stability for the origin of system
(©.4.1). O

6.4.2 Numerical example
We now give a numerical example to prove the correctness of the result derived above.

Example 6.2. Consider the following delayed octonion-valued Hopfield neural network with
two neurons:

{i‘l(t) = —diy(t) + 325 fi((8) + 325 buygi (et — 7))+,

lt) = —daalt) + o gy a0) + Sy byl — ) b,
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where d; = 50, ds = 40, and
vec(ayy) = (1,1,2,2,1, -1, —1, 1) , vec(ayn) = (2,1,1,-2,2,1, —2,2)T7

vec(as) = (2,-2,2,1,2,-2,1,2)7, vec(ay) = (1,2,2,-2,1,1,2, -2)7,
vec(bi) = (2,1,2,1,-2,2,—1,2)7, vec(bys) = (—2,2,-2,2,1,2,-2,2)",
vec(bar) = (1,-2,2,-2,1,2,2,2)7 vec(by) = (1,2,2,1,2, -2, -2, 1)7,

vec(u;) = (10, —20, 30, —40, 50, —70, 80, —90) ",
vec(uy) = (90, —40, 10, —60, 30, —80, 50, —20)7,

1 1 — el ,
£ () = T 95 () = Ty PE A0 L Th € {1,2),

We have that [{ =1 = 2 and [ = I = 2v/2. Also, the constant delay is 7 = 0.5.

The global exponentlal stability of the equ1hbr1um point of system (| is obtained by
solving the LMI in condition (6.4.2)) in Theorem[6.2] to gete = 3, Ry = diag(3.139215, 3.038815),
Ry = diag(0.477715,0.468515), Ry = diag(0.216518, 0.134815), Ry = diag(0.001715,0.001615).

6.5 Asymptotic stability of delayed OVNNs with leakage de-
lay

The presentation in this section follows that in the author’s paper [159].

6.5.1 Main results

We define delayed octonion-valued Hopfield neural networks with leakage delays, for which
the states and weights are from (. This type of network is described by the following set of
differential equations:

N
.%'z(t) = —dzl‘l(t — 5) + Z al-jfj(x] + Z szg] l’] ) + Uj, (651)
7=1

for i € {1,..., N}, where the notations are the same as the ones in Section and 0 € R,
0 > 0 is the leakage delay.

Using the same ideas as in Section system ( can be transformed into the real-
valued one:

y(t) = —Dy(t —6) + A f(y(t)) + By(y(t — 7)) + 1, (6.5.2)

where we denoted y(t) = (Vec(xi(t))T)KKN, D = diag (dils) <, y» A = (mat(ai;)), ;o
= - T
B = (mat(bij)),<; ;< n» F(y(1)) = (vee(f;(x;(t )1< o Jw(t=7)) = (vee(g;(z;(t = 7)))) i on
By shifting the equilibrium point g of (6.5.2) to origin, we obtain
§(t) = —Dy(t — ) + ﬁf(@(t)) +B (gt — ), (6.5.3)

where §j(t) = y(t) — 9. f(4(t)) = f(g(t) +9) — f(9). 9(5()) = g(5(t) +5) —5(9)-

Remark 6.3. Systems (6.5.3)) and (6.5.1)) are equivalent. This means that any property of system
(6.5.3)), will also be true for system (6.5.1)). Thus, the asymptotic stability of the origin of system
(6.5.3) will imply the asymptotic stability of the equilibrium point of (6.5.1).
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We give an LMI-based sufficient condition for the asymptotic stability of the origin of

Theorem 6.3. If Assumption holds, then the origin of system (6.5.3) is globally asymptot-
ically stable if there exist positive definite matrices Py, Ps, Ps, Py, P51, P52, Pg’, FPs, positive
definite block-diagonal matrices R, Ry, Rs, Ry, all from R3N*8N  such that the following
linear matrix inequality (LMI) holds

(IN)gxs < 0, (6.5.4)

where I11,; = — —DPy— PyD+ Py+ 8P+ P2 =7 'Py+ L; RiL;+1L, RsLy o= —P,D,
5 =7 Py, =PA+PAIlL;=PB+PBIlg = DPQD Iy = —P3+7'DP6D
oy = —7DPsA lyy = —7DPsB, lz5 = —P) — 7 'Py + Ly RoL; + L, RiLy 4 =
P24 1A PsA— Ry, Ty =7A PyB, Iys = —A PoD, 55 = —P? — Ry, lg5 = PP — Ry,
o7 =—P3+78 BB — Ry, lys = —B PyD, Tss = —6~'P,.

Proof. We define the following Lyapunov-Krasovskii functional
VI(t) = Va(t) + Va(t) + Va(t) + Va(t) + Vs(t) + Vs(2),

where

/ / s)Pyy(s)dsdb,
t+0

/5 s)Ps&(s)ds, Ps = diag(Pyg, P2, P2),

§(s) = [57(s) T 3@
/ / s) Psy(s)dsdh.
—T t+0
The derivative of V() along the trajectories of system ([6.5.3) is
V(t) = Vat) + Va(t) + Va(t) + Va(t) + Vs () + Vs(t),

where ‘ ‘ '
Vi(t) =y (t)Pg(t) + 5" (t) Puy(t), (6.5.5)

Dy(t) + Dy(t —8)),  (6.5.6)
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Va(t) = g7 () Pagi(t) — 4" (t — 0) Pyij(t — 6), (6.5.7)

Vit) = 6576 Pi(t) — /st)m(s)ds

557 (6) Paii(t) — 6~ ( /t ; g(s)ds> "B < /t ; g(s)ds) (658)
Vs(t) = €T () PsE(t) — €7 (t = ) Pot(t — 1), (6.5.9)

IN

) = i ORi0~ [ iR

< 15 () Psij(t) — 7 (/thgj(s)ds)TPG (/tt g(s)ds), (6.5.10)

—T

where we have used Lemma[6.3]to obtain the inequalities in (6.5.8)) and (6.5.10).
From Assumption about the Lipschitz condition, we can deduce that

[1f3(x) = £ < Hlle = '] & [Ivee(f;(2)) — vee(fi(a'))]] < U |Ivee(z) — vec(a))]l,

Vj e {1,...N}, Vz,2’ € O, and analogously for the functions g;. Thus, there exist posi-

tive definite block-diagonal matrices R, = diag (r}lg)l < R, = diag (T?Ig)l < Ry =
diag (r?IS)ISjSN, R, = diag (rflg)lngN, such that

0 <9 (0L RiLgit) — I ((0) R f(3(1). (6.5.11)

0<§"(t—)L; BaLyi(t—7) — [ (Gt — 7)) Raf (§(t — 7)), (6.5.12)

0< 5" (1Zy RsLyi(t) — 3" (5(1) Rag (1)), (6.5.13)

0<§"(t =)L, RiLilt —7) = " (5t = ) Rag((t — 7)), (6.5.14)

Now, adding inequalities (6.5.11)—(6.5.14) to (6.5.5)—(6.5.10), we obtain
V(t) < CT(HTIC(),

where I1 is defined by (6.5.4), and
¢ty = [§"() §"(t=06) §7t—7) [T ff@t-n) @) § @t -r)
(Jiyas)ds) " |

From we have that II < 0, which implies that V(t) < 0, meaning that V() is strictly
decreasing for ¢ > 0. It can be further deduced from the definition of V() that

Amin(PO|[FO)|> < g7 () Pg(t) < V() < Vo, VE>T, T >0,

where V) = max V(). Thus,
0<t<T

_ 1% .
I < 55 = 130l < M, Ve 2 0,

where M = AmmV(OPl)‘ The above inequality proves the asymptotic stability of the origin of

system ([6.5.3]), completing the proof of the theorem. O
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6.5.2 Numerical example

To assess the effectiveness of the main result, we give a numerical example.

Example 6.3. Consider the following two-neuron delayed octonion-valued Hopfield neural net-
work with leakage delay:

{:tl(t) = —dva(t—6) + Yoy anifi(wi (1) + Yoy buygs(w(t — 7)) + ua, (6.5.15)

Ba(t) = —dama(t — 0) + D0y ag; f(w;(8)) + D27, bijg;(w(t — 7)) + g,
where d; = 30, dy = 20, and

vec(ary) = (1,1,2,2,1, -1, -1, 1)7, vec(an) = (2,1,1,-2,2,1, —2,2)7,

vec(ag) = (2,-2,2,1,2,-2,1,2)7, vec(ay) = (1,2,2,-2,1,1,2, -2)7,

vec(bi) = (2,1,2,1,-2,2,—1,2)7, vec(bys) = (—2,2,-2,2,1,2,-2,2)7,

vec(bar) = (1,-2,2,-2,1,2,2,2)7 vec(by) = (1,2,2,1,2, -2, -2, 1)7,
vec(u;) = (10, —20, 30, —40, 50, —70, 80, —90)7,
vec(uy) = (90, —40, 10, —60, 30, —80, 50, —20)7,

1 1—e o

= 15 om0 % b {017} je{1,2),

fi ([z]p) = 1o

from where we can deduce that l{ = l%c = ‘/75 and [{ = I = /2. The leakage delay is § = 0.02
and the time delay is 7 = 0.7.

Applying Theorem|[6.3] if condition (6.5.4) is satisfied, then the equilibrium point of system
(6.5.15)) is asymptotically stable. The LMI condition can be solved to yield the matrices R; =
diag(0.01071g,0.008013), Ry = diag(0.00051g,0.00031g), R3 = diag(0.00341s,0.002615),
R, = diag(0.00231g,0.001915).

6.6 Exponential stability of neutral-type OVNNs with time-
varying delays

As previously mentioned in Section[6.3] because of the finite switching speed of amplifiers, de-
lays occur in real-life implementations of neural networks, and can cause unstable or oscillatory
behavior. For this reason, we consider both bounded leakage delay, and bounded time-varying
delays in the OVNN model in this section. On the other hand, distribution propagation delays
may appear as a consequence of a distribution of conduction velocities along the pathways of
a neural network implementation, which compelled us to also add continuously distributed de-
lays to our model. Taking these facts into account, we develop exponential stability criteria for
OVNN s with leakage delay, time-varying delays, and distributed delays in this section.
The presentation in this section follows that in the author’s paper [166].
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6.6.1 Main results

we will consider the octonion-valued Hopfield neural networks given by the following system
of differential equations

zi(t) = —dimi(t —0) + Zamfy z;(t)) + wafy z;i(t — 735(¢)))

+ch/ s))ds+u;, i=1,N, (6.6.1)
7]7,]

where x(t) = (z1(t),...,zn(t))T € OV is the state vector at time ¢, D = diag(ds,...,dy) €
RV*N d; > 0, Vi = 1, N, is the self-feedback connection weight matrix, A = (a;j)1<;j<ny €
OM*N is the connection weight matrix, B = (b;;)1<ij<n € OY* is the time-varying delay
connection weight matrix, C' = (c;;)1<ij<n € OQV*¥ is the distributed delay connection weight
matrix, f; : @ — O are the neuron activation functions, Vj = 1, N, and u = (uy,...,uy)’ €
OV is the external input vector. § > 0 represents the leakage delay, 7;; : R — R are the
time-varying delays, and 7n;; : R — R are the distributed delays, Vi, j =1, 1,N.

The derivative is defined as the element-wise derivative of xz(t) with respect to t: &;(t) =
Z;:o W@,ﬂ Vi = 1, N. The multiplication between the weights and the values of the
activation functions in the set of differential equations is the octonion multiplication,
defined above. We assume that the activation functions f; can be written in the form

fi(@) = [filo(@) + [fil(2)g + [fil2(2)l + [fils(x)s¢l, Vo € O,

where [fi]o, [fil1, [f{]2. [fjls : O = C,Vj =1, N.
In order to study the dynamic properties of (6.6.1), we need to make the following assump-
tions:

Assumption 6.2. The time-varying delays 7;; : R — R and the distributed delays n;; : R — R
are continuously differentiable functions and there exist T, n > 0 and 7' < 1, such that 7;;(t) <
T, ThJ(t) <mn, 7‘2]('[;) < 7'/, Yt > 0, VZ,j = 1,N

Assumption 6.3. The octonion-valued activation functions f; satisfy the following Lipschitz
conditions, Vx, y € OQ:

() = L)l < 0711, — /1),
where lg-fl]p > 0 are the Lipschitz constants, Vp € {0,1,2,3}, Vj =1, N.

Assumption 6.4. The octonion-valued activation functions f; satisfy the following Lipschitz
conditions, Vx, y € OQ:

1) = £l < Ull= =y,
where l; > 0 are the Lipschitz constants, Vj = 1, N.

Remark 6.4. Assumptions [6.3|and[6.4]are not equivalent, as it can be easily proved that Assump-
tion [.3]implies Assumption [6.4] but Assumption[6.4does not imply Assumption [6.3] Both are
useful, however, because there are situations in which the Lipschitz conditions for a function
cannot be written in the form given in Assumption in which case Assumption must be
used.
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Now, the octonion-valued system (6.6.1)) can be transformed into a complex-valued one. As
such, each equation in (6.6.1]) can be split into the following four complex-valued equations:

[ (t)]o

—d;[z;(t — 9)lo

+Z ([ai;Jolfilo(a (8)) = lai b (£ (2 (8)) — las 2 f1a (1) — lails fls (i ()

+ > (0Tl flo (5 (¢ = 7is(£))) = ;1 LT (et = 75(1)))

N
1

<

+ Z ([bf o[ f512 (s (¢ — 73 (£))) — (0311 [fla (s (t = 735(2)))
Hblg Lo (8 — 73;(1))) + (bl £ (5 (¢ — 73;(1)))
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el [ s+ i |

t—n;i;(t)

+[u]]s, i=1,N. (6.6.2)

By shifting the equilibrium point & of (6.6.2)) to the origin, we have that

[2'()]o
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FIB I To(E(E = m(0) + (B[ (2(t - 7(1))))
CIO t ngjS dS—Cll t ~/3Q~78 ds
+QJ[WyH<» €1 ) [Pt
'y Flo(7(s))ds + [C']5 "N1(2(s))ds
O [ PN+ [ Phiae))
#(0)s = —DF(t -0
+ (063 (6) + (AL R(EW) — AR ED) + (AT lo(E(1)) )
+ (1Bl (@t — 7)) + [B LI (( — 7(8))
BRI W@ = 7)) + [Bls[lo@(t - 7(1))))
Clo t lgis ds Cll t /2‘%8 ds
(10 [ PO [ F)
—0/2 /1.578 ds 0/3 /0578 ds 6.6.
O [ Phenis+ b [ (7hees) 663
where [#/()], = [2/(t)], — [, [F,(E(1) = [Fp(2(t) — [/],(2). ¥p € {0,1,2,3}.
By denoting
§(t) = (& O [F O} [ (0 [ 0)f) " e e
D 0 0 O
- 0D 0 0 ANXAN
D=1y o p o| €K
0 0 0 D
e
A=), (), (A -] €€
(Al —[AT [AT [Ae
e
B=li) (Bl (Bl 1] €
|[B'ls —[B'l [B'ly [B'
o e
“=lieh 1 (©p -len] €€
[C's —[Ce [Ch [T |
Fa) = (1P ). P @), [ o). P @) e e,
system ([6.6.3]) becomes:
ﬂw=—Emﬁﬂﬂ+ﬁﬂmm+iﬁ@@—ﬂﬂ»+5limﬂM$M& (6.6.4)
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Remark 6.5. Systems (6.6.3), (6.6.4), and (6.6.1)) are equivalent. This means that any property
of systems (6.6.3), will also be true for system (6.6.1). Thus, the global exponential
stability of the origin of systems (6.6.3)), (6.6.4) will imply the global exponential stability of
the equilibrium point of (6.6.1).

We will also need the following lemmas:

Lemma 6.4. ([36]]) For any vector function z : [a,b] — C*N and any positive definite matrix
M € C*V>4N " the following linear matrix inequality (LMI) holds:

(/aba:(s)ds) M (/abx(s)ds) < (b—a) /abe(S)M:z:(s)ds,

where the integrals are well defined.

H

Lemma 6.5. ([218]]) For any vector function x : [a,b] — C*N and any positive definite matrix
M € C*N>4N " the following linear matrix inequality (LMI) holds:

([ ) ([ i) s

where the integrals are well defined.

s)dsdb,

We will first give an LMI-based sufficient condition for the exponential stability of the origin
of (6.6.3).
Theorem 6.4. If Assumptions and hold, then the origin of system (6.6.3) is globally
exponentially stable if there exist positive definite matrices P,, ),, R, S, Tpl, Tp2, Uy, W,
Z, € CN*N " any matrices N;, Nz, Ng, N;L, N;’ c CV*N and positive definite diagonal
matrices Gzl), G;Z) € RY*N  such that the following linear matrix inequalities (LMIs) hold

(IT,)19x19 < O, (6.6.5)

Vp_e {0,1,2,3}, where_(l'[p)L2 = Q) (Hp)l,B =—-F,D+Q,D, (Hp)1,4 = e %70, (Hp)1,6;9 =
Ppép’ (Hp)1,10:13 = I,B), (Hp)1,14 = —2eQ,D + DQ,D, (Hp)ms = 41e7*7Z, (Hp)l 16:19 —
PpCp’ (HP)Q,Q = TzUp+T4Zp - Nﬁ - (N;)H’ (Hp>2,3 = _N;D - (NZ?)H’ (H )269 NIA +
<N1§)HEP’ (Hp)2,10:13 - N;quL(N;)HEp, (Hp)2,14 - _QPD’_(HP)2,16:19 - ]XI;C +(NI§))HEP’
(Hzig,s - _6_2a6§P - NI?D - D(Nz?)H’ (HP>3,6:9 - NI?APj D(NS)HEP’_(HP)?,JO:B -
Nng + D(NS)HEP’ (Hp)3 u = —D@yD, ( )3 16:19 Nng + D(NS)HEP» (Hp)4,4 =
—e U, (IL), 5 = —(1-7)e > T+ L G?L[f (H Voos0 = Ep T2Ept1°Ey W, E,—
E, GiE,~E, N} (A, ~ A,E, F )—(A ~A,E'E ) (NHE,~1 5 B (N%Eﬁ
— —H — —H —H Vel
Equ (Nt?)H) By, (HP)6:9,10:13 = —FE NsB A (N4)HE (1L, )6916 9= = N;’C’p -

p
AN (NYTE,, ()01510m5 = —(1-7)e 2By T2E,~E, G2E,~Ej N (B EEHE,,>—

— — —H—
(Bp - B,E E ) (NYPE,—3 Zq o E, <N;BqEq + EqB ( q)H> , (I )10 13,16:19
T ara —2¢ —2eT
_Ep Nng - Bp (NS)HEP’ (Hp)14,14 = 25DQPD — e 6Sp’ ( )15 5 = ? Z
—oen=H = =H — = —H—
(Hp)m 19,16:19 — — € 2 nEp WpEp_Ep Ni? (Op - CPEp Ep) - (Op - CPEp Ep) (NE?)HEP

-~y E <N5CE +E,C) (N5)H) B,



6. Dynamics of octonion-valued neural networks (OVNNs) 147

We denoted by A, the (p + 1)-th row of A (and analogously for B, and C,) and by E,, the
(p+ 1)-th row of

In 0 0 O
= |0 In 0 ANXAN
E=1o 0o 1y of €87
0 0 0 Iy

Vp €{0,1,2,3}.
Proof. Consider the Lyapunov—Krasovskii functional

V(t) = Vi(t) + Va(t) + Va(t) + Vi(t) + Vs (t) + Vs(t) + Va(t) + Vis(t),

Vilt) = Z (wn o [ wonas) o (e, - [ o),
Vilh) = Z e
Vift) = 62 [ [ i,
Vilh) = Z [ e s, 1, () )

H

&(s) = [[E()F [f1H(3(s)]
Ve(t) = TZ/_ /t+0 6253[f'(s)]fUp[fs'(s)]pdsdG,

=03 [ [ PG )i

3 0 0 gt
V() =22 Y / / / =5 ()] Z, [ (3)), dsdfd.
p=0"Y T A Jt+0
The derivative of V' along the trajectories of system (6.6.3)) is
V() = Vi(t) + Va(t) + Va(t) + Va(t) + Va(t) + Vs (t) + Va(t) + Va(b),

3
Vi(t) = € (2e[F (O Bl (O + &' (01 Bol& (D] + [ (0] Bl (1))
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3 t H t
fa) = 3o <2e (@m0 [ @onds) o (@, -0 [ 7))
# (0l = DOl + D = 0l,)" @ (W0l D [ @l )

+ <[5c’(t)]p -D [az’(s)]pds) Qp ('O — D[F' ()] + D' (t — 5)}p)) )
(6.6.7)

A
g
[N
2
/N
[«
N
=
-
—
S
n
=
-
=
=
|
g
s
)
>,
RN
r\
| ~+
>
=
@
—
hS]
QL
Vo)
N——
T
n
VR
v\
| ~+
>
=
@
=
=
QL
Vo)
N———
N———

3
V() = D0 (0T () — (1 (1) *TOL (b — T Tyt lt — 7(1) )

3
) = 3 (P FORUEOL -7 [ s

e (PH O ),

— = ([ O — 7= Dlp) " U (W (0]~ 7= 7)) ) (6.6.11)
3 _ N + _
o) = Z(n%%t[f’]f(i(t))Wp[ baw) - [ W ’]p@(s))ds)

p=0 t=n
3 t ~ -

<y (W“[f/]{f FO)W L (E(8) — n(t) / N OLs ’]p@(s))ds)
p=0 t—mn(t
3

< S (PP EOWE)
p=0
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3
< e (PP @)W ()

p=0

t H t
—e2en Flo(E(s))ds | W, 1, (2(s))ds | |, 6.6.12
(/t_w)[ NEO) ) (/t_n(t)[ NEO) )) ©6.12)
0 t
<T4e2€f[i='<t>]f gy -2 [ [ ey mes)]pdsde)

3
Vs(t) =
p=0

3

IN
™
[}
m
o~
—
\1
=
B
—~
~
SN—
iS]
N
S
—~
~
SN—
i~

(/T/w nasi) ([ [ o)

e (f O (Ol — [+ 0))) de)H ([ 0 (Ol — (¢ +0)) d9)>

. (T[@'(t)]p— /t;[gz’(s)]pds)Hzp (T[fc’(t)]p— /t;[.fc'(s)]pds>>, 6.6.13)

where we have used Assumption[6.2]to obtain the inequalities in (6.6.10) and (6.6.12)), Lemma

[6.4] to obtain the inequalities in (6.6.9), (6.6.11)), and (6.6.12), and Lemma [6.3] to obtain the
inequality in (6.6.13).

From Assumption[6.3]about the L1psch1tz condition, we can deduce that there exist positive
definite diagonal matrices G1 = diag ( and G2 = diag ( such that

)1< <N’

0 < F O T, Gl 0], — P GEOGAT,EW). 6614

0 < [#(t = (I T, G2, 7t = 7))y — [FI (@t = 7)) G2 (2t - 7(2)),
(6.6.15)

where we denoted L[ Pl = diag <l£-f /]”> , and lj[-f o are the Lipschitz constants of the func-

1<<N
tions f;, Vp € {0,1,2,3},Vj =1, N.
Also, for any matrices N]}, Np2, Ng’, N;‘, Nj € C*V>*4N we have that

)1< <N

0 = [[i"(t)]fN; +[#(t = 8)] Ny — [F1 @@)N, — [ (@t = 7())N, — </t o [f’]p(i(S))d8>

x [—[f’(f)]p = D[ (t = 8)], + A (3() + Bpf (3t = 7(1))) + @/t o F(3(s))ds

= WO NE O — [ @) Ny DI (¢ = 0Ol + [ ()] Ny A f(5(1) + & (0] Ny By f (5t = (1))

+# (0 N;%@/t oy TN s = @ = O NG O = (6 = O NZDL (¢ = )
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HE (= O N AL (3(0) + [ (t = O NI B, f(5(t — (1)) + [#'(t = 8)]; Ny T, f(g(s))ds
I @@)NFE (O + [ @O)NDIE (t = 0, — [} (2()) Ny A, f(5(1)
~II@ONS B[t — (1) = [l (@())N; T,y f(g(s))ds

t—n(t)

@ = @) N[ (O] + 15 (@ = 7)) Ny DI (t = ) — [ (@t = 7())) Ny A (3(1))

~[FI @ = T(O)N,Byf (3t — (1) = [f']} (@t = 7(1))N, T f(g(s))ds

H

t

- (/ [f']p(i“(S))dS> N,C, f(y(s))ds. (6.6.16)
t—n(t) t—n(t)

Now, taking the conjugate of (6.6.16)), adding it to (6.6.16), and then multiplying the re-

sult by €%, then multiplying inequalities (6.6.14)—(6.6.13) by e** and adding them all to

(6.6.6)—(6.6.13)), we obtain
3
)< 26 OGO

where II,, are defined by (6.6.3), and
Gt = [[E®L [fv’(t)]f [i"(t—5)]f [i"<t—7)]f [f’(t—T(t))]f FH()

F (gt = (1) (ft 5% dS) (L d5> (L o ds) }H
vp € {0,1,2,3}. From (6:63) we have that I, < 0, Vp € {0,1,2,3}, which implies that

V(t) < 0, meaning that V' (t) is strictly decreasing for ¢ > 0. It can be further deduced from the
definition of V() that

3 3

> e Anin( P, Mol? <D e [F ()], V() < Vo, W >T, T >0,

p=0 =0
where V) = max V/(t). Thus,

0<t<T
- v
F(O)l)? < — : e o |2 < Me™®, vt >0,

p;) ()], ]| ERSORS W0 Z [ (0)],l]
where M =, [ — o ‘2/03} B The above inequality proves the global exponential stability
of the origin of system (6.6.3]), completing the proof of the theorem. O

Remark 6.6. Although it seems complicated, the LMI sufficient criterion in (6.6.5) is very sim-
ilar to the ones obtained in the literature for real-valued networks [236]]. The computing com-
plexity expressed as the total number of real scalar decision variables (NDV) is 76n? + 44n.
For comparison, the NDV of Theorem 1 by [236] is 15n% + 16n, which would yield and NDV
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of 120n2 + 128n for OVNNS, because they have 8 times the number of real parameters. It can
be seen that our result has a lower computational complexity than the one given by [236], for
similar real-valued networks.

Now, we give an LMI-based sufficient condition for the exponential stability of the origin
of (6.6.4).

Theorem 6.5. If Assumptions and hold, then the origin of system (6.6.4) is globally
exponentially stable if there exist positive definite matrices P, Q, R, S, T', T?, U, W, Z €
CANXAN " any matrices N', N%, N3, N4, N° € C*N>**N_ and positive definite block-diagonal
matrices G, G? € R*N>4Nsuch that the following linear matrix inequality (LMI) holds

(IT)10x10 < 0, (6.6.17)

where

I, = 26P+2eQ—DQ—QD+R+8*S+T  —e U —4r% > Z+ L G'L;, 5 = Q,
I3 = —-PD+QD, 114 = e 27U, Il14 = PA 1,7 = PB, I3 = —2:QD + DQD,
Mg =d4re %77, 119 = PC, Mgy = 72U + 727 — N' — (NY)H, T3 = —N'D — (N?)H,
Mo = N'A+ (N*)H, Ty = N'B+ (N, Tlys = —QD, Ty 10 = N'C + (N°)H, Tl33 =

—e ¥ R—-N?D— D(N?)H 36 = N2A+D(N*)H, 13, = N2B+D(N*)H T35 = —DQD,
M0 = N°C + DN, My = — 270, Ty5 = —(1 — 7)e 2T + L7 G°L, Mg =
T2 4 ?W — N¥A— A" (N3)H —GY, M7 = —N3B— A" (N, g0 = —N3C— A" (N%)H,
M7 = —(1 — 7)e 2% — N'B — B (NY)H — G2, T1,0 = —N1C — B" (N?), Tgs =
2eDQD — e 238, Mgy = —de 277, Myg10 = —e "W — N°C — C' (N?)H,

Proof. Consider the Lyapunov—Krasovskii functional
V(1) = Vi) + Va(t) + Va(t) + Va(t) + V5(t) + Vs(t) + V2 (t) + Va(D),

Vi(t) = e*'g" (t) Py(t),

ity = (s0-D [ @(s)ds)H Qi) =D [ gisias).

Va(t) = 62WH( )2y (s)ds,

0 pt
t) = 5/ / e (5)S5j(s)dsd,
—5Jit6

o= [ ey, T = ding(T. )

H

§(s) = [gHN™ 1" @s)]

. /T /w o
_"/n /t+9 e [ (5())W F (5(5))dsdb.

t) = 272 / / / eyt (5) Zij(s)dsd\db.
—7J0 t+A
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The derivative of V' along the trajectories of system (6.6.4)) is
V(t) = Va(t) + Va(t) + Va(t) + Va(t) + Vs(t) + Vs(t) + Va(t) + Va(t),

. H
< )f(.@(s))ds) P(t) + ™ ()P (Dt - 8) + Af(5(1))
t—mn(t
i) +C [ f@(s))ds)) , (6.6.18)
t—mn(t
t H t
Va(t) = e*! (25 <y(t) -D - Q(s)ds) (Q(t) -D - gj(s)ds)

H
+<g(t)—D g](s)ds) Q(gj(t)—ng(t)Jngj(t—é))), (6.6.19)
V() = e (§7(OR) — e (- )Rt~ 9)), (6.6.20)
() = 2 nsin -5 [ @5 (s)Sits)ds

2t <52QH )S§(t) — e ( /t t6 g(s)ds>H S ( /t : g(s)ds>> . (6.621)

V() = ¢ (TMTEW) — (1 - #()e 2O (¢ — r(e)TE(t - 7(1)))
< S (ETMTER) — (1= 7)e TNt = T(0)TE( — (1)) (6.6.22)

IN
|
N
)
(=5}

) = Pt Ouin -7 [ e Ui

t—7

< et (ngjH(t)Ugj(t) e ( / i g<s>ds) "o ( / j g(s>ds>>

= (P OUGE) — e G0 — 3t - T)TU @) - (- 7)), (6.623)
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Vs (t)

0 t
= 7'4625tyH( ) Zij(t) — 27'2/ / eQEngH(s)Zgj(s)dsdG
—71 Jt+60

o (i s ([ [ ivosan) 2 (f [ son))
= et <T4§H(t)zgj(t)_4 —2er (/_T(g(t) g(t+6) d)H </0 t+9)d0)>

H

= %t <T4§H () Zij(t) — 4e 27 (@(t) — /t: g(s)ds> Z <Tg(t) — /; g(s)ds>> ,(6.6.25)

IN

where we have used Assumption [6.2]to obtain the inequalities in (6.6.22) and (6.6.24), Lemma
to obtain the inequalities in (6.6.21)), (6.6.23), and (6.6.24), and Lemma [6.5] to obtain the
inequality in (6.6.25).

From Assumption [6.4] about the Lipschitz condition, we can deduce that there exist positive

definite block-diagonal matrices G* = diag (r}1,)

and G? = diag (r?h) __, such that

1<j<N 1<j<N

0 < "L G Tt — F7(5(6)G F (1)), (6.6.26)

0< gt —T(t)L; G*Lzi(t — () — fFAG(E — 7())G* Gt —7(1),  (6.627)

where we denoted L_f = diag (l{ I4> , and lf are the Lipschitz constants of the functions

fis

1<j<N

Vj=1,N.

Also, for any matrices N, N2, N3, N4, N°> ¢ C*¥*4N we have that

; H
g ON' + 51t = )N — FH(g(6))N® — (Gt —7(1))N* ~ (/ ( )f(g@))d.;) N?
t—n(t
x [—zﬁ(t) — Dyt —8) + Af(5(t)) + Bf (gt —7(1)) + C ()f(z?(S))dSI
t—n(t
—y(@Ny(t) — " (ON'Dy(t — 6) + " (ONTAFGE) + 5" (ON'BF(5(t — (1))
+y(N'C o F(5(s))ds — g™ (t = O)N*y(t) — 5™ (t = H)N*Dy(t — 5)
t—mn(t
+§ (¢ = §)NZAF(G(1) + 4" (¢t = )N*Bf (5(t — 7(t))) + 5" (¢t = H)N*C " F(3(s))ds
t—mn(t
+HGO)NY () + FHGE)NDy(t - 6) — FHGO)N* Af(5(1) — FH (G0)N’BF (5(t — 7(1)))
— ") N°C F(5(s))ds + (Gt —(0))Ny(t) + f(G(t —7(t)))N*Dj(t - 0)

(6.6.28)
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Now, taking the conjugate of (6.6.28)), adding it to (6.6.28), and then multiplying the re-
sult by €%, then multiplying inequalities (6.6.26)—(6.6.27) by e?*' and adding them all to

(6.6.18)—(6.6.23)), we obtain

V() < ¢TI (),
where I is defined by (6.6.17), and

) = [0 70 50§ F-T0) FE) G- )
(Jgaos) " (S atsds)” (i Fa(s)ds)” ]

From (6.6.17) we have that IT < 0, which implies that V(¢) < 0, meaning that V/(t) is strictly
decreasing for ¢ > 0. It can be further deduced from the definition of V() that

e Nnin(P)|[F(H)[1* < " () Py(t) < V() < Vo, VE =T, T >0,

where Vi, = max V(t). Thus,
0<t<T

_ Voo on ¢
gt < e <y < Me =", ¥Vt >0,
15O < 5—tp7e™ & 150
where M = ( ik The above inequality proves the global exponential stability of the origin
of system completmg the proof of the theorem. [

Remark 6.7. The computation complexity expressed in terms of real scalar decision variables
(NDV) for the LMI in (6.6.17) is 304n? + 44n, which is a bigger than the NDV for the criteria
given in Theorem [6.4] However, taking into account Remark [6.4] it can be seen that Theorem
[6.5]is more general, i.e., less conservative, than Theorem [6.4] which means that for any problem
for which Theorem [6.4] can be applied, Theorem [6.5] can be applied as well, but not the other
way around. This observation is consistent with the ones made by [236], where it is shown
that greater complexity amounts to lower conservativeness, and lower complexity translates
to greater conservativeness. Which one should be used is dependent on the problem at hand.
Nonetheless, both stability criteria can be easily and rapidly solved using the effective YALMIP
MATLAB tool.

6.6.2 Numerical examples
In order to prove the effectiveness of the theoretical results, we give two numerical examples.

Example 6.4. Consider the following two-neuron octonion-valued Hopfield neural network
with leakage delay and mixed delays:

()= —dir(t - )+ZJ vang fi (i (8) + 325 biif (e (E = (1))
+Z] 1Claft m; f] (w;(s))ds + ua,

To(t) = —dys(t - )+ZJ 1 a2 [ (05 (8)) + D25 o f(a(E = m25(1))
+Z] 1C2th 12; ( f] (w;(s))ds + ua,

(6.6.29)

where
d1 - 6, dQ - 3,
a;; = (0.24+0.12) + (0.5 — 0.22)7 + (0.4 + 0.32)¢ + (0.3 + 0.12) 9¢,
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ajp = (—0.3+0.32) + (—0.4 — 0.22)7 + (0.3 + 0.12)¢ + (0.2 — 0.12) ¢,

ag = (—0.4+0.32) + (—0.3 — 0.22)7 + (0.6 + 0.22)¢ + (0.5 + 0.12) ¢,

age = (—0.5+0.20) + (—=0.2 — 0.42)7 + (0.2 + 0.32)¢ + (0.2 — 0.32) 94,

bi1 = (0.6 + 0.42) + (0.9 — 0.52)7 + (0.7 + 0.62)¢ + (0.4 — 0.22) ¢,

b = (0.7 + 0.60) + (0.8 — 0.42)7 + (0.9 + 0.42)¢ + (0.3 — 0.20) ¢,

bor = (0.8 +0.32) + (0.7 — 0.22)7 + (0.6 + 0.12)¢ + (0.1 — 0.42) ¢,

bas = (—0.9 + 0.20) + (—0.6 — 0.31)) + (0.8 + 0.50)¢ + (0.2 — 0.42)1,

c11 = (—0.1+0.142) + (—=0.13 — 0.162)7 + (0.12 + 0.152)¢ + (0.15 — 0.182) ¢,
c12 = (0.11 + 0.182) + (0.12 — 0.152) + (0.14 + 0.192) + (0.12 — 0.172),

co1 = (0.12 +0.152) + (0.11 — 0.142)7 + (0.13 + 0.172)¢ + (0.14 — 0.1212)9¢,

Cop = (0.13 4 0.120) + (0.14 — 0.132)7 + (0.11 + 0.120)¢ + (0.13 — 0.122) ¢,
up =10((8 = 72) + (6 — 52)y + (4 — 30)l + (2 — 12)90),
uy = 10((1 —22) + (3 —4u)y + (5 — 62)€ + (7 — &) (),

f (Eq ol ]qeq) = ZZ:O Hg—f[m]qeq, from which we can deduce that l][-fl]” = 005 , Vp €

{0,1,2,3},Vj = 1,2, and thus Assumptionis satisfied. The leakage delay is § = 0.02, the
time delays are 7;(t) = 72;(t) = 0.5|cost|, and the distributed delays are 7,(t) = n2;(t) =
0.3|sin5],Vj = 1,2, and so 7 = 7" = 0.5 and ) = 0.3, which means that Assumptionis
also satisfied.

It can be verified that the LMIs in (6.6.3)) are satisfied for Gj = diag(5.3358,5.1977),
G! = diag(5.3358,5.1977), G} = diag(5.3358,5.1977), G} = diag(5.3358,5.1977), G2 =
diag(4.7016, 3.1730), G2 = diag(4.7015, 3.1730), G2 = diag(4.7015, 3.1730), G2 = diag(4.7016, 5.3.1730),
and € = 0.1. (For brevity, the values of the other matrices are not given.) Thus, we can deduce
from Theorem|[6.4] that the equilibrium point of neural network (6.6.29) is globally exponentially
stable.

Example 6.5. Consider the same two-neuron octonion-valued Hopfield neural network with
leakage delay and mixed delays in (6.6.29), but with the following parameters

d1 = 35, d2 = 25,

an=1+3)+2+2))+B—-L)l+(—4+1)plapp =4+ 1)+ (3 —21)9+ (4+
1)l + (=2 + 3u) ¢,

asy = (2—30)+(2410) g4+ (4—22) 0+ (1420) 90, aze = (1422)+(3—22) 94 (2412) 0+ (4—22) 9¢,

by =24+ 1)+ B+ 1)+ (=2 + )l + (=1 +42)90, b1s = (—4 4+ 21) + (=24 31)7 +
(14 20)0 + (=2 + 20)9¢,

bor = (1—40) +(2—20))+ (1 +20)0+ (34+22)90, boo = (1 +20) + (4 + 12)y+ (2 — 3) 0 +
(=24 4)g¢,

c11 = (14 0.5) + (0.5 = 0.50)9 + (1 — L)l + (=1 + 0.50)9¢, c120 = (0.5 + 0.52) + (1 —
0.52)7 4+ (1 + 12)¢ + (—0.5 + 0.52) ¢,

c21 = (0.5 —0.52) + (1 + 12)7 + (0.5 — 0.52) + (1 + 0.50)9¢, cao = (1 4 0.52) + (0.5 —
0.52)7 4+ (1 + 12)¢ + (0.5 — 0.52) ¢,

up =30((1—20) 4+ (3—41)y+ (5—62)0 + (7 — 8)90), ug = 30((8 — T2) + (6 — 51)y+ (4 —
)l + (2 — 1u)gl),

f (ZZ:O[‘T]QGQ> = Z 0. 51 e ¢4, from which we can deduce that lf = 0.5V/2,Vj =

1,2, and thus Assumption is satlsﬁed. The leakage delay is 6 = 0.02, the time delays
are 71;(t) = m;(t) = , and the distributed delays are 1y;(t) = 1y;(t) = 0.2 cos |,
Vj=1,2,andso 7 = 7/ = 0.4 and = 0.2, which means that Assumptionis also satisfied.

It can be verified that the LMI in (6.6.17) is satisfied for G' = diag(0.00702171,,0.00681221,),
G? = diag(0.0007961314,0.000798361,), and € = 0.1. (For brevity, the values of the other ma-
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trices are not given.) Thus, we can deduce from Theorem [6.5] that the equilibrium point of
neural network with the above parameters is globally exponentially stable.

Remark 6.8. It can be easily verified that Theorem [6.4] cannot be applied for Example [6.5] but
Theorem [6.5] can be applied for both examples, which empirically confirms the correctness of
the claims made in Remark [6.4and Remark

6.7 Exponential stability of OVNNs with leakage delay and
mixed delays

As already mentioned in Section [6.6] time delays are known to appear in practical implementa-
tions of neural networks due to the finite switching speed of amplifiers, and can cause instability
or chaotic behavior. In neutral-type systems, past derivative information is also considered to
influence the present state. These systems more accurately describe the properties of neural re-
action processes that naturally occur in the real world. Due to the existence of the neutral-type
delays, the study of this type of systems is more complicated than that of the usual time-delayed
models. Taking all the above into consideration, we aim to formulate global exponential stabil-
ity criteria for neutral-type OVNNs with time-varying delays.
The presentation in this section follows that in the author’s paper [167].

6.7.1 Main results

We will consider the neutral-type octonion-valued Hopfield neural networks defined by the
following system of differential equations:

Z‘Z(t) = —d; IZ +Za7,jfj x] +Zbljfj x] TU( )))

+edi(t — m(t)) +u;, =1, N, (6.7.1)
where the notations are the same as the ones in Section and C' = diag(cy, ...,cy) € QNN
is the neutral-type delay connection weight matrix, and 7; : R — R are the neutral-type delays,
Vi, 7 =1,N.

In order to study the stability properties of (6.7.1)), we also need the following assumption:

Assumption 6.5. The time-varying delays 7;; : R — R and the neutral-type delays n; : R — R
are continuously differentiable functions and there exist T, 1 > 0 and 7', n' < 1, such that
Tz‘j(t) < T, ’I’}Z(t) <, sz(t) S T/, nz(t) S 77/, Yt > 0, \V/Z, ] = 1, N.

By the Cayley—Dickson construction, system (6.7.1]) and by shifting its equilibrium point &
to the origin, system (6.7.1)) can be written more compactly as:

@'t = —DIE'(t)]o
+ ([A’]o[f’]o(i“(t)) — [ALIfNE®) - (ALl 22(1) ~ [A’]s[f’]s(i"(t)))
+ ([B']o[f’]o(i(t —7(1)) = B L@t — (1))
~ B2t —7(1)) — (B[ s(@(t ~ (ﬂ)))
[

+ ([Cola'(t — (t))]o—[C’][( n(t)h
—[CLaf’(t = n(t))]2 = [C']s[&"(t = n(t)])

~
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+ (AR E0) + AL oE0) + AL ls(E0) — (AT :(E)

+ (BN = 7)) + [BLIF o — (8))

B (@ — 7(1) - Bl - 7(1)))

+([Co['(t = n(t)] + [C'h 2 (t = n(t))]o

HC[2'(t = n(1))]s — [C's[2"(t — n(1)]2) ,

[@'(t)]: = —D[F'(t)]:

+ ([A’]o[f’]z(fﬁ(t)) — [AN[F(@(2)) + [AT2[ o

+ ([B’]o[f’]z(i‘(t —7(1)) = [Bh[[as(@(t — (1))

(6.7.2)

where [#/(t)], = [«/()], — (@], [F'],(@(8)) = [fp(2(1)) = [f]5(2), ¥p € {0,1,2,3}.

If we denote

)H c C4N7

@)

H
2

[ ()]

o @M

([ ()]

y(t)

———

R SIS S )

——— —

[ S R )
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ol 1Op Jleh o
C=lion el o —1ch| €ET
s ~[Ch (€L [C
Flae) = (P8, o), I o), 1 e0)” € e,
then system becomes:

J(t) = —Dy(t) + Af(4(t)) + Bf (5t — 7(t))) + Cy(t — n(t)). (6.7.3)

Remark 6.9. Systems (6.7.2), (6.7.3)), and (6.7.1)) are equivalent. This means that any property
of the origin of systems (6.7.2), (6.7.3) will also be true for the equilibrium point of system
(6.7.1). Thus, from now on, we will only study the stability properties of the origin of systems

(6.7.2), (6.7.3).

The following lemma will also be used to carry out the stability analysis:

Lemma 6.6. (/203|]) For any vector function x : [a,b] — C*N and any positive definite matrix
M € C*VN*4N " the following linear matrix inequality (LMI) holds:

( / / / dsd)\d9> < / / / dsdAdQ)

where the integrals are well defined.

s)dsdAdb,

Theorem 6.6. If Assumptions [6.5] and [6.3| hold, then the origin of system (6.7.2)) is globally
exponentially stable if there exist positive definite matrices P, Il,, f,, M,, R, Sp, Tp, U, W,
Zy € CN*N " any matrices N, Np2, Ng’, N;l, N;’ € CNXN | positive definite diagonal matrices
GII), GIQJ € RY*N and a constant ¢ > 0, such that the following linear matrix inequalities
(LMIs) hold

(IT,)20x20 < 0, (6.7.4)
9rte 277, + L[f e L — N;D = D(N)", ()12 = =Ny = D(N)", (Tp)rar =

P,Cy + N;C, "’_D(Np5)H_Ep’ (Mp)1s = e 27T (p)10a3 = PpAy + NJA, + DN E,
(Ip)11407 = BBy + Ny By + D(N)) T Ep, (IL,)119 = 47e™>7W,, (IL)120 = 18726_2&%@
( )22 = M + S + 7'2T + 7‘4W -+ 7‘6Z — N1 (NI})H’ (Hp)27_417 — N]}Cp + (NS)HEP’
( )2 10:13 = NPA + (NS)HEP’ (H )2714-17 o NpBP + (Nz?)HEp’ (Hp)S,S = —672877319,
—H, = —=H — = —=H— — = ==\ —
() 47,07 = —(1=n)e>"E, M,E,—E, Ny (OP -Gk, Ep) B (Cp —GEy E”) (N E,
—H — —H — —H — o g _
1 22:0 E, <NqSCqEq + E,C, (N5>H) Eq (Up)ari013 = —E, NSAP - C, (Ng)HEp,
—H — —H _
() 471007 = —E, NoB, — C, (NNPE,, (Il,)ss = —e "R, — e 27T, (I)g9 = —(1 —
—H, = —=H, = —=H T g
m)e > TQu+ Ly, e oL, (Mp)wasions = B, QoE,~E, G E,—E, Ny (Ap - AE, Ep>

- —H — —H —
_ (Ap _ ApEp E > (N)HHE,—1 Zq o E, <N§’AqE’q + E,A, (NS)H> Eq, (p)10:13,1417 =
—H r:3 5  TH —H o—= —H o— —=H ;. ,—
—-E, N:B,—A, (N)YE, (Hp)14 17 = —(1=7)e*7E, Q) E,~E, GyE,—E, (N,B,
— —H— — = —H— — —H  — —H —
—ByE, Ep) B (Bp_BpEpE ) (N4)HE __Zq OE (N;B‘IEQ + BB, (N;)H> Eq
(TTp) 18,18 = —e >0y, (T1p) 19,19 = —4e™>TW),, (I1,)20,20 = =367 Z,
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We denoted by A, the (p + 1)-th row of A (and analogously for B, and C,) and by E,, the
(p+ 1)-th row of

I 0 0 O
= |0 I 0 0 ANXAN
E=1o 0o 1y of €8
0 0 0 Iy

Vp €{0,1,2,3}.
Proof. Consider the Lyapunov—Krasovskii functional

V(1) = Vi(t) + Va(t) + Va(t) + Va(t) + V5(t) + Vs(t) + Va(t) + Va(t) + Vo(),

=3 / =L () Qb (s)ds,  Q, = diag(QL, Q2),

Valt) = Z / / 2 () T ()]s,
Vi(t) = Zn / [ O s
Vi(t) ziw‘ /_ 0 /9 0 /t; 253 ()W i ()] dsdAdb,

Vo(t) = 2673 /_ 0 /e : /A O /t; 225 ()]1 2, [ (5)), dsdudAdb.

The derivative of V' along the trajectories of system (6.7.2)) is

V(t) = Vi(t) + Va(t) + Va(t) + Va(t) + Vs (t) + Vi(t) + Va(t) + Va(t) + Vi(t),
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< ST (E0QE 1) — (1= ) T (E — (1) Q6 (E— (1) . (6.7.6)
o) = e (IO M (1], — (1= i(e)e O (t — n(e))]J M (¢ — n()],)
< ST (O MF (0], — (L= o) 7@ (¢ — ()] MF (¢~ n(t)]67.7)

Vi) = S (FOE RO, - e @ (- DR (- 7)), (67.8)
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S (P OV T (1),
= @ W]~ - ) T (F Ol - F - 1]) (6.7.10)

0 = 3 (FEFOEE DL - [ S ORGE o)

(6.7.11)
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Va(t)

Vo (t)

IN

IN

> (e, -2 [ [ o)

et (e (W0,

([ ) (] o)

D (LWl ()],

p=0

—aee ( (@ 0]y — (¢ + 0)]) de)H w ([ (@ (0], — [t + 0)]) de))

D (LW ()],

p=0

g <T[;z=/(t)]p - /t tT[:i’(s)]pds>H W, (T[:i’(t)]p - /t tT[:Z"(S)]pdS>) , (6.7.12)

23: (TGGQ“[' (t)] p— 67 /_ ] / / " e [& '(s)] dsd)\de)

p=0

62“ (7°[' ()] Zpla' ()],

3
w |l
o

p

w

([ [ proneans)"s ([ [ o)

Z =T O Zpla' (D)

267(/_7/ #(t+ Ny d)\d9> </_T/ t+A)])dAd9))
i > (7 Iy Zp[E' (8)]

s f el (o ).

where we have used Assumption [6.5]to obtain the inequalities in (6.7.6) and (6.7.7), Lemma
[6.4] to obtain the inequalities in (6.7.10) and (6.7.11), Lemma [6.5] to obtain the inequality in
(6.7.12)), and Lemma [6.6]to obtain the inequality in (6.7.13).

From Assumption about the Lipschitz condition we can deduce that there exist positive

definite diagonal matrices G}, = diag (r;

0<[2(t—

and G2 = diag (r? such that

J,p) 1<j<N )1< <N’

0 < [T, G, W), — (FY GOIGG0), 6714

TONE Ty, " G2 [ (= (0] — [F1E (@t — 7)) G (3 = (1)),
(6.7.15)

Hz
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where [; e are the Lipschitz constants of the functions f;, Vj = 1, N, and we denoted m =
diag (l[f h’) -, Vpe{0,1,2,3}.
1<j<N
For any matrices N;, NI?, Ng, N;‘, N;’ € CN*N_ we have that
0 = [[f’(t)]fNé + O Ng = [ @EO)Ny = [ @ = 7(0)N, = &'t = n())]; Ny
x [—[L’(t)]p—D[N’( o + Apf (1)) + Bpf(5(t — (1)) + Cpy(t — n(t))
= @O N, @ @) — [ @) Ny DIE )] + [ ()] Ny Apf (5(1) + [ (0)]) Ny B f(§(t — (1))
+H[ ()] Ny Cpy(t — (1) — [ () Np [ (6)], — [/ (1)) Ny DI (1)),
+H[E (O] Ny AR F(3(0) + [# (0] Ny By f (5t — (1)) + [# (0)] Ny Cpy(t — n(t))
T @O)NS[E ()], + [T (@O)Ny DIE ()] — [y (@) Ny Apf (5(1))
—[F1@EO)Ny By f (5t — 7(2))) = '] @())Ny Cpi(t = n(t))
@ = T@O) N & )] + [Pl (@ = () Ny DIE ()], — [F']y (@t = 7(6) N, A f(§(8))
—[F @ = 70N, Bpf (gt — (1)) = [f']5 (E(t = (1)) Ny Cpy(t — (1))
[ (t = ()] Ny [ ()] + [ (t = n(t))]; Ny DI (6)],
—[&"(t = n()]y Ny Apf (5(8)) — [&'(t = n(t)]y Ny By f (5(t — 7(1)))
=&’ (t = ()] Ny Cpyf(t — n(t)). (6.7.16)

Now, taking the conjugate of (6.7.16), adding it to (6.7.16), and then multiplying the re-
sult by e*!, then multiplying inequalities (6.7.14)—(6.7.13)) by e**!, and adding them all to

(6.7.3)—(6.7.13), we obtain

V() <Y G OILG(0),

p=0

where
G = [[#m)F [i”(t)]f (=l gt —n@) F-7 @E-r@) 00
Friate =) (o) (S Eehds)” (1 fol#@las)” ]

and TI,, are defined by (6.7.4), Vp € {0,1,2,3}. From (6.7.4) we have that [T, < 0, Vp €
{0,1,2,3}, which implies that V' (¢) < 0, meaning that V() is strictly decreasing for ¢ > 0.
From the definition of V' (), it can be further deduced that

(£))

S A BF W]12 < S X @ ()] Pl# (1), < V(1) < Vi, Ve 2 T, T 20,

p=0

where Vy = max V/(t). Thus,

0<t<T

minye{o,1,2,3} )\mm( p)

SIE P € o2 JZ Mll2 < Me, vt >0,

where M = \/ : Yo , which means that the origin of system (6.7.2) is globally

mlnp€{0,1,2,3} Amin(Pp)
exponentially stable, completing the proof of the theorem. 0
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Now, we give an LMI-based sufficient condition for the exponential stability of the origin

of (6.7.3).

Theorem 6.7. If Assumptions and hold, then the origin of system (6.7.3)) is globally
exponentially stable if there exist positive definite matrices P, Q*, Q*>, M, R, S, T, U, W,
7 € C*WX4N " any matrices N, N2, N3, N4, N° ¢ C*N*4N positive definite block-diagonal
matrices G', G*> € R*>N  and a constant € > 0, such that the following linear matrix
inequality (LMI) holds

(IT)11x11 < O, (6.7.17)

where Tl ; = 25P—5P—P5+Q1+R—e*2ETT+n2U—4726*2”W—97‘46*257Z+L_fHG1L_f~—
N2D—D(N?)H 11, , = —N?2-D(NYH, 11, y = PC+N?C+D(N°)2 11, 5 = e 7T, 11, 7 =
PA+N?A+D(N®)H, 1, s = PB+N2?B+D(NH)H 11, 10 = d7e " 2"W, 11 1; = 1872 %77,
Moo = M+S+72T+7rW+7Z =N — (NY)H Ty = N'C+(N°)H, T, 7 = N A+ (N*)",
Hg,g = ng + (N4)H, H3’3 = —6_25775, H474 = —(1 — n’)e‘QanM - N56 - UH(NB)H,
M7 = —NA—C' (N3 Mg = —N°B — C" (NYH, T55 = —e %R — e 27T, Tlgg =
—(1=7)e > Q 4 L G?L;, Ty = Q2 —G' —N¥A-A" (N*)H, ;s = —~N*B—A" (N},
Hgyg = —(1 — T/)€72€TQ2 — G2 — N4E — EH(N4>H, Hgﬁg = —672877(], H10710 = —4672€TW,
H11711 = —36e %7 Z.

Proof. Consider the Lyapunov—Krasovskii functional
VI(t) = Vi) + Va(t) + Va(t) + Va(t) + V5(t) + Vs(t) + V2 (t) + Va(t) + Vo (1),

Vi(t) = e*'g" (t) Py(t),

= [ 0ses Q= dine(@',Q),

0 t
Vi) =7 [ [ ememis)dsi.
—7 Jt+0

0 t
Vi(t) = 1 / / 2= (5)U(s)dsdo,
—n Jt+0

0 0 t
Vi(t) = 272 / / / =5y (s)Wij(s)dsd\de,
—7J0 t+A

0 0 0 t
Vo(t) = 67° / / / / e*=5iyt (5) Zij(s)dsdpdAde.
—7J6 A Jtt+p
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The derivative of V' along the trajectories of system is
VI(t) = VAt) + Va(t) + Va(t) + Va(t) + Va(t) + Vo(t) + V(1) + Va(t) + Vo(2),

Va(t)

Vi(t) = e (2e5" () Py(t) + 5" () Py(t) + 5" (t) Py(t))
— e (2e5" () Py(t) + ( <>+Zf<g< 0) + Bi(p(t = 7(t)))
+Cj(t = (1)) "(0)P (D) + A7
+B(3(t - (1)) + a@@ - n(t))>> , (6.7.18)
Va(t) = e (" (1)Q&(t) — (1 —7(t))e > TIeH (¢ — (1) QE(t — 7(1)))
< (ML) — (L —7)e 7t — 7(1)Q8(t — 7(1)),  (6.7.19)
Va(t) = e (5" () My(t) — (1 — (1) "G (t —n(t)) My(t —n(t)))
< (YT OMy(t) — (1 —1)e >yt — () My(t —n(t)),  (6.7.20)
Vi(t) = e (" (t)Ry(t) — e > g™ (t — )Ryt — 7)), (6.7.21)
Vs(t) = & (§"()Su(t) — e *g" (t —n)Sy(t —n)), (6.7.22)
) = e T 7 [ i Tisas

< o (72§H(t)T§(t) e ([ gas) /;g@ds))

= (PTG — e G — 5 - )" T () — 5t - 7)) )6.7.23)

V(t) = P OU) —n / 22571 (5) U () ds

< e <772§H(t)U§(t) e ;ms)czs)H o (| ;@?(S)dS>) (67.24)

w2 [ it witsisds

2t <T GH(OWi(t) — de=2 ( /_ T /t+9g(s)dsd9> W ( /_ 0 /t;ﬂ(s)dsaw))
<T4§H<t>w§<t> i (f 0 () — it + 6)) de)H wi(f 0 (0(t) — it + 6)) d0)>
<T4§H(t)W§(t) g <Tg<t> - / g<s>ds)H w (w@) - / ;ms)ds)) (67.25)
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0 0 pt
Vo(t) = 78Xyt (1) Zgj(t)—67'3/ // e*syt (s) Z4j(s)dsd\db
—T +A

< o2t <7_6§H(t)Z§(t) _ 3627 (/OT /00 /t;\ 3j(5)d3d)\d0>H Z (/OT /90 /t;\ gj(s)dsd)\cw))

— 2€t ( (

257</_7/ it +\) dAdg) (/_T/ Gt +N) d)\d6>>

25t (T6 H(

9e 2T <7-237(t) -2 /_ ) /H@g(s)ds)HZ <72g(t) -2 /_ OT /t;g(s)ds>> : (6.7.26)

where we have used Assumption [6.5]to obtain the inequalities in (6.7.19) and (6.7.20), Lemma
[6.4] to obtain the inequalities in and (6.7.24), Lemma [6.5] to obtain the inequality in
(6.7.25)), and Lemma [6.6] to obtain the inequality in (6.7.26).

From Assumption 0.4 about the Lipschitz condition, we can deduce that there exist positive
definite block-diagonal matrices G' = diag (r}1,) and G = diag (r?1,) such that

1<G<N?

0 < "L G Tt — T (H(6))G F (1), (6.7.27)

0 <G (t—7(t)I; G Lzt — (1) = [ (5t — T(O)GT (@ — (1), (6.7.28)

where lf are the Lipschitz constants of the functions f;, Vj = 1, 1, N, and we denoted L > =

diag (ljff4> .
1<<N
For any matrices N*', N2, N3, N* N° ¢ C*V*4VN we have that

0 = [N+ ON — FIGOIN — F(t - r@)N' = (¢ - n(e) V]

x}mw—b%>+2ﬂw>w4ﬁ<a—r>»+6ﬂv—uw

= —g"(t)N"y(t) — g () N'Dy(t) + (t)NlAf( ®) + " (ON'Bf(i(t — (1))
+§H(t)N15?§(t—77(t))— TN (t) ()NQDy()
+i" () NZAF(5(t) + 57 ()N’ Bf (§(t — ())) + 3" () N*Cy(t — n(t))
+F ()N (t)+fH( (£))N*Dyj(t) — F ( ())N?’Zf( ®) — fA@G@)N*BF((t — 7(¢)))
—FHG@)NECy(t — n(t) + F@E — 7)) NG(t) + f(5(t — 7(t)) N Di(t)
—F@@t — TO)NYAf((t) — fit — T(@))N*BF((t — 7(t))) — F(5(t — 7(£))N*Cij(t — n(t))
(= n(t)N°g(t) + g™ (t — n(t)) N°Dj(t)
—y"(t = ()N Af((t) — 4" (t — n(t)) N°BF (5(t — 7(t)))
=y (t — () N°G(t —n(t)). (6.7.29)

Now, taking the conjugate of (6.7.29), adding it to (6.7.29), and then multiplying the re-
sult by e%!, then multiplying inequalities (6.7.27)—(6.7.28) by e*', and adding them all to

(6.7.18)—(6.7.26)), we obtain ‘
V(t) < ¢ IC(),

where

¢ty = [g"@) 9" g"t-n g7E-n@) g7t-7) g7t -r) FHEHD)

o
P (f i) (1) (10 i) ]
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and II is defined by (6.7.17). From (6.7.17) we have that IT < 0, which implies that V() < 0,
meaning that V() is strictly decreasing for ¢ > 0. From the definition of V'(¢) it can be further
deduced that

e Nin(P)|[F(H)]1* < " ()Py(t) < V() < Vo, VE =T, T >0,

where Vy = max V(t). Thus,
0<t<T

Vo
~t 2<—72€t Nt <M*Et vt>0
IBOIP < 5—te ™ & Il < Me™, vt >0,
where M = Ami‘n/? 77> Which means that the origin of system is globally exponentially
stable, completing the proof of the theorem. [

Remark 6.10. Taking into account Remark|[6.4} it can be seen that Theorem [6.6]is not equivalent
with Theorem Because Assumption implies Assumption but not the other way
around, we can deduce that Theorem|[6.7]is more general than Theorem|[6.6] and for any example
for which Theorem [6.6] can be applied, Theorem can be applied as well, but not the other
way around.

Remark 6.11. The stability of complex-valued neutral-type neural networks was only discussed
in [69] and [232]. The first paper discusses the exponential stability of the periodic solutions,
whereas this paper treats global solutions. The second one gives delay-independent criteria
for BAM neutral-type neural networks, which are more conservative than the delay-dependent
criteria given in this paper. As such, a direct comparison of our results with the ones already ex-
isting in the literature is not possible. The particularization of the obtained results for complex-
valued neural networks is another novel contribution of the paper. To the best of knowledge,
there are no established stability criteria for quaternion-valued neutral-type neural networks.

6.7.2 Numerical examples

In this section, two numerical examples are provided to demonstrate the effectiveness and cor-
rectness of the proposed stability criteria.

Example 6.6. Consider the following two-neuron neutral-type OVNN with time-varying de-

lays:
#1(t) = —dawy(t) + D07 ani fi(a; (1) + 25y bij f((t — m;(2))
+c121(t — + uq,
, it = m () + ) (6.7.30)
Balt) = —damalt) + T2 vy (2(8) + S byt — 7(0)
+02$2<t ( )) + Ua,
where
dy =18, dy = 15,
ar = (0.1 4 0.30) + (0.2 + 0.20) + (0.3 — 0.1)¢ + (—0.4 + 0.12) 4,
ajz = (0.4+0.12) + (0.3 — 0.22)7 + (0.4 4 0.12)¢ + (—0.2 + 0.32) ¢,
as = (0.2 —0.32) + (0.2 4+ 0.12)y + (0.4 — 0.20)¢ + (0.1 4 0.22) ¢,
agy = (0.1 +0.22) + (0.3 — 0.22)7 + (0.2 4 0.12)¢ + (0.4 — 0.22) 9¢,
bir = (0.2 +0.12) + (0.3 4+ 0.12)7 + (—0.2 + 0.32)¢ + (—0.1 4 0.42) 5¢,
bra = (—0.4 4 0.20) + (—0.2 + 0.31)) + (0.1 + 0.20)0 + (—0.2 + 0.20) ¢,
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bor = (0.1 — 0.42) + (0.2 — 0.22)7 + (0.1 4+ 0.22)¢ + (0.3 + 0.22) ¢,

by = (0.1 4+ 0.20) + (0.4 + 0.12)7 + (0.2 — 0.30)¢ + (—0.2 + 0.42) ¢,

¢1 = (0.1 4 0.052) + (0.05 — 0.052)7 + (0.1 — 0.12)¢ + (—0.1 + 0.052) ¢,

ea = (0.1 + 0.052) + (0.05 — 0.052)7 + (0.1 + 0.12)¢ + (0.05 — 0.052) ¢,

up =20((1 —22) + (3 —42)y+ (5 — 62)0 + (7 — &) 90),

uy =20((8 — 72) + (6 — 52)y + (4 )l + (2 — 1a)y0),

fi <ZZ:0[x]qeq) =3 ,0. 1= - - €q, from which we 1nferthatl[f L= 2%, p € {0,1,2,3},

Vj = 1,2, and so Assumption [6.3|is fulﬁlled. If the time-varying delays are 71;(t) = 7y;(t) =
0.3|sint|, V7 = 1,2, and the neutral-type delays are ; (t) = 12(t) = 0.1| cos t|,so7 = 7/ = 0.3
and ) = i’ = 0.1, then Assumption|[6.5]is also fulfilled.
By solving the LMI conditions in (6.7.4), we deduce from Theorem [6.6] that the equilib-
rium point of OVNN is globally exponentially stable, for G} = diag(8.1261, 10.1695),
G2 = diag(7.4576,9.5724), G} = diag(8.1261,10.1694), G2 = diag(7.4577,9.5726), G} =
diag(8.1262, 10.1695), G2 = diag(7.4576,9.5725), G = diag(8.1260, 10.1695), G2 = diag(7.4576,9.5725),
and € = 0.1. (For brevity, the values of the other matrices are not given.)

Example 6.7. In this example, consider the same neutral-type OVNN with time-varying delays
in (6.7.30), but with the following parameters:
dl - 6, dg - 3,

a;n = (0.2+0.12) + (0.5 — 0.22)7 + (0.4 4+ 0.32)¢ + (0.3 + 0.12) ¢,
ajs = (—0.3+0.31) + (—=0.4 — 0.22)7 + (0.3 + 0.12)¢ + (0.2 — 0.12)9¢
as = (—0.4+0.31) + (—=0.3 — 0.22)7 + (0.6 + 0.22)¢ + (0.5 + 0.12) 94,
ag = (—0.54+0.20) + (—=0.2 — 0.42)7 + (0.2 + 0.32)¢ + (0.2 — 0.32) y¢
bi1 = (0.6 + 0.42) + (0.9 — 0.52)7 + (0.7 + 0.62)¢ + (0.4 — 0.22) ¢,
b1z = (0.7 +0.62) + (0.8 — 0.42)7 + (0.9 + 0.42)¢ + (0.3 — 0.22) ¢,
bor = (0.8 +0.32) + (0.7 — 0.22)7 + (0.6 + 0.12)¢ + (0.1 — 0.42) ¢,
by = (—0.9 4 0.20) + (—0.6 — 0.31)7 + (0.8 + 0.50)¢ + (0.2 — 0.42) ¢,

¢ = (—0.1+0.142) + (—0.13 — 0.162) 7 + (0.12 + 0.152)¢ + (0.15 — 0.18) 3¢,
ey = (0.13 + 0.121) + (0.14 — 0.132)7 + (0.11 + 0.120)¢ + (0.13 — 0.122),
up =5((8 = T1) + (6 — 52)y+ (4 — 3)l + (2 — 12)0),

ug =5((1 —22) + (3 —41)y+ (5 — 62)¢ + (7 — &) y¢),

i (EZ:O [m]qeq) = ZZ 0 Hg—[z]qeq, from which lf = ?T Vj = 1,2, and so Assumption

is fulfilled. If the time-varying delays are 7y;(t) = ng( ) = 0.4|cost|, Vj = 1,2, and the
neutral-type delays are 7, (t) = n2(t) = 0.2|sint|, so7 = 7/ = 0.4 and n = ' = 0.2, then
Assumption [6.5]is also fulfilled.

By solving the LMI conditions in (6.7.17), we deduce from Theorem|6.7]that the equilibrium
point of OVNN (6.7.30) with the above parameters is globally exponentially stable, for G! =
diag(3.3205, 2.8483), G* = diag(3.3736, 3.4405), and € = 0.5. (For brevity, the values of the
other matrices are not given.)

Remark 6.12. It can be easily verified that Theorem [6.6] cannot be applied for Example but
Theorem can be applied for both examples, which empirically confirms the correctness of
the claims made in Remark [6.4] and Remark [6.10)






Chapter 7

Dynamics of matrix-valued neural
networks (MVNNS)

Multidimensional neural networks have caught the attention of researchers over the last few
years. Complex-valued neural networks (CVNNs), first introduced by [227], have numer-
ous applications, including radar imaging, antenna design, image processing, estimation of
direction of arrival and beamforming, communications signal processing, and many others
(77, 78]. Hyperbolic numbers, which also form a 2-dimensional algebra, represent the basis
for hyperbolic-valued neural networks (HVNNSs), which are another type of multidimensional
networks [103} [134]]. First introduced by [4], quaternion-valued neural networks (QVNNs)
were applied in color image compression [89], polarized signal classification [22]], color night
vision [[104], chaotic time-series prediction 7], and 3D wind forecasting [92, 213]]. Proposed by
[139,140], and later discussed by [24, [103], were Clifford-valued neural networks (CIVNNSs),
which have potential applications in high-dimensional data processing. These networks rep-
resent a generalization of CVNNs, HVNNs, and QVNNSs, because complex, hyperbolic, and
quaternion algebras are special cases of the 2"-dimensional Clifford algebras, where n > 1.
Lastly, octonion-valued neural networks (OVNNs), which don’t fall into the Clifford neural
networks category, were proposed by [149].

On the other hand, the complex, hyperbolic, quaternion, octonion, and Clifford algebras
can all be seen as subalgebras of the square matrix algebra, which means that any number
belonging to these sets can be represented in matrix form. For instance, the complex number

a + b, i = y/—1, can be represented as (Z

" ) , the hyperbolic number a + ub, u? =

1, u # %1, as (Z 2) , and the quaternion a + ib + jc + kd, i* = j* = k* = ijk =

a b ¢ d
—b a —-d ¢ ) . .

—1, as e d 4 -l This observation means that the matrix algebra represents a
—d —c b a

generalization of all the above-mentioned algebras, which gave rise to the idea of generalizing
CVNNs, HVNNs, QVNNs, OVNNSs, and CIVNNS to matrix-valued neural networks (MVNNS5),
first in their feedforward variant, in [[144]]. Their degree of generality offers a potential for these
neural networks to have many applications in the future at solving problems at which traditional
neural networks have failed or performed poorly.

169
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7.1 Matrix-valued Hopfield neural networks

The idea of introducing an energy function in order to study the dynamics of fully connected
recurrent neural networks was first proposed by Hopfield at the beginning of the 1980’s, see
(80, 81} 182, 206]. He showed that combinatorial problems can be solved by using this type of
network. Since then, Hopfield neural networks have been applied to the synthesis of associative
memories, image processing, speech processing, control, signal processing, pattern matching,
etc. Because of the observations made in the beginning of this chapter, we consider an interest-
ing idea to introduce matrix-valued Hopfield neural networks. These networks can be applied to
the synthesis of matrix-valued associative memories, and also to image processing and pattern
matching, where the data can be treated in matrix form.
The presentation in this section follows that in the author’s paper [152].

7.1.1 Main results

Consider the algebra M,, of square matrices of order n with real entries.

In what follows, we will define Hopfield neural networks for which the states, outputs,
weights and thresholds are all from M,,, which means that they are square matrices. The
network is described by the set of differential equations

N
Tid‘f;t(t) = —Vi(t) + Y Wy f(Vi(t) + By, i € {1,...,N}, (7.1.1)

J=1

where 7; € R, 7; > 01is the time constant of neuron ¢, V;(t) € M,, is the state of neuron 7 at time
t, Wi; € M,, is the weight connecting neuron j to neuron ¢, f : M, — M, is the nonlinear
matrix-valued activation function, and B; is the threshold of neuron i, Vi € {1,...,N}. The
derivative is taken to be the matrix formed by the derivatives of each element [V;()],, of the
matrix V;(¢) with respect to ¢:

Wilt)  (d(Vilt)]w)
dt B ( dt ) 1<a,b<n '

If we denote by X;(t) := f(V;(¢)) the output of neuron j, the above set of differential equations
can be written as

dvi(t) al '
gy Vi) +) WyX;(t)+ Bi, i €{1,...,N}.

J=1

The activation function f is formed of n? functions f* : M,, = R, 1 < a,b < n:

f(V> = (fab(v))1§a,b§n )

In order to study the stability of the above defined network, we need to make a series of
assumptions about the activation function.

The first assumption is that the functions % are continuously differentiable with respect

to each [V, V1 < ¢,d < n, V1 < a,b < n, and the function f is bounded: IM > 0,

lf(V)|| < M, VYV € M,,, where || X]|| is the Frobenius norm of matrix X, defined by || X || =

Tr(X XT), and Tr(X) represents the trace of matrix X. In this setting, the n? x n? Jacobian
matrix of the function f can be defined as
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Jac, (V) = (ag[ib/g) ) 1<ab<n

1<¢c,d<n

The second assumption that we have to make is that f is injective and Jacy(V') is sym-
metric and positive definite, VV' € M,,. This, together with the above assumption, assures
the existence of the inverse function of f, g : M, — M,, g = f~!. We can thus write
9(X;(t)) = Vi(t),Vi € {1,..., N}. Now, we can define a function G : M,, — R,

n [X]ab
szzl (V) dy,

a,b=1

where g% : M,, — R are the component functions of g and the matrices Y *° have the following
form

[(X]ea, (c,d) < (a,b)
Ylu={y,  (ed)=(ab),VI<ab<n
0 (e,d) > (a,b)

For example, for 2 x 2 matrices, we have that

o0 = [0 (o [ ()
(O e [ (G )

This function satisfies
0G(X)

8[X]ab

The above condition can also be written in matrix form as

0G(X) _

=g"(X), V1 < a,b<n.

The last assumption concerns the weights of the network, which must satisfy:

Wy =W5, vi,je{l,...,N}.

Having made all the above assumptions, we can define the energy function £ : MY — R
of the Hopfield network ([/.1.1) as:

N N N

E(X(t)) = —% SO TG WX (1)) + Y GX() — Z Tr(BY X,(t)).  (7.1.3)

=1 j=1 =1

A function E is an energy function for the Hopfield network (7.1.1) if the derivative of E

along the trajectories of network, denoted by %’i(ﬂ), satisfies the condition %’i(t)) < 0 and

EXW) = ) o 0 — o Vi € {1,...,N}. We will show that the function E defined in

(7.1.3) is indeed an energy function for the network ([/.1.1]).
For this, we start by applying the chain rule:



172 7. Dynamics of matrix-valued neural networks (MVNNs)

n

OE(X(1)) d[Xi(t)]s
X, (D] dt

dE(X(1) <
dt a Z

i=1 a,b=1

a (X(1))\" dX,(t)
Z (( 30 ) p ) (7.1.4)
E(X()

where by a X0 Ve denoted the partial derivative of the function E with respect to each
element [Xl( )]ap of the matrix X;(¢), V1 < a,b < n, Vi € {1,..., N}. Taking (7.1.3) into
account, using the fact that

dTr(XTA)  dTr(ATX)
dXx — dX
relation (7.1.2)), the assumption W;; = W

1]

= A,

and also the set of equations given by (7.1.1), the

expression of the partial derivative = )(( ((tt))) = ( g[EX()((tgm) is computed as:
B wwiaeb J1<a,b<n
OE(X(1)) 3
= = WiX;(t) + g(Xi(t)) - By

TOXi(t)

= - (i Wi X;(t) = Vi(t) + Bz’)
, Vie{l,...,N},

If we denote by vec (X) the vectorization of matrix X, and use the identity Tr(ATB) =
vec(A)Tvec(B), VA, B € M, we can now write equation (7 as:

dE(X(t)) AVi()\ " dX;(t)
T:Z“«i ) dt)

SRR
= - Nl - [Vec <d)z‘t<t)>r[Jacg(xi(t))]Tvec (d)jt(t))

1=

< 0, (7.1.5)

where, from g(X;(t)) = V;(t), we obtained that

vec (W) _ Jac,(X, (t))vec<d);<t)> Vie{l,...,N}.

Because Jac; (1) is symmetric and positive definite, we deduce that Jac,(X) is also symmetric
and positive definite, and thus

[Vec (d)g;t(t))r Jac, (X,(1))] vec <d)‘;t(t)> >0, Vie{l,...,N}.
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which allowed us to write the last inequality in relation ((7.1.5). Equality is attained when

dEX(t))
dt

_ dX;(t)\ _ dXi(t) .
—0<:>VCC( 0 )—0@ 7 =0,Vie{l,...,N},

thus ending the proof that £ is indeed an energy function for the network (7.1.1)).
We now give two examples of activation functions that satisfy the above assumptions, in-
spired by the ones used in real-valued and complex-valued neural networks:

Vv

f(V)=—1+||V||,

vV e M,

f <<[V]ab)1§a,b§n) = (tanh(Vl]a) <, pen s YV € M,

The first one corresponds to the fully complex activation functions, while the second one corre-
sponds to the split complex activation functions from the complex-valued domain.

7.2 Matrix-valued bidirectional associative memories

First introduced by Kosko in [100], bidirectional associative memories, an extension of the uni-
directional Hopfield neural networks, were intensely studied, and have many applications in
pattern recognition and automatic control. Because of the fact that complex-valued bidirec-
tional associative memories were introduced in [[110], quaternion-valued bidirectional associa-
tive memories in [102]], and Clifford-valued bidirectional associative memories in [217], we
considered an interesting idea to introduce matrix-valued bidirectional associative memories.
These networks can be applied to store matrix patterns and to solve difficult matrix optimiza-
tion problems.
The presentation in this section follows that in the author’s paper [172].

7.2.1 Main results

In the following, we will define bidirectional associative memories for which the states, outputs,
and thresholds are all from M,,, which means that they are square matrices. The network is
described by the set of differential equations

»
Tid}zi(t) = =Xi(t) + ) Wiy f(Y;(0) + A, Vie{l,...,N},
dy, . (7.2.1)
(t
v c;t( ) —Y;(?) +;sz‘f(Xi(t)) +B;, Vje{l,...,P},

where 7; € R, 7, > 0 is the time constant of neuron X;, v; € R, v; > 0 is the time constant of
neuron Y;, X;(t) € M,, is the state of neuron X; at time ¢, Y;(t) € M,, is the state of neuron
Y; at time t, W;; € M,, is the weight connecting neuron X; to neuron Yj, f : M,, = M,, is
the nonlinear matrix-valued activation function, A; is the threshold of neuron X, and B; is the
threshold of neuron Y;, Vi € {1,...,N},Vj € {1,..., P}. By denoting U;(t) := f(X;(t)) the
output of neuron X; and V;(¢) := f(Y;(t)) the output of neuron Y;, the above set of differential
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equations becomes:

dX,(t) P |
g il +Z_:Wiﬂ/}(t) + A, Vie{l,..., N},
4y, (t N
v, ét( ) = ity + SOWLUL() + By, Vi € {1, P).

Studying the stability of the above defined network requires a series of assumptions about the
activation function, which we will detail below.

Just like in Section[7.1] in order to study the stability of the above defined network, we need
to make a series of assumptions about the activation function. The assumptions will be exactly
the same as the ones in Section [7.1l

Taking these assumptions into account, we can define the energy function £ : MY*+P — R
of the bidirectional associative memory (7.2.1) as:

E(U(), V(1) = —ZZTT (£)" Wi Vi(8))

+ 30 GUI) = Y THATU(D)

+ZG(Vj(t)) — ZTr(BjTV;(t)). (7.2.2)

A function F is an energy function for the network (7.2.1)) if the derivative of F along the

trajectones of network, denoted by M sausﬁes the condition w < 0 and

dE(U(g, ®) — 0 o 4. (t) dV (t) —0,Vi E {1 LN} Vjed{l,..., P} In the following,

we will show that the functlon E defined in is 1ndeed an energy functlon for the network

(7.2.1).
For this, we start by applying the chain rule:

dE(U(t), V(1)) @E )) d[U;(t)]a
dt - ZZ dt :

i=1 a,b=1

P2 OB(UM), V(D) dVi(E)
DD e i T

e [((PEUW, V)T dUit)
-2 () )
- OE(U(), V(1) \" dVj(t)
+ZTr<( V) ) - ) (7.2.3)
9E(U(1), V(1))

where by G denoted the partial derivative of the function £ with respect to each
element [U (t)]an of the matrices U;(t), V1 < a,b < n, Vi € {1,..., N}, and analogously for
AE(U(1),
Wi ¥ € {1, P
For the partial derlvatlves

OE(U(1), V(1)) _ <8E(U(t),V<t>>)
aU;(t) MUi(Das /) 1<apen
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and
OEU(), V(t) _ <5E(U(t)7V(t))>
aV;(t) Vil /1<apen’
we have from (7.2.2) that
ety = D W)+ o0~ 4
= — (Z Wi Vi(t) — X,(t) + Az>
_ _Tid)zt(t), Vie{l,...,N},

= - (Z W;U;(t) — Yi(t) + Bj)

dyY;(t
= —v; C;t(), Vje{l,..., P},

where we used the fact that

dTr(XTA)  dTr(ATX)

dxX x4

relatign (712), the assumption 1W;; = W7, and also the set of equations given by (7.2.1)). Now,
equation (7.2.3) becomes:

dE(U(H), V() _ i,ﬁ((_TidXi(t))TdUi(t))

dt p dt dt
+]Z;Tr ((_Ujdﬁft))T d‘gt@)

=3[ (Y] e (00)

3 e ()] e (42)

IN
o
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where we denoted by vec (X) the vectorization of matrix X. We also used the identity
Tr(A'B) = vec(A) vec(B), VA, B € M,,

and, from g(U;(t)) = X;(t) and g(V;(t)) = Y;(t), we obtained that

vec (M) = Jacy (Ui(t))vec (dUi@) ’

dt dt
vec (W) — Jac, (V;())vec (d‘gt(t)) |

Vie{l,...,N},Vj € {1,..., P}. Because Jac;(X) is symmetric and positive definite, we
deduce that Jac,(U) is also symmetric and positive definite, and thus

:Vec (%t(t)) ' [Jac, (U;(t))]" vec (%t(t)) >0,

:vec (%t(t)) ' [Jac, (V;(t))]" vec (%t(t)) >0,

Vi e {1,...,N}, V5 € {1,..., P}, which allowed us to write the last inequality in relation
(7.2.4). Equality is attained when w = 0 & vec <M> = vec <M> =0<

dt dt

%'t(t) = % =0,Vie{l,...,N}, Vj € {1,..., P}, thus ending the proof that F is indeed

an energy function for the network (7.2.1]).

7.3 Asymptotic stability for MVNNs with delay

We considered an interesting idea to introduce matrix-valued Hopfield neural networks [152],
which, as stated earlier, generalize CVNNs, HVNNs, QVNNs, OVNNs, and CIVNNs. These
networks can be applied to the synthesis of matrix-valued associative memories, and also to
image processing and pattern matching, where the data can be treated in matrix form. Because
time delays inherently occur in real life implementations of neural networks, and they can lead
to unwanted behavior such as oscillations and chaos, we consider matrix-valued Hopfield neural
networks with time delay, and study their dynamics, more precisely the existence, uniqueness,
and global asymptotic stability of their equilibrium point.

In this and the following sections, the following notations will be used: with R we denote
the real number set and with R” we denote the n dimensional Euclidean space. M, denotes
the algebra of real square matrices of order n. A’ represents the transpose of matrix A and
* denotes the symmetric terms in a matrix. A > 0 (A < 0) means that matrix A is positive
definite (negative definite). [,, represents the identity matrix of order n and 0,, the empty matrix
of order n. The vector Euclidean norm or the matrix Frobenius norm are denoted by || - ||.
Amin(P) represents the smallest eigenvalue of matrix P.

The presentation in this section follows that in the author’s paper [160].

7.3.1 Main results

In what follows, we will define Hopfield neural networks for which the states, outputs, and
weights are all from M,,, which means that they are square matrices. The network is described
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by the system of differential equations
' N

Xz<t) = —dZXz(t) + Z Awf]( + Z ngj t - 7')) + UZ', (731)
j=1

i€ {l,...,N}, where X;(t) € M,, is the state of neuron i at time ¢, d; € R, d; > 0, is the
self-feedback connection weight of neuron i, A;; € M,, is the weight connecting neuron j to
neuron ¢ without time delay, B;; € M,, is the weight connecting neuron j to neuron ¢ with time
delay, f; : M,, — M,, is the nonlinear matrix-valued activation function of neuron j without
time delay, g, : M,, — M,, is the nonlinear matrix-valued activation function of neuron j with
time delay, 7 € R is the time delay and we assume 7 > 0, and Uj is the external input of neuron
i,Vi,5 €{1,...,N}.

In order to study the stability of the above defined network, we need to make an assumption
about the activation functions.

Assumption 7.1. The matrix-valued activation functions f; and g; satisfy the following Lips-
chitz conditions:

(X)) = [(X) < U)X = X')|, VX, X' € M,,
[19;(X) — g; (X < BIIX = X'[], VX, X" € M,,

where l;c > 0 and ljg > 0 are the Lipschitz constants, ¥j € {1,..., N'}. Furthermore, we denote
L_f = diag(l{[nz, lg[n% ce ,lﬁ,[,ﬂ), L_g = diag(l‘f[ng, lg[n2, ey l]gvfn2).

We will first transform the matrix-valued set of differential equatlons into a real-
valued one. For this, we will detail each equation in (7.3.1)) into n? real- Valued equatlons.

[Xi(t>]pq = —d;[X;(t)]pg + Z Z[Aij]prf;q(Xj(t»

j=1 r=1
N n
+ 3 [Bilprgi (X5t = 7)) + [Uilpas (7.3.2)
j=1 r=1
1 <p,qg<n,ie{l,...,N}. Now, using the vectorization operation, we can write
_ N
vee(Xi(t)) = —dilavec(Xi(t)) + > (I ® Ajj)vec(f;(X;(t)))
J=1
N
+3 (I, @ Bij)vee(g;(X;(t — 7)) + vec(Uy), (7.3.3)
7j=1

i € {1,..., N}. Finally, if we denote
W (t) = (vec(X ()", vec(Xo(t)), ..., vec(Xn(t)")7,
dil,2 0 .- 0
— 0 dolype --- 0
D= . . . . )

0 0 0 dylye
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([, @Ay [,®An - L, ®AN]
y I, @Ay 1,®A%n - I,® AN
[ @AN L, ®Ans -+ I, ® Ann |
([,®By I,®Biy -+ I,®Biy|
5o I, ® By I, ®Byy -+ I,® Bay
_]n®BN1 I, ® Bng -~ ]n®BNN_

FW (1)) = (vee(f1(Xu1(1)))", vee(fo(X2(t)))", .. ., vee(fn(Xn (1)),
gW (t — 7)) = (vee(ga(Xu(t — 7)))", vee(ga(Xa(t — 7)), ... vee(gn (Xn(t —7)))")",
U = (vec(Uy)T, vec(Uy)T, ... vec(Ux)")7,
with the simplifying notations W = W (¢) and W™ = W (t — 1), system becomes

W=—-DW+AfW)+BgW")+U. (7.3.4)

Remark 7.1. The system is equivalent with the system (7.3.1)), which means that any
property proven about system ([7.3.4)) will also hold for system (7.3.1)). For this reason, from
now on we will only study the existence, uniqueness and global asymptotic stability of the
equilibrium point of system ((7.3.4).

Remark 7.2. It can be clearly seen from the above derivation that the matrix-valued recurrent
neural network defined in (7.3.1)) is not equivalent with an n/N-dimensional real-valued recur-
rent neural network, because, for such a network, the matrices A and B are general uncon-
strained matrices, and don’t have the particular form given above.

We will also need the following lemmas:

Lemma 7.1. ([55]). If H : R™N — R™N js g continuous map that satisfies the following
conditions:

(i) H is injective on RN,
(ii) ||[H(W)|| = oo as ||W|| = oo, where || - || represents the Euclidean norm on R™"Y,
then H is a homeomorphism of R™N onto itself.

Lemma 7.2. ([[14]). For any vectors x, y € RN, positive definite matrix P € M2y, and
real constant € > 0, the following linear matrix inequality (LMI) holds:

1
22Ty < ex” Px + gyTP_ly.

Lemma 7.3. ([66]). For any positive definite matrix M € M.,2y and vector function W
la,b] — R™ N, such that the integrations concerned are well defined, the following inequality

holds:
(/abw(s)dS)TM (/:W(S)ds) <(h-a) /ab T () MW (5)ds.
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7.3.2 Main results

We begin by giving an LMI-based sufficient condition for the existence, uniqueness, and global
asymptotic stability of the equilibrium point for (7.3.4).

Theorem 7.1. If Assumption[7.1|holds, then system (1.3.4) has a unique equilibrium point which
is globally asymptotically stable if there exist real numbers £, > 0 and £, > 0, and positive
definite matrix P € M2, such that the following LMI holds

PD+DP—eL; Ly —eL, L, PA PB
* e1leoy 0 > 0. (7.3.5)
* * ealn2y

Proof. Define the function H : R”N — RN,
H(W)=—-DW +Af(W)+ Bg(W)+U. (7.3.6)

First, we will prove that H is injective. We assume by contradiction that there are W,
W’ e RN, W # W, for which H(W) = H(W’). This equality can be written as

= D(W = W)+ A(f(W) = F(W)) + B(g(W) = g(W")) = 0. (7.3.7)
If we left multiply this relation by 2(W — W) P, we get that
2(W = W)'P(=D(W = W') + A(f(W) — f(W")) + B(g(W) — g(W"))) =0, (7.3.8)
which is equivalent with
(W =W (=PD — DP)(W — W') + 2(W — W)TPA(f(W) — fF(W"))
+2(W — WHTPB(G(W) —g(W")) =0, (7.3.9)
From Assumption|/.1, we have that
1/5(X) = DI < PIIX = X7
& [Jvee(f;(X)) = vee(f;(X))[| < f][vec(X) — vee(X'),

for j € {1,... N}. Taking into account the above notations, this can be written as

(FW) = FWNT(F(W) = FW') < (W = W)TL; LW — W), (7.3.10)
In the same way, we can deduce that
(W) — g(W")" (g(W) — g(W")) < (W — WL, T (W — W), (7.3.11)

Now, we have from that
(W —W"T(=PD — DP)(W — W)+ 2(W — W)TPA(f(W) — f(W"))
+2(W = W) PB(g(W) —g(W"))

< (W=W""(=PD = DP)(W = W') + &1 (f(W) = F(W)(fF(W) = F(W'))
+er (W — W)TPAA P(W — W) + e5(g(W) — g(W') T (GW) — g(W"))
tey (W —W)HTPBB P(W — W)

< (W =W (=PD —DP)(W —W') + e,(W = W)HTL(W — W)

(W —W') +
e (W — W)TPAA P(W — W) + eo(W — W)TM(W — W)
+ey (W —W)H'PBEB P(W — W)
— _(W-W(PD+DP-eL,'T; —esL, L, — ' PAA' P
—&;'PBB P)(W — W), (7.3.12)
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where we also took into account Lemma [7.2] and inequalities (7.3.10) and (7.3.T1).
From the condition (7.3.5)), using Schur’s complement, we get that

PD+DP—eL; L;—eL, L,—e;'PAA P—c;'PBB P >0, (7.3.13)
which, plugged back into ((7.3.12), finally yields
H(W) — HW') <0,

which is an obvious contradiction with our initial assumption. Thus, H is injective.
Next, we will prove that ||H (WW)|| — oo as ||IW|| — oo. For this, we deduce from (7.3.13)
that there exists a sufficiently small € > 0, such that

—PD-DP+eL; Ly+eL, Ly+e;' PAA P+e;'PBB' P < —¢l,ay.
Taking W’ = 0 in (7.3.12), gives
SWTP(H(W) — H(0)) < WT(—PD—DP+eL; Ly +éesL, Ly+e;'PAA P
+e;'PBB' P)W
< —||[W]2 (7.3.14)
From the Cauchy-Schwarz inequality and relation (7.3.14)), we obtain
2[WIHIPIH W) + [[H(0)]]) > el[W]],

which immediately yields that || H (W)|| — oo when ||[W]| — oc.

Applying Lemma we get that H is a homeomorphism of R"*N onto itself. This means
that the equation H(W) = 0 has a unique solution, and so system also has a unique
equilibrium point, which we will denote by w.

We now shift this equilibrium point to the origin, and the system becomes

W = —DW + A f(W)+BgWwn), (7.3.15)

where (W) = f(W+W)—f(W)and g(W7) = g(W™+W)—g(W). Construct the following
Lyapunov-Krasovskii functional:

VAT() = W (0P () + / ()T QW (s)ds.

where Q) € M2y, @ > 0.

The derivative of V(W (t)) with respect to ¢ along the trajectories of system (7.3.15)) can be
computed as

VW) = WIPW + WIPW + WTQW — WTQW™
= WIP(—DW +Af(W)+Bg(W")) + (—DW + A f(W) + BgW)TPW
+WIQW — W QW™
— WT(—PD — DP)W + WP PA f(W) + f*(W)A" PW + W' PB §(W")
+q"(WHB' PW + WTQW — WTQW™. (7.3.16)
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Multiplying (7.3.10) and (7.3.11) by &1 > 0 and e, > 0, respectively, yields

0 < es(WIL; LW — FR(W)F(V)), (7.3.17)
0 < eo(WTT, LW — g"(W)g(wm)). (7.3.18)
Together with (7.3.16), inequalities (7.3.17) and (7.3.18)) give
V(W) < ¢, (7.3.19)
where . . o o
f — [WT wT fT(W) f]T(WT)] 7
Qu 0 PA PB
a_ | * —Qt+el, I, 0 0
* * —e1l2 N 0 ’
* * * —eol2n

O =-PD-DP+Q+¢eL; L.

Now, we have € < 0 if and only if Q > e»L, L, and

—PD-DP+Q+¢eL;, L; PA PB
* * _82]n2N

Inequality (7.3.20) together with () > e3L, L, are equivalent with condition (7.3.5), which
means that gives

V(W) <0,

from which we can deduce that the equilibrium point of (7.3.4)) is globally asymptotically stable,
thus ending the proof of the theorem. [

Theorem 7.2. If Assumption holds, then the equilibrium point of system (1.3.4)) is globally
asymptotically stable if there exist real numbers €1 > 0 and 5 > 0, and positive definite
matrices P,Q), R, S € M,y such that the following LMI holds

Iy, Iy ILiy 0 Ilgs

x Il 0 0 0

M= x x  II33 0 Ilg5| <O, (7.3.21)
* X * H44 0
* * * x x5

where Il = —PE—EP—{—Q—{—le_fTL_f—{—TﬁRﬁ—T’IR, Iy =7 'R I3 = PA—7TDRA,
H15 = PE — TERE, HQQ = —Q + €2L_QTL_9 - T_lR, H33 =95— 5IIn2N + TZTRZ, H35 =
TZTRE, H44 = —S, H55 = —62[n2N -+ TFTRE.

Proof. Consider the following Lyapunov-Krasovskii functional

VW) = WT#)PW(t) + / t W (s)TQW (s)ds + / o W (s)RW (s)dsdd

[ FOve)sFav(s)s
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Its derivative with respect to ¢ along the trajectories of system ([7.3.135)) is

VW) = WIPW + WIPW + WIQW — WTQW™ + rWTRIW
t

— | WT(s)RW (s)ds + f7(W)SFOV) — F7(WT)SFOVT)

< VVTJ_D(—EW+Z;’<W) +Bg(W™) 4+ (=DW + A f(W) + BgW))' PW
+WTQW —W™TQW™ + TWTRW — 71 (/ W( s> R ( )
+fEW)SFW) = Fr WS FVT), (7.3.22)

where we used Lemma(7.3|to get the inequality

(o) ([ sreom) < [ irombos

There exist two real numbers €; > 0 and €5 > 0 so that relations (7.3.17) and (7.3.18) hold,
and combining them with (7.3.22) yields

V(W) < ¢TI, (7.3.23)

where 5 3 o o o
C=[Wr W fr(w) fT<WT) gt
and II is given by (7.3.21). Also from condition ( we have that II < 0, so (7.3.23)

becomes o
V(W) <0,
and thus the equilibrium point of system (7.3.4)) is globally asymptotically stable. O

7.3.3 Numerical examples
In this section, we give two numerical examples to prove the effectiveness of our results.

Example 7.1. Consider the following two-neuron matrix-valued recurrent neural network with
time delay:

X1(t) =—di Xy (t) + Y25 A fi(X5(1) + X0y Bijgs(X;(t — 7)) + Uy,
Xo(t) ==da Xo(t) + 207 Aoj f5(X;(1)) + 35—y Buyg; (X;(t — 7)) + Us,

where d; = d, = 20,

(7.3.24)

s
s
—

|
1
DN =
DN =
| I
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s
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|
1
— =
— =

s
[\
=

|
el
NI
DN =
| I
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[\
[\

I
1
DN =
— N
—_

f ([[X]ll [X]12:|> _ [1+61[X]11 1+61[X]12}
[X]Ql [X]QQ 1+e—Xl21  14e—[Xl22 ’
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1—e—[X12
1+e—[X]12

]

1—e—[Xl22
1+e—[X]22

from which we get that [; = [, = % and m; = my = 1. The time delay is 7 = 0.5.

Solving the LMI condition (7.3.3) in Theorem we obtain that system has a

unique equilibrium point which is globally asymptotically stable for e, = 12.4719, g5 =
12.1648 and
[ 0.6951 —0.0110 0 0 —0.0119 —0.0158 0 0 1
—0.0110  0.6854 0 0 —0.0141 —0.0222 0 0
0 0 0.6951 —0.0110 0 0 —0.0119 -0.0158
p_ 0 0 —0.0110 0.6854 0 0 —0.0141 —0.0222
—0.0119 —-0.0141 0 0 0.6862 —0.0205 0 0
—0.0158 —0.0222 0 0 —0.0205 0.6729 0 0
0 0 —0.0119 -0.0141 0 0 0.6862 —0.0205
i 0 0 —0.0158 —0.0222 0 0 —0.0205 0.6729 |

Example 7.2. In this example, consider the same two-neuron matrix-valued recurrent neural

network in (7.3.24)), but with the following parameters: d; = 2.5, do = 0.7,

[0.05 0.04] 0.02 0.03] 0.01 0.03]
Au = 0.09 02" iz = 0.09 0.18]° Az = 0.07 0.24]° Az =
[0.23 093] [0.18  0.87] 0.17 0.98]
Bu = 0.03 05]° Bz = 0.02 0.45]° Bu = 0.02 06’ B =
—1 2] -4 3
Ul = |:_4 3- ) U2 = |:_2 1:| )
f ([[X]n [X]12D o3 {Heixm v s |
[(XJo1 [X2o X e N
—e— X1 _e—[XT12 ]
g ([[X]n [X]uD 0.9 he:gﬁl Le:gﬁz
X (X2 e e |

[0.07
0.09

[0.24
0.04

0.09]
0.13]

0.89]
0.54]

from which we now have that [, = [, = 0.15 and m; = my = 0.4. In this case, the time delay

isT = 2.

By solving the LMI in condition (7.3.21)) in Theorem we get that system has

a unique equilibrium point which is globally asymptotically stable for e; = 65.8031, e =

87.8717 and
[ 51.7045 —3.1676 0 0 —8.3266 —5.0198 0 0
—3.1676  55.0336 0 0 —3.9886 —3.9673 0 0
0 0 51.7045 —3.1676 0 0 —8.3266 —5.0198
P 0 0 —3.1676  55.0336 0 0 —3.9886 —3.9673
—8.3266 —3.9886 0 0 36.1497 —17.6836 0 0
—5.0198 —3.9673 0 0 —17.6836  53.5836 0 0
0 0 —8.3266 —3.9886 0 0 36.1497 —17.6836
i 0 0 —5.0198 —3.9673 0 0 —17.6836  53.5836
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42.6488 —1.0556 0 0 —5.1061 —3.5766 0 0
—1.0556 43.8133 0 0 —2.9332 —1.9195 0 0

0 0 42.6488 —1.0556 0 0 —5.1061 —3.5766
B 0 0 —1.0556 43.8133 0 0 —2.9332 —1.9195

@= —5.1061 —2.9332 0 0 22.0132 —10.0197 0 0

—3.5766 —1.9195 0 0 —10.0197  31.9109 0 0

0 0 —5.1061 —2.9332 0 0 22.0132 —10.0197

0 0 —3.5766 —1.9195 0 0 —10.0197  31.9109
14.7012 —1.0320 0 0 —5.2659 —3.0947 0 0 i
—1.0320 15.7960 0 0 —2.4228 —2.6857 0 0

0 0 14.7012 —1.0320 0 0 —5.2659 —3.0947

R 0 0 —1.0320 15.7960 0 0 —2.4228 —2.6857
—5.2659 —2.4228 0 0 17.3828 —5.6208 0 0
—3.0947 —2.6857 0 0 —5.6208 23.1786 0 0

0 0 —5.2609 —2.4228 0 0 17.3828 —5.6208

0 0 —3.0947 —2.6857 0 0 —5.6208 23.1786 |
34.3922 —2.3264 0 0 —1.4004 —2.0082 0 0 i
—2.3264 27.8865 0 0 —4.4491 —6.2563 0 0

0 0 34.3922 —2.3264 0 0 —1.4004 —2.0082

g_ 0 0 —2.3264 27.8865 0 0 —4.4491 —6.2563
—1.4004 —4.4491 0 0 32.1886 —4.1373 0 0
—2.0082 —6.2563 0 0 —4.1373  29.4049 0 0

0 0 —1.4004 —4.4491 0 0 32.1886 —4.1373
0 0 —2.0082 —6.2563 0 0 —4.1373  29.4049 |

7.4 Exponential stability for MVNNs with delay

The presentation in this section follows that in the author’s paper [161]].

7.4.1 Main results
By shifting to the origin the equilibrium point Y of (7.3.4), the system (/.3.4]) becomes

Y =-DV +Af(Y)+Bgy), (7.4.1)
where f(Y) = f(Y +Y) — f(Y)and g(Y") = g(Y™ +Y) —g(Y).

Remark 7.3. The system (7.4.1)) is equivalent with the system (7.3.1), which means that any
property proved about system (7.4.1]) will also hold for system (7.3.1). For this reason, we will
only study stability properties for the origin of system (7.4.1).

We now give a sufficient condition that ensures the global exponential stability of the origin
of system (/.4.1]).
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Theorem 7.3. If Assumption[7 1] holds, then the origin of system (7 is globally exponen-
tially stable if there are positive definite matrices P, ()1, ()2, (03, S1, Sg, Ss3, Sy, positive block-
diagonal matrices Ry, Ry, Rs3, Ry, all from M, z2y, and € > 0, so that the following linear

matrix inequality (LMI) is true
(IDgx9 < 0, (7.4.2)

where 11y, = 2eP — PD — DP +Q, + 18, — 7 '¢™>78, + DS, D+ L; RiL; + L, RsL,
H1,2 = T_16_2£Tsl, H173 = PA — TDSlA, H176 = PB — TDSIB, H2’2 = —6_257'@1 _
77178 + L RyL; + L, RiLg M35 = Qs+ 785 — By + 74 14 Tz5 = 7A' S B,
Myq=—€2"Qy— Ry, Il55 = Q3+ 75, — Ry, lgs = —e *7Q3 — Ry + TETSlE II; 7 =
—7716728752, H&g = -7 672575’3, Hgg = -7 16725754.

Proof. Consider the Lyapunov-Krasovskii functional

V(Y(t) = ezEtY/T(t)PY/(t)%—/t eQau}}T(u)Ql?(u)du%—/ ezgufT(Y/(u))ng(f/(u))du

t—1

+ [ et [ [ s waus

/_T /t+0 QEUYT 52 dud«9+/_T /Hg 28ufT )ng(f’(u))dude

/ / e G (Y (1)) Sug (Y (u))dudd.
—7 Jt+0
Its derivative with respect to ¢ for system (7 is

VV) = e [2sVTPY + VTPY + VTPY + V1Q1Y — e 2TV QV™ + [T (V)Qu (V)
—e TV )Quf (V) + 37 (V)Qs(Y) — e 757 (V) Qsg(Y7) + 7V 781V
T IR e R S T

Fr DS = [ 0P S ) + 73" (7)5ua()

- [ g sl w)an]

t[;wpff b (“DV + Af(¥) + BV )T PY + VT P(DY + A f(7)

FBGYT) +YTQY — e =YY + fT(V)Qof (V)
—e T fIYT)Qf (YT) + ~T( )@3g<> e TG (YT)Qsg(YT)

. ° t P
+7Y T8y — 7 te 2" ( du) Sy (/ Y(u)du)
t—1
t
+7Y TSy — 77 le %7 ( ) So (/ ?(u)du)
t—1

#8277 = e ([ aan)

+757 (V) S4g(Y) — 7 te %7 ( /; g(?(u))du>Ts4 ( /1t t g(f/(u))du>] ,(7.4.3)

IA
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where we used Lemma [7.3| for the inequality.
Assumption [7.T|can be written as

1£5(X) = XD < HI1X = X]]

& [|vee(f5(X)) — vee(f;(X)I| < U [[vec(X) — vee(X")]],
for j € {1,... N}. Taking into account this inequality (and the analogous one for the functions
g;), and the above notations, there exist positive block-diagonal matrices

Ry = diag(ri L2, m51,2, ... ,vN1n2), Ry = diag(rile,val,e, ... o ly2),
Rs = diag(r3 12,751,z ... rin1n2), Ry =diag(r{Le,m5l2, ..., r1n2),
such that
0 <YL RI;Y — [T(V)RJ(YV), 0 <YL RLY™ — TR (V7). (144
0<YTL, RyL,Y — " (V)Rsg(Y), 0 < V'L, RyL,Y™ — g"(V)RG(Y™).  (145)
Combining (7.4.4) and (7.4.5)) with (7.4.3)), yields
V(Y) < e*(TIIC, (7.4.6)

where
¢ = [YT YT Yy frym) gtn)gteen)

() (JE, SO @an) (1 507 pan)” ]

and II is given by (7.4.2)). Also from condition (7.4.2)) we have that IT < 0, so (7.4.6) becomes
V(Y) < 0, from which we infer that V (Y (t)) is strictly decreasing for ¢ > 0. This fact, together
with the definition of V(Y (t)), imply that

& Amin(P)|Y ()] < XY T()PY () < V() < Vo, Vt>T, T >0,

where V5 = max V/(t). Consequently, we have that
0<t<T

Vo

1Y (1)]]? < 2 (P) & [|[Y(O)]] < Me™, vt >0,

for M = m Thus, we obtained the global exponential stability for the origin of system
(7.4.1). O

7.4.2 Numerical example
Next, we give a numerical example to prove the correctness of the above-derived criterion.

Example 7.3. Let us consider the following delayed matrix-valued Hopfield neural network
with two neurons:

{Xl(t) =—di Xy (t) + Y5 A fi(X5(0) + X0y Biygi(X;(t — 7)) + Un,

Xo(t) =—dy X, (t) + 25:1 Agi fi(X;(t)) + Z?:l Bajg;(X;(t — 7)) + Uy, (7.4.7)
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where d; = dy = 11,
1 1 1 -1 -1 1] 1 2]
A11:_2 2},1412:{_1 1}71421:[2 _2,1422:_2 1_7

Bll =

[ 1 1 -1 1 1] 1 2]
2 _2:| ) B12 — |:_1 1 :| ) B21 — |:2 2- ) BQQ — -2 1_ )
5 —10 5 15
Ui= {15 10 } V2= {—10 —15] ’

1
f (([X]ab)lga,lé?) - <m) 1<ap<2

(X1 e
g ( ab a ) - (—> ’
1<ab<2 Lt e X ) hes

from which we get that I{ = 1] = s and 1Y = I§ = 1. The time delay is 7 = 0.5.

Solving the LMI condition in Theorem we obtain that the equilibrium point
of system (7.4.7)) is globally exponentially stable for ¢ = 0.2, Ry = diag(3.844414, 4.32761,),
Ry = diag(0.443414,0.36951,), Ry = diag(1.89531,, 1.15501,), Ry = diag(0.357014, 0.28391,),

[ 1.2130  0.0891 0 0 0.0534 —0.0414 0 0
0.0891  1.0538 0 0 —0.0239  0.0199 0 0

0 0 1.2130  0.0891 0 0 0.0534 —0.0415

p_ 0 0 0.0891  1.0538 0 0 —0.0239  0.0199

0.0534 —0.0239 0 0 0.8634 —0.1098 0 0
—0.0414 0.0199 0 0 —0.1098  0.7639 0 0

0 0 0.0534 —0.0239 0 0 0.8634 —0.1098

| 0 0 —0.0415 0.0199 0 0 —0.1098  0.7639 |

(For brevity, the values of the other matrices are not given.)

7.5 Exponential stability of BAM MVNNs with time-varying
delays

An extension of the unidirectional Hopfield neural networks, BAM neural networks [100]

have many applications in pattern recognition and automatic control. Time delays appear un-

avoidably in real life implementations of neural networks, which can lead to oscillations and

chaos. Complex-valued BAMs were introduced in [110], quaternion-valued BAMs in [102],

and Clifford-valued BAMs in [217]. These facts into account, we study the exponential stabil-

ity of the equilibrium point of matrix-valued BAM neural networks with time-varying delays.
The presentation in this section follows that in the author’s paper [162].

7.5.1 Main results

we consider matrix-valued BAM neural networks, for which the states, weights, and outputs are
square matrices from R"*". This type of network is defined by the following set of differential
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equations:

Xi(t) = —d' X; ZA ZB”g] (t—T))+ UL Vie{l,...,N},

Yi(t) = —d%Y; +ZA —|—ZBﬂgl i(t—7(t)+ULVje{l,..., P},

(7.5.1)
where X;(t), Y;(t) € R™*" represent the states of the neurons at time ¢, d;, d7 > 0 represent the
self-feedback welghts Al], Ajz»l- € R™*" represent the weights without delay, B}J, szi e R
represent the weights with delay, fjl, f? : R — R™ " represent the nonlinear matrix-valued
activation functions without delay, gjl, g? : R™"™ — R™" represent the nonlinear matrix-
valued activation functions with delay, 7(¢) represents the time-varying delay and we assume
that 0 < 7(¢) < 7,and 7(t) < 74 < 1, V¢t > 0, and U}, Uf € R™ " represent the external
inputs, Vi € {1,...,N},Vj € {1,..., P}.

We need to make an assumption about the activation functions in order to study the stability
of the above defined network.

. . . . . 1 2 1 2 . .
Assumption 7.2. The matrix-valued activation functions f;, ff, g;, g; satisfy the following
Lipschitz conditions, for any X, X' € R"*";

1A ) = SN < IX =X, 1200 = 2EON < 11X = X1,

1g;(X) = g; (X < W IIX = X'Il, g7 (X) — g7 (X < &[] X = X7,

where lfl, lf, l;’l, lfQ > 0 are the Lipschitz constants, Vi € {1,...,N}, Vj € {1,...,P}.
Moreover, we denoteL_fl = diag <l51]n2> , L_f2 = diag (lf]nz) , L_g1 = diag <l§1[n2>
1

ng = diag <l52[n2) .
1<i<N

bl
1<j<P <i<N 1<j<P

Now, we will transform the matrix-valued differential equations into real-valued
differential equations. We start by expanding each equation in ( into n? real valued equa-
tions, one corresponding to each entry in the original matrices:

[Xi(t)]ab = ab 1 Z Z Al ac 1 c (t))

£ 30 Y B luclgfla(Vi(t = 7)) + (U]
Vi) = —d[Y(t ab+ZZ (A2 e[ F2]( X (1))
+ZZ [BiiJaclg?]es(Xi(t — (1)) + [UFab, (7.5.2)

forl <a,b<mn,ie{l,...,N},j€{l,..., P}. By using the vectorization operation, the
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above differential equations can be written more compactly as:

M*u

vee(Xi(t)) = —dI2vec(X;(t))+ I, ® Ajj)vec(f](Y;(t)))

_]21
.
+ (I ® B}j)vee(g) (Y;(t — 7(t)))) + vee(U}!), Vi € {1,..., N},
. J:1 N
vee(Vj(t)) = —diLpavec(Y;(t)) + > (In ® A%)vec(f7(X,(t)))

i=1

+Z I, ® B%)vec(g?(X;(t — 7(t)))) + vec(U?), Vj € {1,..., P}, (1.5.3)

where A ® B denotes the Kronecker product of matrices A and B. If we denote Z(t) =
T T

(vee(Xi(t)") <o p W(E) = (vee(Y;(1)") 1 oips
D! =diag (d!1,2),_._., Al = (I, ® A})1<i<n, Bt = (I, ® B}-)1<i<n ,
iag (4 1) i (I @ Ajj)1=ien (In ® By)1icn
ey T — T
FHW () = (vee(f; (Vi) 1 ojepr g (W(E = (1)) = (vee(g; (Vi (t = 7())") -, _p
o —
D? = diag (denQ)lngP,AQ = (In ® AJ )1<j<]1;,B = (I ® B )}ggﬁa

T T

FHZ(1) = (vee(fZ (X)) cian » P (Z(t = 7(1))) = (vee(g? (Xi(t — 7()))") 1 cie -

Ul = (VGC(UZ‘1>T)1T§,~§Na U2 = (Vec(UjQ)T)lTSjSP,
system becomes:
{Z( )= =D'Z(t) + AT JI(W (1)) + BL g (W(t - 7(1)) + U 5.4
W(t)=—D>W(t) + A2 f2(Z(t)) + B2 g2(Z(t — 7(t))) + U2 o

If we assume that (Z , WT> is the equilibrium point of (7.5.4)), we can shift it to the origin,
to obtain

Remark 7.4. Because system ([7.3.5)) is equivalent with system ((7.5.1)), and so any property that
holds for system ([7.5.5)), will also be true for system (7.5.1)), we w111 only study the exponential
stability of the origin of system (7.5.5).

Remark 7.5. A matrix-valued BAM neural network is not equivalent with a general nN x nP-
dimensional real-valued BAM neural network, because, for such a network, the matrices Al,
B, A2, B2 would be general unconstrained matrices, and wouldn’t have the particular form
given above.

We give a sufficient criterion which assures the exponential stability of the origin of system

(7.5.5).
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Theorem 7.4. If Assumption[7.2] holds, then the origin of system (1.5.5) is exponentially stable
if there exist positive definite matrices P}, Py, P?,..., P2, P}, P3 of appropriate dimensions,
positive definite block-diagonal matrices Ry, ..., Rs, and € > 0, which satisfy the following
linear matrix inequality (LMI):

(IT)14x14 < O, (7.5.6)
where Tl | = 26 P1—2D1 P} + P2+ DI PP D — e~ 2P+ Tra' RiLya+Lys RsLyge 15 =
e P} I, = PLAY — 7D'PPAY, 11y 14 = P/B' — 7D'PBY, Ty = —7~ 6_28TP13,
g3 =—e %7 (1 —79)P?+ L2 RoLya+ Lyz RuLge Tyy = P2+ 7A2 PYAZ — Ry 11,7 =
T A PYB?, Mg = A2 P} — 1A% PID Tly5 = —e~27(1 — 14) P2 — Ry, Tlge = P2 — Ry,
;7 = —e 27(1 — 7)) P2+ 7B2 P3B% — Ry Ty = B2 P} — B2 PSD2, Tlgs = 2P} —
2D?P} + P2+ 7D?PSD? — 773 + I RsLp + Ly RiLy, lgy = 7 'e %P3,
Moy = —7~'¢ 7P}, Thow = —¢*7(1 —m) P} + Ly ReLp + Ly RsLyr, Ty =
P52—|—7'A1 P3AT— Ry, Ty 1y = TETPf’ﬁ, Mg = —e 7 (1—74) P{ — R, 1313 = P§— Ry,
Mgy = —€ (1 —74)P? + TﬁTPEE — Rs.

Proof. Consider the following Lyapunov-Krasovskii functional
V(1) = VA(t) + Va(t) + Va(t),
where . )
v - [FO] [ 70]. - aier ),

t
VQ(t)z/ e* 3¢ (s)Py&(s)ds, P, = diag(P?, Py, P}, P}, P2, P3),
t—7(t)

~ B T

€@>:[wa fka@» " (2(s) Wi(s) FTOV(s) g7 ()
o[ L] o
—r Jito Wi(s)
The derivative of V' (¢) along the trajectories of system (7.5.3)) is
V(1) = Vi(t) + Va(t) + Va(t),

Py dsdf, Ps = diag(P?, Py).

8

where

Vi(t) = 2% [gZT(t)PfZ(t)+5WT(t)P21VV(t)+ZT(t)P}Z(t)+WT(t)P;W(t)] (15.7)

Va(t) = €™ {fT(t)Pﬁ(t) — e 2T (1 — # ()T (t — 7)) Pob(t — T(t))}
< ¥ [T PE(t) — e 2T (1 — m)&T (¢t — T(1) Pl (t — 7(1))] (7.5.8)

2 2 t < 2
Va(t) = e*! [TZT(t)Pf’Z(t) / e 7T (\PEZ(s)ds
t—T1

+TWT(t)P§’W(t)—/t 22~ [T () P (s )ds}

FETOP3 A1) — rle2E ( /t i Z(s)ds>T ps < /t i Z(s)ds>

W () PIW (1) —r‘le‘2”< t W(S)d8>TP§ </;T W(SMS)] , (1.5.9)

t—7

e2at

IN
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where, for the last inequality, we used Lemma
From Assumption we have that

/X)) — fHX)] < X = x|

& [|vee(f} (X)) = vee(f} (X))|| < ' [Jvec(X) — vee(X")]],

and the analogous ones for f7, g;, g7, Vi € {1,...,N},Vj € {1,..., P}, forany X, X' €
R™*"  which allow us to deduce the existence of positive definite block-diagonal matrices
Ry, ..., Rg, such that the following inequalities hold:

0< ZT(t)L_szRlszZ(t) ~ PO RAZ0)), (7.5.10)
0< Z7(t— ()L RiLpZ(t —v(t) = 1 (Z(t = 7)) R (Z(t = 7(1)), (7.5.11)
0< 27 (1)L RsLy22(t) — g° (Z(1))Rsg?(Z(1)), (7.5.12)

0< Z7(t —7(t) Ly RLpZ(t — (1) — g% (Z(t — 7(0))Rag?(Z(t — 7(1))),  (7.5.13)

0 < WT(WIp ReLaW (1) — ' (W (1) Rs LV (1)), (7.5.14)

0 < WT(t— ()L ReLpW(t — (1)) — 1 (W(t — (1)) RS (W (t — 7(1))), (7.5.15)
0 < W)Ly ReLaW(t) — gt (W () Reg (W (1)), (75.16)

0 < W (t—7(t) Ly RsLyW(t — 7(t)) — g* (W(t —7(t))) Rsg* (W (t — 7(1))). (7.5.17)
Multiplying inequalities (7.5.10)—(7.5.17) by ¢**, and adding them to (7.5.7)—(7.5.9), we

obtain that

V(t) < T (OTIC(),
where
CO)y=[27@) ZT@t—7) ZT@t—7(t) fAZ®) fAZE-71) ¢*(Z(1) g*(Z(t—(1)

W) Wit—r) Wit—r(t) V@) FOVE-71) ' (W) ¢ WE—7) ],

and IT is given in (7.3.6). Also from (7.5.6), we have that IT < 0, thus V' (¢) < 0, showing that
V (t) is strictly decreasing for ¢ > 0. From the definition of V'(¢), we can write the following

inequalities:
[Zal

where V) = max V(). Consequently, we have that
0<t<T

[l

where M = #(OPI). Thus, we obtained the exponential stability for the origin of system

(7.5.5), ending the proof of the theorem. O

< et V(t)rpl F(ﬂ <V({) < Vo, ¥t >T, T >0,

1) win) 7 Lo

Vo Z(t) o
- < Me *", Vt >
_eat/\mm(Pl <:>H{ t”‘ v b
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7.5.2 Numerical example

In order to illustrate the correctness of the above result, we give a numerical example.

Example 7.4. Let us consider the following matrix-valued BAM neural network with time-
varying delays:

X1(t)
X,(2)

—d X (t) + Ap fi (Vi (1) + Brg (Yi(t — (1)) + Uy,
—dy Xo(t) + Aélff(Yl(t)) + 32191 (Ya(t = (1) + Us,

Vi) = —d3Yi (1) +ZA (Xi(t +ZBugl i(t—7(t) + UF,

(7.5.18)

where N =2, P =1,d} = d} = &% = 20,

11 11 11 1 2 11 1 2
A%lz |:2 2:|7A%1:|:2 2:|7A%1: |:1 1:|7A%2:|:2 1:|7Blllz |:2 2:|73211: |:3 2:|7
s (1 2] o [V 3] .. [-14 =35] ., [-43 23] ., [-14 —45
Bll_[21’312_23’U1_ 23 a4 2733 13 U3 34

fl (([X]ab)lga,bQ) = fi (([X]“b)lﬁavbQ) =13 <([X]ab)1ga’b§2> B <2(1+61_[X]“")>1<a =

1+ e~ Xlav

3t (Xahzapes) = 92 (Kabhrzapes) = 68 ((XTob)rcpn) = ( 1= el ) |
1<a,b<2

from which we get that l{l = Z{Q = lf =1and lfl = l§72 = ng = 1. The time-varying delay is
taken to be 7(¢) = 0.9] sin t|, which implies that 7 = 7, = 0.9.

From Theorem we get that the equilibrium point of system is exponentially
stable, if LMI condition is satisfied. By solving (7.5.6), we obtain ¢ = 0.1, R, =
diag(2.34131,, 2.88061,), R, = diag(0.13801,,0.0783L,), Rs = diag(1.567014, 1.6963L,),
R, = diag(0.18491,,0.24771,), Rs = 3.584014, Rs = 0.04261,, R; = 1.45311,, Ry =

0.215914. (The values of the other matrices are not given due to space limitations.)

7.6 Dissipativity of impulsive MVNNs with leakage delay and
mixed delays

Time delays are known to appear in practical implementations of neural networks due to the
finite switching speed of amplifiers, and can cause instability or chaotic behavior. For this rea-
son, we consider both leakage delay, and time-varying delays in our model. Also, the distribu-
tion propagation delays may appear as a consequence of a distribution of conduction velocities
along the pathways of a neural network implementation, which compelled us to add contin-
uously distributed delays to our model. On the other hand, impulsive effects express instan-
taneous changes that naturally occur in electronic networks, caused by switching phenomena,
frequency changes, or noise. Taking the above analysis into account, the impulsive matrix-
valued neural networks with leakage delay and mixed delays will be studied in this section, by
giving sufficient conditions for the dissipativity of such a model.
The presentation in this section follows that in the author’s paper [174].
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7.6.1 Main results

Consider the following impulsive matrix-valued Hopfield neural network with leakage delay
and mixed delays:

Xi(t) = =diX;(t = 6) + 3200, Ay f3(X5(1) + 320 By f5(X;(t — 7(1)))
+ 300 Co [ o 15X (9))ds + Ui(t), £ # g, >0,

AX () = Xilte) = Xi(ty) = Ju(Xilt;), X, ), k € 2,

Yi(t) = fi(Xi(t)),

fori =1,..., N, where X;(t) € M,, is the state of the ith neuron at time ¢, d; € R, d; > 0,
is the self-feedback weight of the ith neuron, A;; € M, is the weight without time delay
between the ith and jth neurons, B;; € M, is the weight with time delay between the ith
and jth neurons, C;; € M, is the distributed delay weight between the ith and jth neurons,
fi + M,, = M,, represent the nonlinear matrix-valued activation functions, U;(t) € M,, is the
external input for the ith neuron, Y;(¢) is the output of the ith neuron, and Ji; are the impulsive
functions, fori, 7 = 1,..., N. § > 0 is the leakage delay, 7 : R — R is the time-varying delay,
and 0 : R — R is the distributed delay.

In order to study the dissipativity of the proposed model, we need to make the following
assumptions:

(7.6.1)

Assumption 7.3. The time-varying delays T : R — R and the distributed delays 0 : R — R are
continuously differentiable functions and there exist T, 0 > 0 and 7' < 1, such that 7(t) < T,
o(t) <o, 7(t) <7, Vvt >0.

Assumption 7.4. The matrix-valued activation functions f; satisfy the following Lipschitz con-
ditions for any X, X' € M,,:

[1/5(X) = [ < L1X = X,

where l{ > 0 are the Lipschitz constants, for j = 1,...,N. We will also denote L_f =
diag(l/ I> 112, ... 1L 1,2).

Assumption 7.5. For the impulsive functions Jy;, there exist Fy; € M., such that

k

(X80, X, ) = Fu (Xi(t,;) _d; /t :: X,»(s)ds) ,

forVk e 7.

We will now transform the matrix-valued system into a real-valued system. To do
so, we expand each equation in (7.6.1)) into n? real-valued equations:

([Xi()]ab = —di[ Xi(t — 0)]ap + Z;’V:I > e [Aiglac s (X5(t))
+ Zjvﬂ ZZ:1[Bij]acffb(Xj (t - T(t))) + Zjvﬂ ZZ:1[Cij]ac ﬁ_a(t) ffb(Xj(S))dS
+[Ui(t)]ab7 t#ty, t>0,
[AXi(tr)]ay = [Xit)lap — [Xi(ty)]ao = [Jra(Xi(t,), Xy o= )]a, b € Z7,
L[Yi(®)]a = £ (Xa(1)),

(7.6.2)
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for1 <a,b<n,i=1,...,N. Using the vectorization operation, the above system becomes

(vec(Xi(t)) = —diLavec(X;(t — ) + 31 (I, ® Ay)vec(f;(X;(t)))
+Zj 1( ® Byj)vee(f;(X;(t —7(1))))
—l—zj 1 ®C'”)ft o(1) VEC (fi(X;(s)))ds + vec(U;(t)), t # ty, t >0,
vec(AX;(ty)) = vee(X;(tx)) — Vec( i(ty)) = vee(Jui(Xi(ty), X;,-)), k€ ZT,
| vee(Yi(t)) = vee(fi(Xi(t))),
(7.6.3)
fori =1,..., N. Lastly, by denoting
X(t) = (vec(X ()T, vec(Xa ()T, ..., vee(Xn(t)1)T,
Y(t) = (vec(Yi(t)", vec(Ya(t)", ..., vec(Yn (1)),
U(t) = (vec(U(t)", vee(Ua(1))", ..., vee(Un(t))")",
Je(X(ty), Xt;) = (vec(Jra (Xa(ty), Xl,tkf))Ta - vee(Jen (X (), XN,t,;))T)Ta
ﬁ = diag(d1[n2, dg[n2, ce ,dNInQ),
-]n®A11 I, ® Aip In®A1N-
i I, ® Ay I, ® Agy I, ® Aan
_[n ®'AN1 I, ®.AN2 I, ®'ANN_
[ [,® B 1,® By I, @ Biy |
5 I, ® Byy Iy @ Bay I, ® Bon
| 1 ®. By In ®.BN2 I, ®.BNN_
([, ®C1  I,®Ch I, ®Ciy |
o L,@Cy I, ®Cy I, ® Caon
L ©Cv L&Cyw - I,®Cyy]
FX(1)) = (vee(fr(X1 (1), vee(fo(Xa(1)", -, vee(fn (Xn (1)),
system becomes

X(t) = —DX(t - 0) + Af(X

() +B

fX(E=7(1)))

+Cfta f(X ())5+U()t7étk,t>0
AX(tr) = X(tr) = X(t;) = ty), Xi-), k € Z¥,
Y(t) = f(X(1))-

Remark 7.6. Systems and are equivalent, which means that any property we
prove for system ([7.6.4)), will also hold for system (7.6.1)). Thus, from now on, we will only
discuss system (7.6.4)).

To introduce the dissipativity property, we define the energy supply function as follows:
GWUY,T) =Y, QY)r + 2(Y,SU)r + (U, RU)r, VT > 0,
where and Q, S, and R are real matrices, with Q, R symmetric, and (A, B)p = fOT AT Bdt.
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Definition 7.1. The neural network given in is said to be strictly (Q, S, R)-y-dissipative
if, for some v > 0, the following inequality holds under zero initial condition:

GU,Y,T) > ~(U,U)y, VT > 0. (7.6.5)
We will also need the following lemmas:

Lemma 7.4. ([66|]) The following inequality holds for any positive definite matrix M € M, 2y
and vector function X : [a,b] — R"N:

(/ab/ebX(S)deQ)TM(/ab/ebX(s)ds(w) < (b—QGV /ab/ebXT(S)MX(S)deQ’

where the integrals are well defined.

Lemma 7.5. ([/239]) The following inequality holds for any positive definite matrix M € M2
and vector function X : [a,b] — R"N:

</ab/9b/:x(s)dsdxd9>TM(/ab/ebébx(s)dsdw) < @_GC‘)B’/QI’/G”/)((’XT(S)MX(S)MW’

where the integrals are well defined.

Lemma 7.6. ([[38]) For any vectors X, X5 € RN, any positive definite matrix P € M2,

Q} > 0, the following linear

any matrix Q € M.z, and any o € (0, 1), such that [(5[ P

matrix inequality (LMI) holds:

1, 1 x]'[P Q%
a)<1PX1+—1_(%)(2PX22{XJ or bl x|

Lemma 7.7. ([194]) For any differentiable function X : |a,b] — R™N and positive definite
matrix P € M, 2y, the following linear matrix inequality (LMI) holds:

b
(b—a) / XT(s)PX (s)ds > €7 P&, + 3T P&y,

where &, = X (b) — X (a), & = X(b) + X (a) — 32 [ X (s)ds.

We now give a sufficient condition which assures the strict (Q, S, R)-vy-dissipativity of

neural network (7.6.4)).

Theorem 7.5. If Assumptions|7.3H7.5|hold, then system is strictly (Q, S, R)-vy-dissipative
if there exist positive definite matrices Py, Ps, Ps3, Py, P51, P52, B, P, Py, P, Pllo, Plzo, any ma-

trices My, Ms, Ms, N1, No, N3, Ny, positive definite diagonal matrices R,, Ry, and some

constant vy > 0, such that the following linear matrix inequalities (LMlIs) hold:

II—¢Td¢ <0, >0, (7.6.6)

vTev < 0, (7.6.7)

where 11y = —DPy, — PyD + Py + 6Py + P} + Py — 472 Py — 97* Py + My + MY +I; RiLy,
H1,2 = P+ P, H1,3 = D, Hl,ﬁ = M; — MlT, H1,9 = DPD, H1,10 = 47h%, H1,11 =
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Mz — M7, Tl 15 = 1872Py, Ty y = 72P5 + 74Py + 7Py + 02 P — Ny — NI, Tlp5 = — N, D —
N, I, = N1Zi‘ N;?_, I3 = N\B —F_N4T,_H2,9 = _PQEy_HQ,IQ_: N, C, H2,16_= ]\ﬁ,
Ms5 = —P3 — NoD — DNY, Tly; = NoA + DNZ, Tls5 = NoB + DNT, Tls9 = —DP,D,
I3 = NoC, 516 = No, gy = —F5, Il5 5 = —(1- T/)Pg)l +L_fTRzL_f, g = —Ms — MQT,
Moy = —M;— MI, M7 = P2+ 0%P% — R — NsA— A NI — Q Tl;5 = —N;B— A4' N7,
M1 = —N3C, Myq6 = —N3 =S, Mg = —(1 = 7)P2— Ry— N,B— B N7, Tlgq; = —N,C,
g6 = —Ny g9 = =Py, Ilig10 = —4F, 1111 = —Pllo — Ms — M;?, g0 = —Plzo,
515 = =36, 1616 = —(R — v12n),

€1 — €5
C_ €1+65—2€13
N €5 — €4
es + €4 — 2e14
€; = [On_sz(i—l)nQN Ly On2N><(16—i)n2N] ,e=1,...,16,
[P H
o= |y 7
- | 0
Pr="1¢ 3p|
T — Loy +F, —EF,D o P +P, —PD
- O InQN ’ - —5P2 bpgb )

Proof. Consider the following Lyapunov—Krasovskii functional
Vi(t) = Vi(t) + Va(t) + Va(t) + Va(t) + Va(t) + Vs(2) + Va(t) + V(1) + Vo(t) + Vio(t),

where
Vi(t) = X1 ()P X (1),

(-3 ow) s o),

Va(t) = XT( VP3X (s)ds,

w(t):5/0 t XT(s)PyX (s)ds,

—0 Jt+6

Va(t)

0= [ R P = dias(BL P

T

E(s) = [XT(s) fT(X(s))]
/XT )Ps X (s)ds,

Vi(t) = 7 / [ X7 (s)dsad,

0 0 t
Vi(t) = 272 / / XT(s)PsX (s)dsd\d,
-7 +A

0 0 0 t
t) = 67° / / / XT(s)PyX (s)dsd\dxd®,
—7J0 x Jt+A
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Vio(t) = o / / s)Piov(s)dsdf, Py = diag(Py,, P5),
—o Jt+0

T
v(s)=[X"(s) fT(X(s))] -

By taking the derivative of V" along the trajectories of system (7.6.4), we have:

V(1) = Vi(t) + Va(t) + Va(t) + Va(t) + Va(t) + Vo(t) + Va(t) + Va(t) + V(1) + Vi (1),

where

Vi) = XTOPX(®) + XT(H)PX(1), (7.6.8)

Va(t) = <X(t)—5X(t)+EX(t—5 TP (X(t)—ﬁ/t:X(s)ds)
( D/ X(s s> P (X(t) - EX(t)JrEX(t—é)), (7.6.9)
Va(t) = XT(t)PX(t) — XT(t - 6)P3X (t - 0), (7.6.10)

Vi) = PXTH)PX(t) -0 t XT(s)PyX (s)ds

t—§&

< 62XT(t)P4X(t)—</t;X(s)ds)TP4 (/t;X(s)ds), (7.6.11)

Vs(t) = €M(O)PsE(t) — (1= 7(0)ET (¢ — 7(8)) Ps(t — (1))
< OB — (1= 7)E (¢ = 7(6) P& (t — (1)), (7.6.12)
Vs(t) = XTt)PX(t) — XT(t —7)PsX(t — 1), (7.6.13)
Va(t) = 2XT)PX(t —T/ XT(s)P: X (s)ds, (7.6.14)

Vé(t) = T4XT(t)P8X(t)—27'2 /0 t XT(S)PgX(s)dsd9

—7 Jt+0

AXT () PX (1) — 4 ( /_ 0 t;X(s)dscw)T Py ( /_ 0 t;X(s)dsdﬁ)

= MXTH)PX(t) — 4(/0 (X(t) — (t+9))d9)TP8(/O (X(t) — (t+9))d9>
= HXT(H)PX (1) ( / X (s s) Pg(TX / X(s ),(7.6.15)

Vo(t) = TSXT(0)PX(t) — 67° / 0 / U X9 BX () dsddd

IA
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T XT(t)PgX(t) —36 ( /_ 0 /6 : t;X(s)dstde)TPg ( /_ 0 /6 0 t;X(s)dstdQ)

6
— 6XT )

—36(/_T/ X(t+ ) dxde) Pg(/_T/ t+x))dxd6’>
= TGXT(t)PgX(t)—9<7'2X(t)—2 /_ ] t+0X(s)ds> P, <72X(t)—2 /_ OT t;X(s)ds),

(7.6.16)

IN

Volt) = o OPr(t) =0 [ /7(s) Puv(s)ds
< BT (H)Por(t) — olt) /t_ VP

< (JQVT(t)Pwy(t) — (/t:(t) y(s)ds>TP10 (/tta(t) u(s)ds))
< (JQVT(t)Ploy(t) — (/tta(t) y(s)ds> Py (/tta(t) u(s)ds)) , (7.6.17)

where we used Assumption [7.3]to deduce the inequalities in (7.6.12)) and (7.6.17)), Lemma|7.3|
to deduce the inequalities in (7.6.11) and (7.6.17), Lemma[7.4]for the inequality in (7.6.15), and

Lemma 7.5]for the inequality in (7.6.16).
Using Lemmas|/.6H/.7, we have that

T

o . b . t=7(t) | :
— | XT(s)PrX(s)ds = -1 / XT(s)P; X (s)ds — T / XT(s)Pr X (s)ds
t—T(t) t

t—1 —T
T
P, 0
0 3F~

()

X(t)— X(t—r(t
CIX @)+ X (=) = 2 [ X (s)ds

X(t) - X(t
X(8)+ X(t=7(8) = 555 iy X (s)ds

A
|
2
—~
~
~—

IN

o ) ’ |:P7 0 :|
T—T(t) | X(E—T() + X(t-7) - 2 T X(s)yds| |0 3P
y [ X(t—r(t) - X(t—r) ]

X(t—r)+X(t—7)— 25 [T X(s)ds

T X(t—7(t)
X(

t—1

T
— T T €1 — €5 P 0 €1 —€s5
T(t) e1 +es — 2ei3 0 3P;| |e1 +e5 — 2e13

T
" T es — ey P 0 es — ey )
T — T(t) es +eq4 — 2eq4 0 3P;| |es +eq4 — 2e14 H

€1 — 65 g €1 — 65
— 2e P, H] |eg +e5— 2e13
< T €r+es 13 7 | lertes
= 1% (t) es — ey HT P7 es — €y M(t)a
€5 +eq — 2eyy €5 +eq — 2e1y

= —pu ()¢ BCu(t),
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with the condition that & = { }];} g} > (), which is true by (7.6.7)).
7

Assumption |/.4{can be rewritten as
155 (X) = [ < X = X'N| & [vee(f;(X) — vee(f;(X)I] < ][vee(X) — vee(X')]],

for y = 1,... N. From this inequality, we can deduce that there exist positive block-diagonal

matrices Ry = diag(rilz, 31,2, ..., rila2), Ry = diag(ril,z, ril,z, . .., r3:I,2), such that

0 < XT(OL; RI;X(8) — [P (X () RF(X (D). (7.6.18)

0< XT(t—r(t)L; RoL;X(t—7(t)) — fU(X(t — 7(t)Rof (X(t — 7(£))).  (7.6.19)
For any matrices My, Ms, Ms, from the Leibniz—Newton formula X (¢) — X (¢t — o(t)) =
ft of s)ds, we have that

0 = [X(t) — X(t—o(t)) — /ttg(t) X(s)dsr {MlX(t) + Mo X (t —o(t)) + Ms /tt X(s)ds}
X

o(t)

= XTOMX(t) + XT ()M X (t — o (t)) + X (t) M /t X(s)ds
t—ao(t)

—XT(t —o())MX(t) — XT(t — o(t)) MaX (t — (b)) — XT(t — o(t)) Ms /t . X(s)ds

- </tjo(t)X<8)dS> MX(E) - (/t;@)X(S)dS) Hat =)

t T t
— (/ X(s)ds) M3/ X(s)ds. (7.6.20)
t—o(t) t—o(t)

Also, for any matrices /Ny, No, N3, N4, we have that
Ny = f7(X(t = T(0)Na| |- X(1) - DX(t - o)
t
f
a(t)

+Af(X () + Bf(X(t—7(t))) + 6/

0 = [XT@N +XT(t— 6N, — f1(X(1))
)

(X(s))ds + U(t)]

= —XT(t)MX(t) — XTt)N\ DX (t — 0) + XT(t)NAF(X (1)) + XT(t) N\ Bf (X (t — 7(t)))

+XT(t)N,C /t t “ f(X(s))ds + XT(t)NU(t)

—XT(t = )N X (t) — XT(t — )NoDX (t — 6) + XT(t — 6) Ny AF(X (1))
+XT(t = ) NoBF(X(t — (1)) + X7 (t — 6)NoC t F(X(s))ds + XT(t — §)NoU(t)

t—o(t)

TN () + 7 (X NSDX (¢ = 8) = 7 (X NAF (X (1)
~FTXENBIXE )~ TXOINT [ FK o) XN

T =) NaX (1) + fT1(X (8 = 7(8)))NaDX (¢ = 6) — f1(X (¢ — (1)) NeAS(X (1))

—[HX (=) N B (X(t = 7(1) — f1(X(t - T(t)))NE/tt o f(X(s))ds

T - T(O) N (). (7.6.21)
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Finally, by combining (7.6.8)—(7.6.17), (7.6.18)—(7.6.19)), and the transpose of (7.6.20)—(7.6.21)

added to the initial relations, we get that

V(t) = YT()QY (1) — 27 T()SU () — UT(H)(R — A Lan)U (1) < T () (11 — CT6C) u(t),
(7.6.22)
fort # ty, k € Z", where 11 is defined by (7.6.6), and

pt) = [XT() XT(@) XT(t—0) XT(t-7) XT(t-r() XT(t—o(t) FT(X()
e —r@) (L Xeds) (L X@ds) (e X()ds)
<ftt—0<t)f (X(s>>d3)T 20! (ftt—T(t)X (S)ds)T — ( tt—_f(t)X(S)“)T
(1 1 xas) om0 |

From (7.6.6) we have that IT — (7 ®( < 0, and thus inequality (7.6.22)) yields

V()= YT(#)QY (t) — 2Y T ()SU(t) — UL (1)(R — yL2n)U(t) < 0, Vt € [tp_1,ti), k € Z7.
(7.6.23)
On the other hand, we have that

Vi(ty) = { b X)E*t()s)dsr {1;1 8} {J}i’“j()?()S)dS} ’

tp—0

Va(te) = [ t X)((t()s)dsr [_%Pz %];Zg} [ ], tkj()((t()s)ds] 7

tp—0 tr

which, together with Assumption|/.5|vectorized in the form

X(th) = (Lox + F)X(t0) — Fp D / t: X(s)ds,

where
I, ® Fiq 0 0
0 0 o L@ F

yield
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X)(?Z)s)dsr {P_%Jf 51]2% [ ' X)(?Ei)ds}

tp—0

Vity) + Va(ty) = _ftk(S

[(Len + F)X(t;) — Fr D ff:,(; X(s)d5] T

ftt:—é X(s)ds

P+P, —P,D
—-DP, DP,D

(ILen + Fr)X(t;) — Fx D ﬂt:,g X (s)ds
[ X(s)ds

tp—0

_ [ X)) ]T Loy +F' 0 {Plin :P@}
L X (s)ds _DFE. I.y||-DP. DPRD
o [en +Fe —FD] [ X(t)
0 Ley o X (s)ds
_ T _ _
X(t;) {Pl—{—Pg _PQD:| X(ty)
t = — = t
j;‘/gféX(s)dS —~DP, DP,D ft;’téX(s)ds

= Vilty) + Va(ty),

where we used condition ((7.6.0) for the inequality. We also observe that Vi(t;) = Vi(¢; ),
Vate) = Valt), Vs(te) = Va(t,), Ve(te) = Vs(t), Va(te) = Va(ty), Va(ts) = Va(ty),
Vo(tr) = Vo(t, ), and Vig(tx) = Vio(t, ). Hence, we have that

Vty) <V(ty), keZ". (7.6.24)

Now, integrating from 0 to 7" > 0, and also taking into account, we obtain
that

V(T) - V(0) < / ' (YT()QY (t) = 2Y T (1)SU(t) — U™ (t)(R — vL2n)U (1)) dt,

which means that inequality holds under zero initial condition, which implies that neural
network is strictly (Q, S, R)-vy-dissipative, thus ending the proof of the theorem. O

7.6.2 Numerical examples

Next, we give two numerical examples to prove the correctness of the obtained theoretical
results.

Example 7.5. Consider the following matrix-valued neural network with two neurons:
Xi(t) = =diXa(t) + 325 Ay fi (X5 (0) + X511 Bipfi(X(t = 7(t)))
2 t
3000 Cig S (X5 (5))ds + Ui(h),
Y;(t) = fi(Xi(2),
fori = 1,2, where d; = dy = 20,

11 11 11 1 2

(7.6.25)
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11 1 2 1 2 1 3
Bn_{Q 2},312_[2 1}7321_[3 217322_{2 317

1 2 1 2
a021:|:3 2:|7022:|:2 1:|7

—0.1 —0.2 C[-01 —01] , .
Fa {0.2 —01} il = {—0.1 —O.J =k ke,
—14 23 —43 33
bilt) = {—45 34}  alt) = {—23 131 V>0,

1
/ (([X]ab)lga,b§n> = <m)l< .

from which we have that l{ = zg’ = %, meaning that Assumption is fulfilled. If the leakage
delay is 6 = 0.04, the time-varying delays are 7(¢t) = 0.1| cost|, and the distributed delays
are o(t) = 0.05]sint|, so 7 = 7/ = 0.1 and o = 0.05, then Assumption [7.3]is also fulfilled.
Assumption|/.3|is clearly fulfilled, from the definition of the network given in (7.6.25).

By taking v = 0.1,

-1 0 0 0 0 0 0 0
0 -1 0 0 0 0 0 0
0 0 -1 0 0 0 0 0

o_ |0 0 0 -1 0 0 0 o0

o 0o 0o 0o -1 0 0 o0}
0 0 0 0 0 -1 0 0
0 0 0 0 0 0 —1 0
00 0 0 0 0 0 -—1]

100000 0 0]
11000000
00100000
s_ 00110000
00001000
00001100
00000010
0000001 1]
300000 0 0]
03000000
00300000
s_[00030000
00003000
00000300
00000030
0000000 3

and solving the LMI conditions (7.6.6)) and (7.6.7) in Theorem we obtain that neural net-
work is strictly (Q,S, R)-y-dissipative, for Ry = diag(10.30131,, 9.343414), Ry, =
diag(4.64641,,4.39341,). (For brevity, the values of the other matrices are not given.)
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Example 7.6. Now, we consider the matrix-valued neural network with two neurons in ([7.6.25)),
where d; = dy = 5,

11 1 -1 -1 1 1 2
-1 1 1 -1 11 1 3
Bll = [ 9 _2:| ) B12 - |:_1 1 :| 9 B21 = |:2 2:| ) B22 = |:2 3:| )

1 1 11 1 -1 1 2
0112{2 _2}70122{1 1}70212[_2 2}70222{2 1:|7

C[-01 0.1 01 01] , .
de {0.2 —0.2} e = {—0.1 —0.1} =k kel
5 —10 5 15
Gilt) = [15 10 ]  Balt) = {—10 —15]  VE>0,

1
f (([X]ab) a n) = <—) 5
1<a,b< L+ e X ) en

from which we get that l{ = z{ = %, and so Assumption is fulfilled. If the leakage delay is
d = 0.03, the time-varying delays are 7(¢) = 0.2| sint|, and the distributed delays are o(t) =
0.1| cost|,so 7 = 7" = 0.2 and o = 0.1, then Assumptionis also fulfilled. Assumption
is fulfilled by the definition of the network given in ((7.6.23).

Now, taking v = 0.1,

-1 0 0 0 0 0 0 0
0 -1 0 0 0 0 0 0
0 0 -1 0 0 0 0 0

o_ |0 0 0 -1 0 0 0 o0

o 0o 0 0 -1 0 0 o0}
0 0 0 0 0 —1 0 0
0 0 0 0 0 0 —1 0
00 0 0 0 0 0 -—1]

100000 0 0]
11000000
00100000
s_[001 10000
00001000
00001100
00000010
0000001 1]
300000 0 0]
03000000
00300000
s_|00030000
0000300 0]
00000300
00000030
0000000 3
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and solving the LMI conditions and (7.6.7) in Theorem we get that neural net-
work (7.6.23)) is strictly (Q, S, R)-y-dissipative for Ry = diag(19.315914, 13.57031,), Ry =
diag(6.674014, 3.533014). (For brevity, the values of the other matrices are not given.)

7.7 Lie algebra-valued neural networks

A somewhat different approach of neural networks with values in multidimensional domains,
which has no direct connection with Clifford algebras, are vector-valued neural networks, see
(128,129,130, 131]. These networks process three dimensional input vectors in two ways: one
based on the vector product, which has three dimensional vectors as weights, and one which
has orthogonal matrices as weights (i.e. matrices that satisfy AAT = ATA = I). This last
variant was further generalized to /NV-dimensional vectors, and thus the /N-dimensional neural
networks (see [[132,[133]]), have N-dimensional vector inputs and outputs, but orthogonal matrix
weights. Both three-dimensional and /V-dimensional neural networks were used successfully in
applications, the first in geometric transformations, and the second in the N-bit parity problem,
which was solved using a single N-dimensional neuron.

We proposed a different generalization of real-valued neural networks in multidimensional
domains, namely neural networks that have Lie algebraic inputs, outputs, weights and biases,
first in the form of feedforward networks, see [146]. Because Lie algebras can have any di-
mension n, they also represent an alternative to the /N-dimensional neural networks that we
mentioned earlier. Taking into account the fact that their definition comes from geometry, and
that they have numerous applications in physics and engineering (see [87, 46, [189]), and also
the fact that they have been successfully used in computer vision over the last few years (for a
survey, see [233]], and the references thereof), we considered a promising idea to define Hop-
field neural networks and bidirectional associative memories with values in Lie algebras. Lie
algebra-valued Hopfield neural networks can be applied to image processing and computer vi-
sion, where the data can be treated in the form of geometric transformations. Lie algebra-valued
bidirectional associative memories can be applied to store Lie-algebraic patterns and to solve
difficult optimization problems defined on a Lie group or a Lie algebra.

The presentation in the following two sections in inspired from that in the author’s papers
[148] and [[163], respectively.

7.7.1 Lie algebra-valued Hopfield neural networks

A Lie algebra is a vector space g over a field F' together with an operation [-,-] : g X g = ¢
called the Lie bracket, which satisfies the following axioms:

e Itis bilinear: [ax + by, 2| = alx, 2| + by, 2|, [, ay + bz] = a|x,y| + b[z, 2], Va,b € F,
Vz,y € g.

o It is skew symmetric: [z, z] = 0, which implies [z, y] = —[y, z], Vz,y € g.
* It satisfies the Jacobi identity: [z, [y, z]] + [y, [z, z]] + [2, [z,y]] = 0, Vz,y, 2 € g.

Consider the vector space so(n) of skew-symmetric square matrices of order n, i.e. square
matrices with real components for which AT = —A VA € so(n). Itis easy to verify that the
operation given by

[A,B] := AB — BA, YA, B € so(n),
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satisfies the above axioms, meaning that so(n) is a Lie algebra, the operation defined above
being its Lie bracket. For the easiness of the exposition, we will work only with this Lie algebra,
but the generalization to an arbitrary Lie algebra can be done in a simple way.

In what follows, we will define Hopfield neural networks for which the states, outputs,
weights and thresholds are all from so(n), which means that they are skew-symmetric square
matrices. The network is described by the set of differential equations

dvi(t) _
[ j{: t)Wij+ Bi, i € {1,..., N}, (7.7.1)

where 7; € R, 7, > 0 is the time constant of neuron i, V;(t) € so(n) is the state of neuron
i at time ¢, W;; € SO(n) is the weight connecting neuron j to neuron ¢, f : so(n) — so(n)
is the nonlinear Lie algebra-valued activation function, and B; is the threshold of neuron ¢,
Vi € {1,...,N}. SO(n) represents the Lie group associated with the Lie algebra so(n), and
it is known that W2 XW € so(n), VW € SO(n),VX € so(n), and so the above expression
is well defined. SO(n) is the group of orthogonal square matrices, i.e. square matrices with
real components for which ATA = AAT = I, and det A = 1,VA € SO(n). The derivative is
considered to be the matrix formed by the derivatives of each component [V;(?)].; of the matrix

V;(t) with respect to ¢:
avi(t) _ (d(Viw)
dat dt I <ap<n

If we denote by X;(t) := f(V;(t)) the output of neuron j, the above set of differential equations
can be written as:

dvi(t) _ T
i ZWX Wi; + Bi, i€ {1,...,N}.

The activation function is formed of n? functions f® : so(n) — R, 1 < a,b < n:

f(V) = (fab(v))1ga,b§n :

In order to study the stability of the above defined network, we need to make a series of
assumptions about the activation function. First of all, we need to assume that the functions f°
are continuously differentiable with respect to each [V].4, V1 < ¢,d < n, V1 < a,b < n, and
the function f is bounded: IM > 0, ||f(V)|| < M,VV € so(n), where ||.X|| is the Frobenius

norm of matrix X, defined by || X|| = /Tr(XXT). Now, the n? x n? Jacobian matrix of the
function f can be defined as
o (V)
V)y=|—-—5— :
Jac; (V) ( OV]ea )1<ab<n
1<c,d<n

Another assumption that we have to make about the activation function is that f is injective
and Jac,(V') is symmetric and positive definite, YV € so(n). This, together with the above
assumption, assures the existence of the inverse function of f, g : so(n) — so(n), g = f~'.
We can thus write g(X;(t)) = Vi(t), Vi € {1,..., N}. From the existence of g, we infer the
existence of a function G : so(n) — R, which satisfies

9G(X)

= ¢®(X), V1< a,b<n,
X]wy 7 (X), V1sabs
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where g% : so(n) — R are the component functions of g. The above condition can also be
written in matrix form as

0G(X)
= g(X). 7.7.2
o = 9(X) (7.7.2)
The function G is defined by
n [X]ab
G =3 [ g,
a,b=1 0

where the matrix Y has the following form

[(X]ea, (c,d) < (a,b)
Y =1y, (¢,d) = (a,b), V1 < a,b<n.
0 (¢,d) > (a,b)

)
b
)
For example, for 2 x 2 matrices, we have that

o) = [ (5 o)) are [ (0 1)) o
o (O e [ (R 0

The last assumption concerns the weights of the network, which must satisfy:
Wy =W5, Vi,je{l,...,N}.

The network may or may not have self connections, i.e. it is not necessary to assume that
Wi; = O,,, but only that W;; = W1 Vi € {1,..., N}, as the above assumption shows.

2 )

In this point, we can define the energy function E : so(n)Y — R of the Hopfield network

BX(M) = =330 S TGO WX (W)
+Y G(X(1) = > Tr(BIX (1)), (7.7.3)

i=1 =1

where Tr(.X) represents the trace of matrix X.
We will show that F is indeed an energy function, i.e. the derivative of the function F along
. . dE(X(t)) . s dE(X(1))
tdl}ﬂe( )t(r(il]ectorles of network (7.7.1), denoted by —-, satisfies the condition —5-+ < (0 and

) aXi(t) _ ;
T =0 == =0,Vic{l,..., N}

For this, we start by applying the chain rule:
dB(X(t) i Z OE(X(t)) X (t)]ab
dt p o dt

u OEX®)\" dX;(t)
— ZTr<< oX.(1) > y7 ) (7.7.4)
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where by ggf()((tgﬁl we denoted the partial derivative of the function F with respect to each

component [X;(t)],, of the matrices X;(t), V1 < a,b < n, Vi € {1,...,N}. For the partial
PE(X(1) _ [ 9E(X(t)
X (8[Xi(t)]ab>1§a7b§n’ we have from (7.7.3) that

derivative

y?é—ﬁ? - _;V%??Xj(ﬂ%w(&(t))‘&
- (Z W5X; (Wi = Vi(t) + Bz)
avi)
—ri— Vi€ {1,....N},

where we used the fact that

dTr(XTA)  dTr(AXT) _ 4
ax —  dx 77

relation (7.7.2)), the assumption W;; = Wg, and also the set of equations given by (7.7.1)). Now,
equation ([7.7.4) becomes:

dE(X(t)) al v\ " dXi(t)
a ZTI<(_TZ' dt ) dt )

-3 o ()] e (22)

=1

b () o (%))

=1
< 0, (7.7.5)

where we denoted by vec (X)) the vectorization of matrix X. We also used the identity
Tr(ATB) = vec(A) vec(B),VA, B € so(n),

and, from ¢g(X;(t)) = Vi(t), we obtained that

vee (—dg %“))) — Jac, (X(t))vec (%;(t)) 7

Vi e {1,..., N}.Because Jac;(V) is symmetric and positive definite, we deduce that Jac,(X)
is also symmetric and positive definite, and thus

{Vec (d)g;t(t))r [Jac, (X;(t))] vec (d)zt(”) > 0,

Vi € {1,..., N}, which allowed us to write the last inequality in relation (7.7.5)). Equality is
attained when IE(X X X
t il il
(X(1) 0 _go 50
dt dt dt

Vi € {1,..., N}, thus ending the proof that £ is indeed an energy function for the network
(7.7.1).

:O<:>V60<
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We now give two examples of activation functions, inspired by the ones used in real-valued
and complex-valued neural networks:

f(v)= VYV € so(n),

v
CH VI
7 (V1) 2apen) = (0D[V]is) 2 YV € 50(0).

The first one corresponds to the fully complex activation functions, and the second one corre-
sponds to the split complex activation functions from the complex-valued domain. It can be
easily verified that these functions satisfy the above assumptions.

7.7.2 Lie algebra-valued bidirectional associative memories

Now, we will define bidirectional associative memories for which the states, outputs, and thresh-
olds are all from so(n), which means that they are skew-symmetric square matrices. The net-
work is described by the set of differential equations

dX;(t .
i dt(>_ Z )W + A, Vie{l,...,N},
(7.7.6)
dY;(t) .
v, c;t = Z )W+ Bj, Vjie{l,...,P}

where 7; € R, 7; > 0 is the time constant of neuron X;, v; € R, v; > 0 is the time constant of
neuron Y}, X;(¢) € so(n) is the state of neuron X at time ¢, Y;(¢) € so(n) is the state of neuron
Y; attime t, W;; € SO(n) is the weight connecting neuron X; to neuron Y}, f : so(n) — so(n)
is the nonlinear Lie algebra-valued activation function, A; is the threshold of neuron X;, and
B; is the threshold of neuron Y;, Vi € {1,...,N},Vj € {1,..., P}. If we denote by U,(¢) :=
f(Xi(t)) the output of neuron X; and by V;(t) := f(Y}(t)) the output of neuron Y;, the above
set of differential equations can be written as:

dX;(t) . |
arTE— ZWmVJ Wi + A, Vie{l,...,N},
dY;(t) _ . |

AT ZW U(tWji+ Bj, Vje{l,...,P}

Just like in Section [/.7.1] in order to study the stability of the above defined network, we
need to make a series of assumptions about the activation function. The assumptions will be
exactly the same as the ones in Section|/.7.1

Having made these assumptions, we can define the energy function E : so(n)¥*? — R of
the bidirectional associative memory as:

+ZG(Vj(t)) — Y " T(B]V;(t). (7.7.7)
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A function F is an energy function for the network (7.7.6) if the derivative of F along the

trajectories of network, denoted by M, satisfies the condition w < 0 and

dEOONVD) — o W0 - WO _ o i e {1,...,N},Vj e {1,..., P}. Wewﬂl show that
the function £ deﬁned in (7.7.7) is indeed an energy function for the network (7.7.6).
For this, we start by applying the chain rule:

dE(U(Z,V@)) _ ENJZ 9E(U >>d[U;<f>]ab
. Z a 8E(‘(3[[{/(t(>t ,)]\;@)) AR
_ iT ’ (aE(Ian(f%V( >>>sz§t<t>)
+_ Z Tr ((813(15 (v?(t ;f(t)))T dvéft)> @18

where by W we denoted the partial derivative of the function £ with respect to each

element [U;(t)], of the matrices U;(t), V1 < a,b < n, Vi € {1,..., N}, and analogously for
9E(U(1), V(1)
AVj (t)]ab
For the partial derivatives

OE(U(t), V(1)) (8E(U(t),V(t))>

an(t) a[Ui(t)]ab
and
OE(U(1), V(1)) _ <8E(U(t),V(t))>
oV;(t) V()b I<ab<n
we have from that
2 - - WOy +a(U) - A
= — (ZP: WEV; (Wi — Xi(t) +AZ>
= T Vie{l,...,N},
T = S W+ 0) =
— <ZWTU()W —Y()+B>
= —U-dY() Vie{l,..., P},
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where we used the facts that

dTr(XT A) B
— "y
AXE) _
x> AB
relation (7.7.2), the assumption W;; = W%, and also the set of equations given by (7.7.6). Now,
equation (7.7.8) becomes:
dE(U(L), V(1) < ax )\ i)
dt - zler ni dt dt
d T
Ay dvi()
+;Tr (( Y dt ) dt
= T
- ol aui(t)
= izln [Vec ( o >] vec ( o
- T
[yee (F0 v (1)
_ ng [Vec ( p )] vec ( p
Jj=1
. T
i AU (t
- _zz:; {Ti [Vec < dt( )>} Jac, (U;(t))] vec ( dt( ))}
¢ T
— JZI {U] |:VeC <d‘glft)):| [Jacg(‘/j(t>>]TV6C <d‘?Zt<t>> }
o (7.7.9)

We also used the identity
Tr(A'B) = vec(A) vec(B), VA, B € so(n),
and, from g(U;(t)) = X;(t) and g(V;(t)) = Y;(t), we obtained that

vec (W} = Jac,(U(t))vec (%‘t(t)) |

vec (%) = Jac, (V(t))vec (dVdﬂ_‘t(t)) |

Vie {l,...,N},Vj € {1,..., P}. Because Jac;(X) is symmetric and positive definite, we
deduce that Jac,(U) is also symmetric and positive definite, and thus

e (220)] e (20 5 o,

{vec (%}ft))r [Jac, (V;(t))]" vec (%t(t)) >0,

Vi e {1,...,N}, V5 € {1,..., P}, which allowed us to write the last inequality in relation

Lo . dE(UM), V() _ daui(t)\ _ av;t)\
(7.7.9). Equality is attained when ——7—=> = 0 < VCC( I ) = vec <#) =0 &

dUd"t(t) = d‘g# =0,Vie{l,...,N}, Vj € {1,..., P}, thus ending the proof that F is indeed

an energy function for the network (7.7.6)).




Chapter 8

Scientific, professional, and academic
development plan

8.1 Scientific and professional development plan

The scientific career of the author will continue on the directions opened with the PhD thesis,
and continued with the research presented in the current thesis.

The domain of complex-valued neural networks saw an increase in interest over the last
few years, even more so that when the author began his research in the field. The deep learning
paradigm is very popular nowadays, and more algorithms belonging to this paradigm can be
extended from the real-valued domain to the complex-valued domain, especially in areas where
the data is inherently complex-valued, like signal processing, or image processing in the Fourier
domain.

On the other hand, a very active area of research is that dedicated to the study of dynamic
properties of recurrent neural networks, specifically Hopfield networks and bidirectional asso-
ciative memories, with different types of delays, with reaction-diffusion terms, with Markovian
jumping parameters, etc. The dynamic properties can be stability, synchronization, dissipativity,
passivity, periodicity, etc.

Then comes the domain of quaternion-valued neural networks, which also saw an in-
creased interest from researchers in the last few years. These types of networks were used for
image processing and recognition with deep learning-type models. The very recent papers leave
many open problems and possible future work directions. The experience of the author in work-
ing with quaternions, and in adapting neural network models to the quaternion domain is very
significant, as there are not many researchers that have this type of experience.

As for complex-valued neural networks, there is a growing corpus of papers dedicated to
studying the dynamic properties of Hopfield neural networks and bidirectional associative mem-
ories with values in the quaternion domain. The author already has one paper dedicated to this
subject, and many ideas of extending results from the real- and complex-valued domains exist,
and can be explored in future works.

The octonion-valued neural networks were introduced by the author, for the first time
in the literature. Some applications are beginning to emerge, which gives hope that in the
future, the domain of octonion-valued neural networks can develop similarly with the domains
of complex- and quaternion-valued neural networks. Recurrent neural networks with octonion
values can also be formulated, and the same dynamic properties can be studied regarding these
networks.

The domain of matrix-valued neural networks has also been introduced by the author, for
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the first time in the literature. The relation with the domain of tensor networks must be further
explored, as the two domains are similar, and ideas from the tensor networks domain can be
also used in the domain of matrix-valued neural networks for processing higher-dimensional
data, and to solve real-world problems, like the ones solved by deep learning models. Again,
because they generalize complex-, quaternion-, and octonion-valued neural networks, the same
dynamic properties of stability, synchronization, dissipativity, passivity, periodicity, etc. can be
studied for models with different types of delays, with reaction-diffusion terms, with Markovian
jumping parameters, etc.

On a rather different note, starting very recently, the interest of the author has shifted more
to the direction of mainstream computer vision done using deep learning models. The author
has began exploring with students developing their Bachelor’s and Master’s degrees, different
areas related to 3D computer vision, with applications in the domain of autonomous driving.

Currently, autonomous driving is one of the most interesting and important applications
of artificial intelligence, and it is expected that in the not too distant future, companies will
be interested in developing artificial intelligence systems for autonomous driving, but also for
meeting the future NCAP vehicle safety requirements. Due to the fact that the automotive
industry is very present in Timisoara and Timis County, it is expected that partnerships will
be created between academia and industry, and students who will work in this field for the
preparation of their Bachelor’s/Master’s/Doctoral theses, will be able to be employed as experts
by these companies.

As such, developing knowledge and doing research in this domain is of high interest for the
automotive industry.

Vehicle environment recognition can be done using cameras, with the specific problems:
lane detection, traffic lights detection, semantic segmentation of exterior scenes, depth percep-
tion in exterior scenes, 3D traffic participants’ detection and tracking (cars, pedestrians, etc.),
traffic participants’ motion prediction, etc., or using radars/lidars, with the specific problems:
semantic segmentation of radar/lidar point clouds, 3D traffic participants’ detection and track-
ing using only radar/lidar point clouds, etc. All these areas were explored by the students of the
author, and papers are in development with the most important novel results that were obtain in
these ares.

Store theft detection, self-checkout systems, and the complete elimination of checkout in
‘grab and go’ stores are, in addition to autonomous driving, the other interesting and important
current applications of artificial intelligence in the retail industry, with a very high potential
impact.

The specific problems in this area are: human action recognition, 2D and 3D human pose
estimation, 3D hand pose estimation, human-object interaction recognition, 6D object pose esti-
mation, person re-identification in images from multiple cameras, 3D human tracking, semantic
segmentation of interior scenes, depth perception in interior scenes, etc. Novel results in these
directions were also obtained by the author in collaboration with Bachelor’s/Master’s/Doctoral
students, and the papers presenting them are currently under development.

A very interesting domain, which has captured the interest of the author long ago is that of
reinforcement learning. This is the subdomain of machine learning which most closely re-
sembles the desiderata of artificial general intelligence, i.e., intelligent agents that interact with
an environment, receive feedback from the environment, and take actions based on maximizing
a certain reward, which is very similar to the way humans begin to perceive the world as chil-
dren. Two directions can be followed in this domain: collaborating with colleagues from the
Computers and Information Technology Department for applications in robotics, and applying
reinforcement learning to the domain of autonomous driving.
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The goal of the author in the before-mentioned domains is to build a strong research team
in the domain of deep learning, which is extremely popular nowadays in both academia and in-
dustry, which will increase the visibility of the Politehnica University of Timisoara among very
prestigious and important universities around the world, which already have strong research
teams. This goal will certainly be facilitated by the existence of the Master of Machine Learn-
ing at the Politehnica University of Timisoara, and the students who graduate could continue
their studies at the PhD program, under the supervision of the author, thus gradually building a
research team in deep learning.

8.2 Academic development plan

The academic activity of the author started with introducing the Modeling and Simulation
course at the 4th year Bachelor’s Computers — in English. Then came the modernizing of
the laboratory at the Modeling and Simulation course for both the Computers — in English and
Computers — in Romanian specializations. The same modernization followed for the laboratory
at the Graphics and Human-Computer Interaction course for both the Computers — in English
and Computers — in Romanian specializations.

After that, the author completely changed the Image Processing and Recognition course
and laboratory, which was initially offered as optional to the 1st year Master’s of Computer
Engineering students. Then, after that master was discontinued, the Image Processing and
Recognition course replaced the Modeling and Simulation course at the 4th year Bachelor’s
Computers — in English, which was an idea of the author to familiarize the students with the
basics of image processing and recognition at the Bachelor’s studies.

The most important course of the author is the Computer Assisted Mathematics course at the
Ist year Bachelor’s Computers — in Romanian, which is in the core curriculum of the special-
ization, and is attended by all the students in the specialization. The course and laboratory were
developed by taking into account the latest trends in teaching numerical analysis to computer
science and engineering students, with applications specific to their fields. The course and lab-
oratory were very well received by the students, as they had the opportunity to study MATLAB
for the first time, which is necessary for late courses involving signal processing.

At the newly introduced Master’s of Machine Learning, the author proposed 4 courses:
Deep Learning, Reinforcement Learning, Autonomous Driving and the general research course
Research Topics in Machine Learning. All the courses were developed from scratch by the
author, and are for the first time offered to students of the Politehnica University of Timisoara.
The aim is to build knowledge in the respective domains for the students in Timisoara at the
highest possible international level, thus preparing them for doing competitive research in these
domain and working in the industry in these areas. It is expected that the Master’s of Machine
Learning, for which the author is the program coordinator, will spark the interest of students
in the domain of machine learning, and will facilitate the building of a strong deep learning
research team at the Politehnica University of Timisoara.

This Master’s is also expected to spark a more close relation with the industry players in
Timisoara and the Timis County. Bachelor’s and Master’s and even Doctoral theses can be
developed together with and at the proposal of different companies in the area.

The main academic goal of the author is to continue to develop the courses that he teaches,
maintaining them at a competitive level internationally, taking also into account the feedback
from the students. Especially for the courses at the Master’s of Machine Learning, every year
or every few years, the courses must be changed more or less radically, because the respective
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domains evolve so fast, that what was state-of-the-art last year or a few years ago, rapidly
becomes obsolete, and has to be changed to reflect the most important trends in these domains.

The increasing number of students that seek guidance from the author to develop their Bach-
elor’s and Master’s theses shows the increased interest of students in the popular deep learning
domain, and gives hope that the goal of building a strong deep learning community in Timisoara
is not such a far fetched one, and could put Timisoara and the Politehnica University on the in-
ternational map of deep learning, both in academic research and in industrial development, and
could attract companies to come to Timisoara to establish offices here.

8.3 Research infrastructure

The author contributed in attracting two sponsorships from the company VISMA Software for
the upgrade of the Artificial Intelligence and Computer Graphics laboratories, in which the
laboratories of the courses taught by the author take place.

The upgrade of the Artificial Intelligence laboratory started with a new, simple, and mini-
malist room design and furniture, with Scandinavian influences. New equipment has also been
provided, including 18 powerful workstations with Intel® Core™ 1i5 processors and video-
projection system. The Artificial Intelligence laboratory was ready to receive students with the
new look in September 2016.

The following year, in September 2017, the upgraded Computer Graphics laboratory was
ready to receive students. The same type of room design and furniture were used for this
laboratory, also. The Computer Graphics laboratory was equipped with 18 newly acquired
workstations, having Intel® Core™ i5 processors.

The preoccupation for attracting these sponsorships proves the author’s willingness to pro-
vide students with the best conditions to make the first steps in the domain of Artificial Intel-
ligence, and also to lay the foundation of the deep learning research team, the long-standing
ambition of the author.

The deep learning domain is a software domain by excellence, and all the needed software
tools in order to conduct high-quality research in the field are freely available. The only other
resource that is needed to conduct research in the domain is computational power, especially
represented by high-performance GPUs. In this direction, the author has a constant preoc-
cupation to increase the computational power available in the Department of Computers and
Information Technology, and especially to increase the number of available GPUs for doing
research in the deep learning domain. This preoccupation materialized in that the author used
the financing in the PCD-TC-2017 project to acquire two high-performance computers, each
having Intel® Core™ 19-7920X X-series Processor, 32 GB of RAM, 1 TB SSD, and 1600 W
PSU. Between them, they share 3 NVIDIA GTX 1080Ti and 4 NVIDIA RTX 2080Ti GPUs,
which were acquired from the project and also from the ISI grants of the author, which are
provided by the Politehnica University of Timisoara for each ISI journal article written by the
author. Currently, there are available funds for buying at least 2 new NVIDIA RTX 3090 GPUs,
with plans of increasing this number in the future. The ISI grants will be the most important
source of financing the computational infrastructure needed for research, and the author has
full commitment to receive as many such grants as possible in the future. The future doctoral
students will also receive a desk with a personal computer in the office of the author, which will
motivate them to be in the same physical space, and will drive the collaboration between them,
leading to the creation of a strong and united deep learning research team.

There is also a long-standing commitment of the author to search for financing opportuni-
ties in the form of National Research Grants, and also in the form of research grants provided
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by the companies in Timigsoara and the Timig county interested in the machine learning domain.
These will offer the necessary funds for further increasing the computational power available,
and also for augmenting the scholarships of the doctoral students provided by the Politehnica
University of Timisoara.
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