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Abstract
Epilepsy remains a major global neurological disorder, affecting over 1% of the pop-
ulation worldwide and imposing substantial clinical, social, and economic burdens.
Pharmacological therapy is the first line of treatment; however, approximately 30–40%
of patients remain drug-resistant, leaving neuromodulation as one of the few viable
therapeutic options. Despite advances in diagnostic and therapeutic technologies, ex-
isting neuromodulation systems are predominantly open-loop or rely on cloud-based
Artificial Intelligence (AI), which is constrained by latency, power consumption, data
privacy, and long-term scalability. These limitations hinder the deployment of fully
autonomous, personalised, and implantable closed-loop neurostimulation systems.

This thesis explores neuromorphic computing as a foundational paradigm for next-
generation closed-loop neuromodulation, with a focus on seizure detection and predic-
tion in epilepsy. The thesis begins with a perspective article that introduces the con-
cept of neuromorphic neuromodulation and outlines how neuromorphic principles can
enable self-responsive, on-device intelligence for personalised therapies. By developing
algorithms and testing learning mechanisms inspired by biological neural dynamics,
this work enables low-latency and memory-efficient intelligence to operate directly
at the edge. Building on this foundation, a seizure detection system is developed
using bio-inspired neural network models incorporating liquid-time constant neurons
and dendritic spiking mechanisms with heterogeneous temporal dynamics. These
models allow efficient temporal representation of neural signals without reliance on
computationally expensive feature extraction and demonstrate robust out-of-sample
generalisation across patients and recording conditions on large-scale clinical EEG
datasets. In addition, the thesis focuses on edge learning, proposing a neuromorphic
learning rule that enables on-device adaptation for patient-specific treatments under
strict power and memory constraints and can be adopted by the developed models.
Finally, learnable activation functions are further explored within artificial neural
networks, improving training efficiency and interpretability, highlighting a pathway
for integration with neuromorphic technology.

Together, these contributions advance neuromorphic neurotechnology toward au-
tonomous, personalised, and continuously learning closed-loop systems, with impli-
cations extending beyond epilepsy to a broad range of neurological disorders.



Acknowledgements

Firstly, I would like to express my sincere gratitude to my supervisors, Prof. Omid
Kavehei, A/Prof. Armin Nikpour and Prof. Alistair McEwan, for their invaluable
guidance, encouragement, and continuous support throughout my Ph.D. journey.
Their expertise, patience, and insightful feedback have been instrumental in shaping
both this research and my development as a researcher.

I also gratefully acknowledge the support of Mr. Satendra Pratap, IT technologist at
the Comprehensive Epilepsy Service, Royal Prince Alfred Hospital (RPAH), Sydney,
Australia, for his technical assistance and collaboration. I further thank Dr. Jason
K. Eshraghian from the Department of Electrical and Computer Engineering at the
University of California, Santa Cruz, and Dr. Nhan Duy Truong for their continued
mentorship and constructive discussions, which greatly enriched this work.

I acknowledge the partial financial support provided by the Faculty of Engineering
Research Scholarship from The University of Sydney. I also gratefully acknowledge the
financial support from the School Research Funding Scheme (SRFS) at The University
of Sydney.

I would like to thank my friends, especially Zhaojing Huang and Leping Yu, with
whom I have co-authored extensively and had many meaningful technical discus-
sions. I am also grateful to my colleagues for their encouragement, collaboration, and
support throughout my Ph.D. studies.

Lastly, and most importantly, I am deeply grateful to my fiancée, Rachel Shao,
my parents (Luis Fernando Herbozo Alvarado and Gloria Laura Contreras Tupac-
Yupanqui), and my family for their unwavering love, patience, and support through-
out my Ph.D. journey.



Authorship Attribution Statement

This thesis contains material that has been published or submitted for publication.
Relevant chapters include individual authorship attribution statements identifying
the publication details and my contribution to the work.

In addition to the authorship attribution statements above, in cases where I am not
the corresponding author of a published item, permission to include the published
material has been granted by the corresponding author.

Luis Fernando Herbozo Contreras Date: 28 May 2026

As supervisor for the candidature upon which this thesis is based, I can confirm that
the authorship attribution statements above are correct.

Prof. Omid Kavehei Date: 28 May 2026



Generative AI Statement

During the preparation of this thesis, I declare the use of OpenAI’s ChatGPT-5.2 for
the purposes of text enhancement and language refinement of the author’s original
work. The use of this generative AI tool included paraphrasing, improving sentence
structure, refining academic expression, and correcting grammar, spelling, and clarity.

The author confirms that where text was modified by generative AI, the content was
reviewed for possible errors, inaccuracies, and bias. The author takes full respon-
sibility for the submitted thesis, confirms that the intellectual content and research
are their own, and has used generative AI within the parameters of use set by the
University of Sydney’s guidance for research students



Contents

Statement of Originality i

Data Availability ii

Abstract iii

Acknowledgements iv

Authorship Attribution Statement v

Generative AI Statement vi

Contents vii

List of Figures xiii

List of Tables xvi

Nomenclature xviii

1 Introduction 1

1.1 Research Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . 2

1.2 Problem Statements . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

1.3 Research questions . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

1.4 Thesis Organisation . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

1.5 Terminology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7



Contents viii

1.6 List of publications . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

1.6.1 Publications and Source Codes . . . . . . . . . . . . . . . . . 7

1.6.2 Other publications and Source Codes . . . . . . . . . . . . . . 8

1.6.3 Conferences . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

2 Neuromorphic Neuromodulation: A Perspective 11

2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13

2.1.1 Driving the next generation of on-device AI-revolution in elec-
troceuticals through neuromorphic neuromodulation conceptu-
alisation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

2.1.2 Application for neuromorphic neuromodulation . . . . . . . . 24

2.1.3 Evaluating Standards in a Self-Sufficient Responsive Neuromor-
phic System . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

2.1.4 Case Studies for AURA: Foundations of Efficient, Low-Power,
and Biologically Inspired Models for Seizure Detection . . . . 29

2.1.5 Challenges and Opportunities of Neuromorphic AI . . . . . . . 34

2.2 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38

3 Biologically Plausible Liquid Spiking Neurons for EEG-Based Seizure
Detection 40

3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

3.1.1 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44

3.1.2 Novelty and significance . . . . . . . . . . . . . . . . . . . . . 46

3.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46

3.2.1 Datasets . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46

3.2.2 Pre-Processing . . . . . . . . . . . . . . . . . . . . . . . . . . 49

3.2.3 SNN structure . . . . . . . . . . . . . . . . . . . . . . . . . . . 50

3.2.4 Implementation details . . . . . . . . . . . . . . . . . . . . . . 53

3.2.5 Performance metrics . . . . . . . . . . . . . . . . . . . . . . . 53

3.2.6 Power Consumption . . . . . . . . . . . . . . . . . . . . . . . 53

3.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54



Contents ix

3.3.1 Training and Validation . . . . . . . . . . . . . . . . . . . . . 54

3.3.2 Spiking vs Non-Spiking Generalisation . . . . . . . . . . . . . 55

3.3.3 Less is Effective: Memory Reduction Leads To Efficiency Even
In Generalisation. . . . . . . . . . . . . . . . . . . . . . . . . . 56

3.3.4 Power Consumption of LTC-SNN-FPTT model . . . . . . . . 58

3.3.5 AI-SNN Feature Extraction . . . . . . . . . . . . . . . . . . . 59

3.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60

3.5 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 62

4 Time Domain Multiscale Processing with Dendritic Spiking Net-
works 63

4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65

4.1.1 Bio-Inspired Neural Networks . . . . . . . . . . . . . . . . . . 67

4.1.2 The proposed system . . . . . . . . . . . . . . . . . . . . . . . 67

4.1.3 Novelty and significance . . . . . . . . . . . . . . . . . . . . . 68

4.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68

4.2.1 Datasets . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68

4.2.2 Pre-Processing . . . . . . . . . . . . . . . . . . . . . . . . . . 70

4.2.3 SNN structure . . . . . . . . . . . . . . . . . . . . . . . . . . . 71

4.2.4 Implementation details . . . . . . . . . . . . . . . . . . . . . . 75

4.2.5 Performance metrics . . . . . . . . . . . . . . . . . . . . . . . 76

4.3 Experimental Results . . . . . . . . . . . . . . . . . . . . . . . . . . . 76

4.3.1 Scalp-EEG. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 76

4.3.2 Intracranial-EEG . . . . . . . . . . . . . . . . . . . . . . . . . 79

4.4 Timescale analysis of the dendrite branches . . . . . . . . . . . . . . . 80

4.4.1 Learned Timing Factors of Dendrite Branches and Membrane
Potential . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 83

4.5 Estimation of Power Consumption . . . . . . . . . . . . . . . . . . . . 83

4.6 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 85

4.7 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 86



Contents x

5 Unified Dendro-Liquid Framework for Spatio-Temporal Seizure De-
tection. 88

5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 90

5.1.1 Advancing Towards Bio-Realistic Models in Seizure Detection 91

5.1.2 Novelty and Significance . . . . . . . . . . . . . . . . . . . . . 93

5.2 Datasets . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 94

5.2.1 Scalp-EEG . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 95

5.2.2 Intracranial-EEG . . . . . . . . . . . . . . . . . . . . . . . . . 95

5.3 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 96

5.3.1 Pre-processing . . . . . . . . . . . . . . . . . . . . . . . . . . . 96

5.3.2 Spiking Neural Network . . . . . . . . . . . . . . . . . . . . . 96

5.3.3 Backpropagation through time . . . . . . . . . . . . . . . . . . 98

5.3.4 Performance Metrics . . . . . . . . . . . . . . . . . . . . . . . 101

5.3.5 Implementation Details . . . . . . . . . . . . . . . . . . . . . . 101

5.4 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 102

5.4.1 Neural Network Analysis . . . . . . . . . . . . . . . . . . . . . 102

5.4.2 In-Sample Generalisation . . . . . . . . . . . . . . . . . . . . . 103

5.4.3 Edge-Inference Raspberry Pi . . . . . . . . . . . . . . . . . . . 106

5.4.4 Robustness test . . . . . . . . . . . . . . . . . . . . . . . . . . 107

5.4.5 Ablation experiments . . . . . . . . . . . . . . . . . . . . . . . 108

5.4.6 Evaluating SNN Performance Across Different Training Steps 109

5.4.7 Energy Consumption Estimation . . . . . . . . . . . . . . . . 110

5.5 Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 113

5.5.1 Learning Rule . . . . . . . . . . . . . . . . . . . . . . . . . . . 113

5.5.2 Extending to Out-of-sample generalisation . . . . . . . . . . . 113

5.5.3 Overhead of learnable parameters . . . . . . . . . . . . . . . . 113

5.6 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 113



Contents xi

6 Adaptive Neuromorphic Continual Edge Training for Seizure Detec-
tion and Prediction 115

6.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 117

6.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 122

6.2.1 Datasets . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 122

6.2.2 Pre-Processing . . . . . . . . . . . . . . . . . . . . . . . . . . 123

6.2.3 Detection vs Prediction . . . . . . . . . . . . . . . . . . . . . . 124

6.2.4 ANN Structure . . . . . . . . . . . . . . . . . . . . . . . . . . 124

6.2.5 Quantisation Aware Training . . . . . . . . . . . . . . . . . . . 125

6.2.6 Spiking Neural Network Structure . . . . . . . . . . . . . . . . 125

6.2.7 Edge Learning . . . . . . . . . . . . . . . . . . . . . . . . . . . 125

6.2.8 Few Shot Learning . . . . . . . . . . . . . . . . . . . . . . . . 126

6.2.9 Performance Metrics . . . . . . . . . . . . . . . . . . . . . . . 127

6.2.10 Implementation Details . . . . . . . . . . . . . . . . . . . . . . 127

6.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 128

6.3.1 Feature Extraction . . . . . . . . . . . . . . . . . . . . . . . . 128

6.3.2 Pre-Post Quantisation . . . . . . . . . . . . . . . . . . . . . . 130

6.3.3 Quantisation Learning Rate effects on Neuron Activations . . 131

6.3.4 Detection Out-Of-Sample Framework . . . . . . . . . . . . . . 131

6.3.5 Prediction Framework . . . . . . . . . . . . . . . . . . . . . . 132

6.3.6 Power, Memory and Latency Analysis . . . . . . . . . . . . . . 135

6.3.7 Robustness . . . . . . . . . . . . . . . . . . . . . . . . . . . . 137

6.3.8 Complexity: Training and Inference . . . . . . . . . . . . . . . 137

6.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 140

7 Learnable functions led to Interpretable Systems. 144

7.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 146

7.1.1 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . 148

7.1.2 Limitations of the Previous Studies . . . . . . . . . . . . . . . 150



Contents xii

7.1.3 Novelty and Significance . . . . . . . . . . . . . . . . . . . . . 151

7.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 152

7.2.1 Datasets . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 152

7.2.2 The KAN-EEG Structure . . . . . . . . . . . . . . . . . . . . 153

7.2.3 Pre-Processing . . . . . . . . . . . . . . . . . . . . . . . . . . 155

7.3 Experiments and Results . . . . . . . . . . . . . . . . . . . . . . . . . 156

7.3.1 Training and Validation in Sample . . . . . . . . . . . . . . . 156

7.3.2 Robustness . . . . . . . . . . . . . . . . . . . . . . . . . . . . 157

7.3.3 Compact Networks Leads to Out-of-sample Continental gener-
alisation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 158

7.3.4 Computation Time in Training . . . . . . . . . . . . . . . . . 160

7.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 160

7.4.1 Scope and Model Limitations . . . . . . . . . . . . . . . . . . 162

7.5 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 163

8 Concluding Remarks 164

8.1 Thesis Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . 164

8.2 Future Research Directions . . . . . . . . . . . . . . . . . . . . . . . . 165

List of References 168



List of Figures

1.1 Thesis Structure . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

2.1 Brief history of neurostimulation devices and possible future directions. 16

2.2 Conventional (Von Neumann) vs Neuromorphic Architectures . . . . 22

2.3 Neuromodulation approaches. . . . . . . . . . . . . . . . . . . . . . . 26

2.4 Bio-inspired learning rules for neuromorphic neuromodulation . . . . 32

2.5 Energy–memory trade-offs in Von Neumann and neuromorphic archi-
tectures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34

2.6 Power breakdown of a Neuromorphic Device . . . . . . . . . . . . . . 35

3.1 Contrast between BNN, DNN, SNN. . . . . . . . . . . . . . . . . . . 45

3.2 Summary of the RPAH Dataset . . . . . . . . . . . . . . . . . . . . . 47

3.3 Seizure detection system towards a low-power and accurate neuromor-
phic neuromodulation system . . . . . . . . . . . . . . . . . . . . . . 48

3.4 Summary of the TUH dataset for both training and validation . . . . 54

3.5 State-of-the-art comparison on TUH dataset . . . . . . . . . . . . . . 55

3.6 Generalisation performance of large vs small LTC-SNN-FPTT . . . . 57

3.7 Performance on the RPAH dataset by memory reduction . . . . . . . 58

3.8 EPILEPSIAE Scalp-EEG results with the small LTC-SNN . . . . . . 59

3.9 EPILEPSIAE Scalp-EEG results across brain regions in patients with
varying seizure foci . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60

3.10 AI-Interpretability of our model . . . . . . . . . . . . . . . . . . . . . 61

4.1 Biological inspired neuron model . . . . . . . . . . . . . . . . . . . . 69



List of Figures xiv

4.2 Summary of datasets . . . . . . . . . . . . . . . . . . . . . . . . . . . 71

4.3 Neuromorphic detecting system using dLIF . . . . . . . . . . . . . . . 74

4.4 Timescale analysis in the dLIF neural network . . . . . . . . . . . . . 82

4.5 Histogram of the learned timing factors of dendrites branches and soma
of our neural network . . . . . . . . . . . . . . . . . . . . . . . . . . . 84

4.6 Pareto plot of energy consumption versus memory usage and AUROC 85

5.1 Overview of four spiking neuron models . . . . . . . . . . . . . . . . . 91

5.2 Datasets used in this work . . . . . . . . . . . . . . . . . . . . . . . . 92

5.3 Our current framework and vision of our model . . . . . . . . . . . . 94

5.4 Analysis of learned timing factors and membrane potentials . . . . . 104

5.5 Training and validation results across the TUH epilepsy dataset. . . . 106

5.6 Black-out channels results on the TUH and CHB-MIT dataset. . . . . 109

5.7 Ablation experiment results in the three datasets used . . . . . . . . 110

5.8 Timesteps analysis in the TUH, CHB-MIT and EPILEPSIAE used for
this work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 111

6.1 Edge-based personalised seizure detection and prediction frameworks 118

6.2 Results for the initial training and prediction stage on GPU . . . . . 129

6.3 Figure of merit and latency vs number of shots for the three datasets 136

6.4 Pareto plot of energy consumption versus memory usage and latency
for three datasets . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 136

6.5 Robustness test . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 138

6.6 Log–log scatter plot of training vs inference computational complexity 139

6.7 Average AUROC, FPR, and Sensitivity across all patients and datasets
(EPILEPSIAE, CHB-MIT, Freiburg). . . . . . . . . . . . . . . . . . . 141

6.8 Performance metrics as a function of shots for patient in EPILEPSIAE
dataset. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 142

6.9 Performance metrics in the prediction framework as a function of shots
for each patient. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 143

7.1 Representation of the past and future in neuro-AI . . . . . . . . . . . 147



List of Figures xv

7.2 Summary of the datasets being used . . . . . . . . . . . . . . . . . . 154

7.3 KAN-EEG seizure system . . . . . . . . . . . . . . . . . . . . . . . . 156

7.4 In-Sample results on the TUH dataset . . . . . . . . . . . . . . . . . 157



List of Tables

2.1 A benchmark of neuromorphic chips. This list is not extensive but
considers the breakthroughs. . . . . . . . . . . . . . . . . . . . . . . . 23

3.1 Different types of neural networks applied to different bio-signals with
applications such as detection and prediction. . . . . . . . . . . . . . 52

3.2 Details of RPAH dataset for 192 patients . . . . . . . . . . . . . . . . 56

3.3 Generalisation of our LTC-SNN-FPTT against non-SNN (ConvLSTM)
in the RPAH dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . 56

3.4 Power consumption of the LTC-SNN-FPTT model . . . . . . . . . . . 59

4.1 Summary of hyperparameters settings for each dataset . . . . . . . . 75

4.2 AUROC across input domains on the TUH dataset . . . . . . . . . . 77

4.3 TUH Results for down-sampling test . . . . . . . . . . . . . . . . . . 78

4.4 CHB-MIT results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 79

4.5 FB results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 80

4.6 iEEG-EPILEPSIAE results . . . . . . . . . . . . . . . . . . . . . . . 81

5.1 Summary of hyperparameter settings for each dataset. . . . . . . . . 102

5.2 State-of-the-art performance comparison on the TUH dataset. . . . . 105

5.3 CHB-MIT results: AUROC comparison of models using time-frequency
and time-domain inputs. . . . . . . . . . . . . . . . . . . . . . . . . . 105

5.4 EPILEPSIAE-iEEG Results . . . . . . . . . . . . . . . . . . . . . . . 107

5.5 Theoretical equations of energy computation per layer. . . . . . . . . 111

5.6 Spiking rate of the layers in the liquid-dendrite model . . . . . . . . . 112



List of Tables xvii

6.1 Summary of EEG datasets used in this work. . . . . . . . . . . . . . . 130

6.2 Comparison of CNN and our work for seizure detection on the EPILEP-
SIAE dataset. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 133

6.3 Comparison of CNN, FGL, and Our Work. . . . . . . . . . . . . . . . 134

6.4 Comparison of CNN and our work for seizure prediction on the FB
Dataset. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 135

6.5 Training complexity per model . . . . . . . . . . . . . . . . . . . . . . 139

7.1 Different types of neural networks applied to EEG signals for epileptic
seizure detection. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 150

7.2 Model assessment robustness . . . . . . . . . . . . . . . . . . . . . . . 158

7.3 Out-of-sample generalisation results Area Under the Receiver Operat-
ing Characteristic curve (AUROC) on the RPAH dataset. . . . . . . . 161

7.4 Out-of-sample generalisation results AUROC on the EPILEPSIAE dataset.161



Nomenclature

List of Acronyms

Clinical Neurotechnology, Signals, Datasets, and Governance

AES American Epilepsy Society Seizure Prediction Challenge
AFE Analog Front End
BAC Body Area Communication
CHB-MIT Children’s Hospital Boston–MIT EEG dataset
DBS Deep Brain Stimulation
ECAP Evoked Compound Action Potential
ECG Electrocardiogram
ECoG Electrocorticography
EEG Electroencephalogram
EPAD Epilepsy Personal Assistant Device
FB Freiburg dataset
FDA Food and Drug Administration
FoM Figure of Merit
fps Frames per second
HFO High-Frequency Oscillation
iEEG Intracranial EEG
IMD Implantable Medical Device
LFP Local Field Potential
LPCH Lucile Packard Children’s Hospital
MNIST Modified National Institute of Standards and Technology dataset
RNS Responsive Neurostimulation System
RPAH Royal Prince Alfred Hospital
SCS Spinal Cord Stimulation
SOP Seizure Occurence Period
SPH Seizure Prediction Horizon
TNMG Telehealth Network of Minas Gerais
TUH Temple University Hospital EEG Corpus
VNS Vagus Nerve Stimulation



Nomenclature xix

Neuromorphic Computing, Models, Training, and Evaluation

AC Accumulate
ACC Accuracy
AE Autoencoder
AI Artificial Intelligence
ANN Artificial Neural Network
ASIC Application-Specific Integrated Circuit
ASRNN Adaptive Spiking Recurrent Neural Network
AUPRC Area Under the Precision–Recall Curve
AUROC Area Under the Receiver Operating Characteristic curve
AURA Adaptive, Unlabeled, and Real-time Approximate-Learning
BCE Binary Cross-Entropy
BNN Binary Neural Network
BP Backpropagation
BPTT Backpropagation Through Time
BSS Blind Source Separation
CE Cross-Entropy
CMOS Complementary Metal–Oxide–Semiconductor
CNN Convolutional Neural Network
ConvLSTM Convolutional Long Short-Term Memory
CPU Central Processing Unit
CSNN Convolutional Spiking Neural Network
DC Direct current
DBN Deep Belief Network
dLIF Dendritic Leaky Integrate-and-Fire
DNN Deep Neural Network
DWT Discrete Wavelet Transform
FFT Fast Fourier Transform
FPR False Positive Rate
FPTT Forward Propagation Through Time
FPGA Field-Programmable Gate Array
FGL Future Guided Learning
GPU Graphics Processing Unit
GRU Gated Recurrent Unit
ICA Independent Component Analysis
IF Integrate-and-Fire
KAN Kolmogorov-Arnold Network
LIF Leaky Integrate-and-Fire
LR Learning Rate
LSTM Long Short-Term Memory
LTC Liquid Time-Constant
LTC-SNN Liquid Time-Constant Spiking Neural Network



Nomenclature xx

MAC Multiply-Accumulate
MNE MNE-Python library
MLP Multilayer Perceptron
MP Max Pooling
MSE Mean Squared Error
NCPS Neural Circuit Policies
NWN Nanowires Networks
QAT Quantization-Aware Training
RAM Random Access Memory
ReLU Rectified Linear Unit
RNN Recurrent Neural Network
R-STDP Reward-Modulated Spike-Timing-Dependent Plasticity
SConvLSTM Spiking Convolutional Long Short-Term Memory
SNN Spiking Neural Network
SoC System-on-Chip
STDP Spike-Timing-Dependent Plasticity
STFT Short-Time Fourier Transform
STLmax Short-term maximum Lyapunov exponents
SVM Support Vector Machine
TE Teager Energy
TSSP Time-Series Signal Processing
VLSI Very Large Scale Integration



Chapter 1

Introduction

Closed-loop neurostimulation promises transformative therapies for neurological dis-
orders by detecting pathological brain activity and delivering targeted stimulation in
real time. However, despite major advances in sensing and actuation technologies,
the intelligence that drives these systems remains a critical bottleneck. Most contem-
porary approaches rely on large, cloud-dependent artificial intelligence models and
offline updates, imposing fundamental limitations on latency, power consumption,
data privacy, and long-term adaptability-constraints incompatible with the realities
of implantable and wearable neurotechnology.

This thesis advances the concept of neuromorphic neuromodulation, in which neu-
romorphic artificial intelligence operates as the control and decision-making layer
for responsive neurotherapies. Rather than developing neuromodulation techniques
themselves, this work focuses on the intelligence required to enable fully embedded
closed-loop systems capable of sensing, inferring, adapting, and making therapeutic
decisions directly on-device under strict constraints in power, memory, latency, and
autonomy.

Epilepsy is used throughout this thesis as a clinically relevant and technically demand-
ing case study. Seizure dynamics are highly non-stationary, vary substantially across
and within patients, and occur under extreme class imbalance. At the same time, re-
sponsive neurostimulation for epilepsy represents one of the most mature closed-loop
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clinical paradigms. This combination makes epilepsy an ideal testbed for investigating
how neuromorphic intelligence can support real world responsive therapies.

1.1 Research Motivation

The motivation for this thesis arises from a fundamental mismatch between how mod-
ern artificial intelligence is designed and how clinical neurotechnology must operate.

On one hand, state-of-the-art AI systems achieve impressive performance by scal-
ing model size, data volume, and computational resources. On the other hand,
implantable and wearable neurostimulation devices demand the opposite: ultra-low
power operation, strict memory limits, minimal latency, strong privacy, and long-term
autonomous function. Bridging this gap requires a shift away from accuracy-at-all-
costs paradigms toward efficiency-first intelligence to intelligence that is explicitly
designed for deployment, not just for benchmark performance.

At the same time, the clinical need for adaptive, personalised neurotechnology is grow-
ing. Neurological disorders such as epilepsy exhibit long-term variability driven by
disease progression, medication changes, and lifestyle factors. Static models trained
offline cannot accommodate this reality. What is needed are systems that can learn
continuously, adapt safely, and operate independently of cloud infrastructure, par-
ticularly in sensitive medical contexts where latency, reliability, and privacy are
paramount.

Neuromorphic computing offers a compelling foundation for this shift. By exploit-
ing event-driven processing, temporal dynamics, and biologically inspired learning
mechanisms, neuromorphic systems promise orders-of-magnitude reductions in power
and memory consumption compared with conventional digital AI. Yet, despite this
promise, most neuromorphic research has focused on perception tasks such as vision,
leaving closed-loop clinical intelligence largely unexplored, with performance that
would translate into an open-loop system with a high false-positive rate and high
variability.
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1.2 Problem Statements

Despite recent progress in AI-assisted seizure detection, several key problems remain
unresolved:

• Existing seizure detection systems often lack generalisation across patients and
datasets, relying heavily on patient-specific optimisation rather than automa-
tion.

• Many approaches rely on handcrafted or computationally intensive feature ex-
traction, which increases system complexity and limits robustness.

• Conventional deep learning architectures are poorly aligned with the constraints
of edge and neuromorphic hardware, particularly in terms of memory usage and
energy efficiency.

• Interpretability of AI-assisted seizure detection models remains limited, which
hinders clinical trust and adoption.

• Continuous and adaptive learning mechanisms suitable for real-time, closed-loop
seizure detection and prediction are still underexplored.

1.3 Research questions

1. How can neural architectures with intrinsic liquid time-constant dynamics be
designed and extended into neuromorphic spiking neural networks to enable
accurate, generalisable, and low-power biomedical signal analysis—particularly
EEG-based seizure detection under strict constraints on memory, computation,
and energy consumption?

2. Can under-explored compartmental biological mechanisms, such as dendritic
processing and heterogeneous temporal dynamics, explicitly model the temporal
complexity of EEG and iEEG signals for seizure evolution without relying on
complex signal preprocessing or feature extraction?
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3. Does the integration of liquid time-constant dynamics and dendritic compu-
tation enable ultra-compact spiking neural architectures that achieve superior
energy efficiency, under kilobyte-scale memory budgets, and robust seizure de-
tection from raw signals?

4. Can neuromorphic edge-learning systems be trained directly on low-power hard-
ware to continuously adapt to patient-specific seizure signatures through online
learning, enabling personalised, closed-loop seizure detection and prediction in
an autonomous manner?

5. Can learnable activation functions enable compact, interpretable, and high-
performance neural models for EEG-based seizure detection, while reducing
memory usage and training complexity as a step toward future neuromorphic
translation?

1.4 Thesis Organisation

This thesis is structured as a thesis by publication and is organised to reflect a progres-
sive research trajectory, moving from conceptual foundations to algorithmic develop-
ment, neuromorphic implementation, and closed-loop clinical translation. Each chap-
ter addresses one or more of the research questions outlined in Section 1.3. Fig. 1.1
summarises the relationships among the chapters and the overall structure of the
thesis.

• Chapter 2 presents a conceptual and technical perspective on the next genera-
tion of closed-loop neuromodulation systems enabled by neuromorphic comput-
ing. While the proposed framework is broadly applicable to neurological disor-
ders, the chapter focuses specifically on epilepsy as the primary clinical use case.
By leveraging neuromorphic principles at both the algorithmic and hardware
levels, this chapter explores the feasibility of fully embedded, self-responsive
therapeutic systems that operate without continuous data transmission. This
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vision provides the foundational motivation for the subsequent chapters and
frames the key challenges addressed throughout the thesis.

• Chapter 3 addresses the Research Question 1 by introducing liquid time-constant
spiking neural networks for EEG-based seizure detection. This chapter inves-
tigates how intrinsic learnable time-membrane constants can be embedded di-
rectly into neural architectures to improve robustness, generalisation, and effi-
ciency under strict constraints on memory, computation, and energy consump-
tion.

• Chapter 4 extends this neuromorphic perspective by introducing dendrite-inspired
computation in spiking neural networks. This chapter explores how compart-
mental biological mechanisms and heterogeneous temporal processing can ex-
plicitly model the temporal complexity of EEG and iEEG signals without re-
liance on complex signal preprocessing or feature extraction. These contribu-
tions primarily address Research Question 2.

• Chapter 5 integrates the contributions of the previous chapters into a unified
framework. This chapter presents an ultra-compact neuromorphic architec-
ture that combines liquid time-constant dynamics with dendritic computation
to achieve robust seizure detection under kilobyte-scale memory budgets and
severe power constraints. By demonstrating superior energy efficiency and com-
pactness, this chapter directly addresses Research Question 3.

• Chapter 6 focuses on continual online learning in resource-constrained environ-
ments by addressing Research Question 4. This chapter proposes neuromorphic
edge-learning mechanisms that enable seizure detection and forecasting systems
to adapt to patient-specific dynamics using few-shot transfer learning.

• Chapter 7 investigates learnable activation functions as a pathway toward com-
pact, interpretable, and high-performance neural models for EEG-based seizure
detection. Rather than claiming neuromorphic deployment, this chapter eval-
uates the feasibility of function-based representations to improve performance
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while reducing memory usage and training complexity. These findings address
Research Question 5 and establish efficient activation mechanisms as enabling
components for future neuromorphic translation.

CHAPTER 1 (INTRODUCTION)
(Motivation, Problem Statements, Research Questions)

CHAPTER 2 (LITERATURE REVIEW)
(Neuromorphic Neuromodulation)

CHAPTER 3
(Liquid Spiking Networks)

PAPER II

PAPER I

CHAPTER 8 (CONCLUSION)
(Discussion, Limitations and Future Work)

CHAPTER 4
(Dendritic Neurons)

PAPER III

CHAPTER 5
(Unified Framework)

PAPER IV

CHAPTER 6
(Efficient Edge Training)

PAPER V

MODEL ARCHITECTURE ON-DEVICE ONLINE LEARNING

CHAPTER 7
(Dynamic Activations) 

Paper VI

LEARNABLE FUNCTIONS

RQ 1

RQ 2

RQ 3

RQ 4 RQ 5

Figure 1.1 – Schematic representation of the thesis structure. Each Chapter, with it’s
own corresponding paper answer a Research Question (RQ).
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1.5 Terminology

Although acronyms are defined throughout the thesis, this subsection clarifies how
several related concepts are used in this work. Throughout this thesis, Artificial Neu-
ral Network (ANN) refers broadly to conventional architectures implemented using
dense numerical computation, while Convolutional Neural Network (CNN) denotes
convolutional architectures within this family. Spiking Neural Network (SNN) refers
to models that encode and process information using spike events and neuronal dy-
namics. Neuromorphic-compatible refers to models designed to align with neuro-
morphic constraints, such as sparse/event-driven computation, compact memory use,
low-precision operations, or local learning, but does not necessarily imply deployment
on neuromorphic hardware. Neuromorphic deployment is used only when a model is
mapped to a neuromorphic hardware platform. On-chip learning is reserved for cases
where model adaptation or training is performed directly on the target hardware
platform.

1.6 List of publications
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The following publications are included as the main chapters for this thesis.
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Chapter Summary

Neuromodulation techniques have emerged as promising approaches for treating a
wide range of neurological disorders, precisely delivering electrical stimulation to
modulate abnormal neuronal activity. Although AI-driven methods may support
more adaptive and personalised responsive neurostimulation, it presents a challeng-
ing proposition, as real-time (low-latency) processing, low power consumption, and
heat constraints are limiting factors. Another limitation is the dependence on back-
telemetry to external systems (e.g., cloud-based medical mesosystems and ecosys-
tems). While this can be a solution, integrating continuous learning within im-
plantable neuromodulation devices for several applications, such as seizure prediction
in epilepsy, is an open question. Neuromorphic architectures may provide a promising
direction for efficient on-chip analysis of neural signals and AI-assisted personalised
treatments. With more than three orders of magnitude reduction in the total data
required for data processing and feature extraction, the high power- and memory-
efficiency of neuromorphic computing, combined with hardware-firmware co-design,
can be considered a solution for resource-constrained implantable neuromodulation
systems. This chapter discusses neuromorphic neuromodulation as a potential direc-
tion for future closed-loop responsive systems. It highlights its potential to enable
implantable brain-machine microsystems for patient-specific treatment.

2.1 Introduction

Electrical brain stimulation has evolved significantly over the past half-century. It
started in the 1950s when it was found that emotional responses can be triggered
by electrical brain stimulation Delgado et al. (1954). Penfield and Jasper’s work was
pivotal in mapping cortical functions, which they used to enhance the understanding
of seizure semiology Penfield and Jasper (1954). Since then, there has been an in-
creasing number of studies on the safety of brain stimulation and its applications as
therapy of intractable epilepsy, spinal cord injury, psychiatric illness, Parkinson’s dis-
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ease, dystonia, refractory depression and Alzheimer’s disease Goddard et al. (1969);
Gordon et al. (1990); Kim et al. (2021); Kupsch et al. (2006); Laxton et al. (2010); Lo
and Widge (2017); Lozano et al. (2016); Mayberg et al. (2005); Piper et al. (2022).
However, there is yet to be an effective, scalable, personalised, and truly responsive
stimulation solution for refractory epilepsy or neurological diseases in general. The
market share of neurostimulation devices was more than US$6B in 2020 and is pro-
jected to pass US$11B by 2026 1. Key manufacturers of neurostimulation devices
include Medtronic, Boston Scientific, Abbott, LivaNova, Nevro, NeuroPace, Beijing
Pins, and Synapse Biomedical. Fig. 2.1 depicts the history of implantable neurostim-
ulation devices and the trend in advanced neurostimulation. Although it does not
perform neurostimulation, we consider the first pacemaker Kerzenmacher (2013) an
important milestone on the roadmap, as it shares the same core idea: electrical stim-
ulation. A decade after the first pacemaker, in 1967, the first implantable stimulation
device was introduced for chronic pain relief. Since then, neurostimulation has shown
consistent effectiveness in reducing chronic pain Hofmeister et al. (2020). This is fol-
lowed by the first implantable defibrillator reported in 1980 Mirowski et al. (1980).
Neurostimulation has been explored for its potential as a treatment or therapy for
other diseases such as epilepsy, Parkinson’s disease, Alzheimer’s disease, and spinal
cord injury. The year 1997 marks the first Food and Drug Administration (FDA)-
approved Vagus Nerve Stimulation (VNS) device in treating intractable epilepsy Lulic
et al. (2009); Schachter and Saper (1998). The device, NeuroCybernetic Prosthesis,
is based on the finding that stimulating the vagus nerve modulates cortical activity
via thalamocortical pathways, though the precise mechanism is not yet fully under-
stood Rao (2021). Deep Brain Stimulation (DBS) was first used in 1980 for the
reduction of tremors Brice and Mclellan (1980) and has since become an effective
treatment of Parkinson’s disease with impressive clinical outcomes in terms of mo-
tor and non-motor effects and quality of life improvements Deuschl et al. (2013);
Kim et al. (2021). Neuromodulation has been used for more acute conditions, such
as spinal cord injuries, where epidural electrical stimulation is applied to activate
specific sensorimotor functions Wenger et al. (2014). Closed-loop VNS has shown

1Neurostimulation Devices Market (2021). Information can be found here: link

https://www.marketwatch.com/press-release/neurostimulation-devices-market-share-and-size-2021-global-industry-growth-players-data-recent-trends-covid-19-impact-latest-updates-business-prospects-demand-progression-status-regional-outlook-2030-2021-11-24
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promising evidence of the prolonged effects in restoring neural circuitry with a study
on rats Ganzer et al. (2018). Less commonly, neurostimulation has also been explored
with other conditions such as psychiatric illness Lo and Widge (2017) and loss of con-
trol eating Wu et al. (2020a). Recent advancements in neuromodulation underscore
its growing flexibility in targeting specific brain regions or networks, facilitated by
various administration methods, including one-time treatments, continuous delivery,
and adaptive responses to physiological changes. These advancements are pivotal
for enhancing the efficacy and versatility of neuromodulation devices, particularly
through the integration of advanced algorithms and responsive feedback mechanisms,
as projected by 2035 Denison and Morrell (2022).

Future brain stimulation devices may increasingly incorporate advanced
algorithms that combine predictive models and responsive feedback mech-
anisms: In responsive neurostimulation, a neurostimulator device is surgically im-
planted within the patient’s brain or near the affected area. This device has elec-
trodes that continuously monitor the brain’s electrical activity in real-time. It is pro-
grammed to detect abnormal electrical patterns or seizure onset based on predefined
algorithms. One example is to treat epilepsy by continuously monitoring iEEG and
providing stimulation only when epileptiform activity is detected. NeuroPace devel-
oped the first Responsive Neurostimulation System (RNS) systems for epilepsy that
detect abnormal brain activity and respond in real-time Krucoff et al. (2021). This
reduces the amount of stimulation required and improves the accuracy of the treat-
ment. This closed-loop system utilises databases, modelling, and machine learning to
enhance performance, while data collection requires additional telemetry and storage.
Another example is the Mayo Epilepsy Personal Assistant Device (EPAD) that com-
bines an implanted device with iEEG telemetry, electrical stimulation, behavioural
state classifiers, remote parameter control, a handheld computational device, and
a cloud training for managing neurological diseases Balzekas et al. (2021); Nejedly
et al. (2019). Consequently, data-driven methods are likely to play an increasingly
important role in the development of future neuromodulation systems.
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(b)

First implantable 
stimulator for chronic pain

FDA approved 
VNS for epilepsy

First responsive neurostimulation 
FDA approved for epilepsy

1958

1967 1997 2013

1980 2002 2022

Neuromorphic-AI for
 Neuromodulation

First implantable 
pacemaker

First implantable FDA approved DBS 
for Parkinson's 
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for Parkinson's disease
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Neuromodulation Gen

Ongoing Neuromodulation Therapies Gen

Neuromorphic hardware 
to empower precise 
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(a)

Accumulated # of Publications
Accumulated # of Patents

Figure 2.1 – Brief history of neurostimulation devices and possible future
directions.The first generation of neuromodulation devices primarily delivered
constant electrical stimulation to targeted brain regions. Responsive stimulation
generation represents a significant leap forward, incorporating closed-loop systems
that dynamically adjust stimulation parameters based on real-time feedback from
neural activity or physiological markers. Inspired by brain computing, a possible
future direction is neuromorphic neuromodulation, which may support more precise
and energy-efficient therapeutic interventions if challenges in reliability, validation,
and clinical deployment are addressed (a). Accumulated number of publications in
responsive or closed-loop neurostimulation (b). An evident gap exists in closed-loop
systems about the requirement for on-chip devices capable of continuous learning.
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Challenges with current responsive neurostimulation devices: Almost 55%
of neurostimulation devices are intended for pain management. For more acute dis-
eases like epilepsy, despite promising reports showing a reduction of around 50% in
seizure frequency with responsive neurostimulation Bergey et al. (2015); Heck et al.
(2014), people with refractory epilepsy still develop seizures that prevent them from
joining the workforce or performing certain daily activities (e.g., driving). There are
several reasons for the low efficacy in preventing/suppressing seizures. Firstly, the
stimulation is activated based on the detection of anomalies, presumably epileptic
seizures, in brain signals which are manually pre-defined by physicians Geller et al.
(2017); Heck et al. (2014); Jobst et al. (2017); Kokoszka et al. (2018); Ma et al. (2020);
Singhal et al. (2018); Skarpaas et al. (2019). We argue that stimulating the brain
after seizure onset is detected is sub-optimal. Activation of stimulation before the
onset is likely more effective in preventing seizures. This idea was proposed back in
2003 Litt et al. (2003) and has been taken up in several patents Harrer et al. (2020);
Wingeier and Tcheng (2016), but has not yet been tested in clinical trials. What pre-
vents such a system from being effective is the lack of a high-performance model for
predicting neurological events, such as seizures. Seizure prediction is more challenging
than the detection counterpart, and its performance relies on long-term and patient-
specific EEG recording Cook et al. (2013); Duun-Henriksen et al. (2020); Stirling et al.
(2021); Weisdorf et al. (2019). Nevertheless, having access to ultra-long-term EEG
recordings is just one part of the overall solution for robustly developing seizure pre-
diction models. The EEG recording needs to be labelled such that it can be used to
train a machine learning model, e.g., a deep neural network. This process is not only
time-consuming but also requires neurologists to manually read and label, and must
be regularly repeated as underlying physiological patterns change over time Sun and
Morrell (2014). This corresponds to data set drift. Furthermore, interpreting brain
data obtained chronically or in real time requires advanced analytics that rely on deep
learning algorithms and intensive computational capabilities, which are unsuitable for
current on-chip hardware and software approaches for on-chip learning Kremen et al.
(2018).
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Can these devices be smarter, extraordinarily energy-efficient and per-
form truly real-time closed-loop therapy? Neurotechnology research has seen
a surge in startups and companies over the past decade, but on-chip computation
is currently limited to simple signal processing and feature extraction. Existing sys-
tems such as the RNS, Percept family™: (PC/RC) and Summit RC+S Carrette
et al. (2015); Jimenez-Shahed (2021); Stanslaski et al. (2018) rely on external sys-
tems with advanced machine learning algorithms for accurate symptom tracking. 2

For instance, the investigational Medtronic Summit RC+S utilises an embedded dual
Linear Discriminant Classifier that consumes 5 µW/channel, and its parameters can
be upgraded through telemetry. Percept family™ includes the PC and RC. The PC
device incorporates BrainSense™ technology, specifically designed to acquire brain
signals, known as Local Field Potential (LFP)s, utilising the implanted DBS lead.
Regarding the utilisation of BrainSense™ technology for a patient with Parkinson’s
Disease, the system typically consumes a moderate amount of energy over two months
when BrainSense™ is incorporated. This energy usage is expected to sustain the de-
vice for 5 years. The FDA approved the latest innovation of the Percept™(RC) in
early 2024, which includes rechargeable neurostimulation. The RC is the smallest and
thinnest dual-channel neurostimulator available for DBS, offering at least 15 years of
service life with consistent, fast recharge performance 3. Brain Interchange ONE
is the first version of the CorTec Brain Interchange technology, which is currently
approved for the first study by the FDA. It consists of a bidirectional, closed-loop
neuromodulation device that supplies energy via induction and records and stimulates
brain activity across 32 channels. This device relies on external artificial intelligence
running on designed software 4.

The RNS system continuously monitors Electrocorticography (ECoG) at the seizure
focus and delivers closed-loop electrical stimulation when abnormal (epileptiform)
patterns are detected. Two versions have been available in the market: The RNS-300
and RNS-320, with the latter incorporating the most recent advancements. Both

2Some of these techniques are approved only for investigational use.
3FDA approves Medtronic PerceptTM RC neurostimulator with BrainSenseTM, 2024 technology
4Cortec: Brain Interchange One, 2015. Link: Here

https://www.cortec-neuro.com/products-and-services/brain-interchange-one/
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versions depend on the telemetry component used for communication, storage, and
access to historical neurostimulator data. However, one significant design feature, or
lack thereof, in these devices is the demand for external transmission of information,
as continuous data telemetry drains their battery quickly. This system, which is said
to be a continuous monitoring system, is only partially true. For instance, one of
the RNS models can only record up to 4 minutes of ECoG and can be scheduled to
repeat this up to 4 times within a 24-hour period. That means information about
the whole day is not present; only instances of times are. This device also passively
records multiple seizures, which helps develop detection algorithms tailored to the
patient. By analysing these recordings, algorithms can identify seizure patterns and
apply responsive stimulation using techniques such as line length and half-wave detec-
tion. Existing deep learning models outperform such algorithms. These alternatives
face challenges, such as increased power consumption from wireless data telemetry
and significant feedback-loop latency (several hundred milliseconds) compared to an
on-device equivalent. Integrating this alternative approach could reduce the effec-
tiveness of closed-loop stimulation and increase the need for more frequent battery
replacements or recharges of implanted batteries. The goal is to design the next
generation of intelligent neuromodulation systems with greater on-chip computing,
improved energy efficiency, and overall miniaturisation Yoo and Shoaran (2021).

In this perspective, we aim to explain why neuromorphic computing may represent a
potential solution for making embedded smart electroceutical devices. These ground-
breaking devices use electrical impulses to precisely modulate the body’s neural cir-
cuits Famm et al. (2013); Long et al. (2021); Maeng et al. (2022). We discussed the
practical advantages of our approach, feasible applications, case studies with potential
for improvement, and the challenges and opportunities in this emerging field.



2.1 Introduction 20

2.1.1 Driving the next generation of on-device AI-revolution

in electroceuticals through neuromorphic neuromodu-

lation conceptualisation

Data telemetry is power hungry: The rapid advancement of AI and neural
networks has enabled computers to exhibit impressive cognitive abilities. However,
reducing computational costs and achieving brain-like efficiency remain challenging.
Deep neural networks form the basis of state-of-the-art AI as it stands, and these net-
works rely on computing systems, from the transistors to hugely memory-intensive
graphics processing units Graphics Processing Unit (GPU), which consume sub-
stantial energy in their general-purpose and conventional computing architectures.
Training these networks on energy-intensive servers yields high accuracy but also
high energy consumption. For example, running a model on an intelligent glass-
embedded processor would exhaust its battery (2.1 Wh) in 25 minutes Venkatara-
mani et al. (2016). This high power consumption makes such systems unsuitable
for bio-electronic medicine applications, which prioritise low energy usage. External
data processing in implantable devices requires wireless data telemetry, which is lim-
ited by bandwidth, communication range, interference, and, crucially, energy require-
ments. As real-time processing is necessary, such external interaction would hinder
timely responses to signal features and raise potential efficacy issues. Conversely,
on-device (edge) computing solutions enable the immediate processing of recorded
signals and facilitate closed-loop interventions Kiourti and Nikita (2012); Movassaghi
et al. (2014). Expanding edge computing capabilities beyond inference-only to on-
device learning would significantly enhance the personalisation and efficacy of these
devices.

Can we take inspiration from the brain through neuromorphic? The human
brain possesses a remarkable computational power ranging from 1013 to 1016 opera-
tions per second, with a power consumption of approximately 20 W 5. In contrast, a

5This is an indicative figure based on whole body metabolic studies.
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computer performing a classification task requires about 250 W. The brain consists of
billions of neurons (∼ 9×109) connected by trillions of synapses (∼ 3×1014), allowing
for information processing at a rate of approximately 6 × 1016 bits per second Fares
et al. (2022); Martins et al. (2019). Recent investigations explore the prospects of
neuromodulation over the past decade Afsaneh and Zarei Ghobadi (2023), discussing
the potential of neuromorphic chips for implanted body-machine systems that mimic
the co-location of logic and memory, hyper-connectivity, and parallel processing of the
human brain, as shown in Fig. 2.2. The field of neuromorphic computing has seen sig-
nificant advancements in industry and academia Fares et al. (2022). Several notable
neuromorphic chips, like IBM’s TrueNorth and Intel’s Loihi, cater to specific appli-
cations with dedicated software ecosystems. In the European Union Human Brain
Project, chips such as BrainScales, SpiNNaker, NeuroGrid, IFAT, and DYNAPs excel
at tasks such as object detection and medical image analysis. There’s a growing focus
on versatile neuromorphic platforms that integrate hardware and software, such as
the Tianjic chip, which supports both SNN and traditional ANN. Spinnaker serves
as a general-purpose accelerator for diverse workloads. These chips employ digital,
analog, or mixed-signal configurations based on their functional needs Benjamin and
et al. (2014); Blouw et al. (2019); Davies and other authors (2018); Furber et al.
(2014); Getty et al. (2021); Merolla and et al. (2014); Moradi et al. (2017); Mostafa
et al. (2015); Schemmel et al. (2021, 2010); Thakur and et al. (2018). Table 2.1
overviews some of the most prominent current neuromorphic chips. Notably, there is
a wide range of neuromorphic chips, but we consider the most commercially available
for demonstration. Research notes limitations in current devices for peripheral ner-
vous system stimulation and suggests neuromorphic circuits as an ideal solution for
enhancing bioelectric medicine. Adaptive closed-loop systems based on neuromorphic
engineering can improve symptom control by continuously monitoring physiological
signals and adapting in real time Donati and Indiveri (2023). These systems use
mixed-mode analog and digital transistors and consume ultra-low power. Neuro-
morphic engineering can overcome bandwidth and power-consumption limitations,
thereby improving neural data acquisition and processing Chicca et al. (2014). Ana-
log neuromorphic front-ends offer a low-power solution for high-bandwidth neural
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recording and multi-channel processing needs. They process analog signals directly,
converting them into spikes for SNN use. Recent advances in neuromorphic com-
puting enable on-chip training with minimal power consumption and a small device
footprint Frenkel et al. (2020), demonstrating on-chip training in a 32-mm2 silicon
area, achieving 95.3% accuracy on the Modified National Institute of Standards and
Technology dataset (MNIST) dataset, slightly lower than off-chip training’s 97.5%
accuracy. Existing neuromorphic chips, such as the well-known IBM TrueNorth and
Intel Loihi, are general-purpose chips that support various network architectures and
configurable parameters (e.g., number of layers, kernel sizes, etc.). However, their
versatility comes at a cost: higher power consumption and greater heat dissipation.
For the implementation of neural networks with learning capability, a neuromorphic
chip should be fully optimised for a specific application if continuous active learning
is to be coupled with a medical device, especially implants with strict temperature
constraints.

Figure 2.2 – Conventional (Von Neumann) vs Neuromorphic Architectures
Conventional computers rely on sequential, clock-driven (synchronous) binary op-
erations, separating memory and computation units. In contrast, the human brain
employs event-driven (asynchronous), neural action potentials (spikes), with a great
network capacity for parallel processing and the capability for local learning mech-
anisms. These basic, seemingly shallow, yet fundamental distinctions contribute to
the brain’s inherent superiority in energy efficiency, positioning it as a promising
avenue for the development of custom or general-purpose integrated circuits and
computing architectures.
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2.1.2 Application for neuromorphic neuromodulation

Fig. 2.3 demonstrates three main categories of neuromodulation devices, including
those which are commercially available (a-b) and under investigation (c). In an open-
loop system (Fig. 2.3(a)), stimulation parameters such as amplitude, frequency, and
duty cycle are pre-determined by a clinician. Stimulation persists unless the patient
or the clinician manually turns it off. The device can be reprogrammed during a
subsequent patient visit if the stimulation is ineffective. In contrast, a closed-loop
system triggers stimulation by responding to physiological changes. The system in
Fig. 2.3(b) continuously senses the patient’s state (e.g., EEG signals) and streams it
wirelessly to a portable device (or a bedside computer) that is in charge of analysing
the signals by using threshold-based rules or machine learning models, and turning it
into a control signal to the stimulation Chen et al. (2021); Denison and Santa (2017);
Giftakis et al. (2014); Kremen et al. (2018); Mivalt et al. (2022); Sladky et al. (2022);
Snyder and Leyde (2008); Stanslaski et al. (2018); Stirling et al. (2021). In epilepsy
management, a portable device activates stimulation upon detecting or predicting
a seizure onset. This closed-loop system, aided by external computing, minimises
unnecessary stimulation compared to traditional approaches. However, continuous
data streaming to external resources consumes substantial power, limiting battery
life or increasing device size. Moreover, wireless communication between the device
and external computing systems poses challenges, including connection loss, interfer-
ence, and security risks. Fig. 2.3(c) illustrates how an alternative closed-loop system
can address the complications from the continuous data stream of standard closed-
loop systems by incorporating an on-device computing unit to the neuro-modulation
device without reliance on external computational power to host the control algo-
rithms Harrer et al. (2020); Pepin and Kotzev (2021); Rhew et al. (2014). In these
closed-loop system models (Fig. 2.3(b) and (c)), the optimisation of models (on-device
or off-device) must still be performed regularly and involves a human expert and/or
cloud computation to adapt with the changes in the patient’s conditions and/or in
the underlying disease Sun and Morrell (2014). This implies that the patient’s data
needs to be stored in the external device (Fig. 2.3(b)) or in the implantable device
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(Fig. 2.3(c)) and regularly be uploaded to the cloud. The data will also need to be
analysed or labelled by a human expert so it can be used to update threshold-based
rules or to retrain the machine learning models. It should be noted that none of the
aforementioned methods offer on-device training and re-training, and require expert
involvement for regular retraining Ashourvan et al. (2020), which limits the scala-
bility of the system to a large number of patients Karuppiah Ramachandran et al.
(2018). The idea of on-device active learning proposed in Xiao et al. (2017) relied
on an ideal detection and deterministic feature extraction technique to actively train
a prediction model without expert intervention or external computational resources.
However, we argue that deterministic feature extraction may lose efficacy over time
as the underlying disease evolves. Our alternative is neuromorphic neuromodula-
tion, a computationally self-sufficient closed-loop system, shown in Fig 2.3(d). Our
proposed system eliminates the need for continuous data telemetry and reliance on ex-
ternal computational resources. We believe our self-contained system can provide an
ultimate personalised closed-loop neuromodulation system. The vision is ambitious
but not impractical.

2.1.3 Evaluating Standards in a Self-Sufficient Responsive

Neuromorphic System

Here, we discuss some fundamental standards and criteria that our system adheres
for future neuromodulation devices.

Physiological event detection becoming more trustworthy: The field of
automatic annotation of physiological data has seen significant advancements, with
recent developments approaching the accuracy and reliability of human experts. No-
table examples of these advancements include the detection and classification of ar-
rhythmias Hannun et al. (2019), the identification of epileptiform discharges Jing
et al. (2020), and the marking of seizures Scheuer et al. (2021). These technological
improvements not only enhance automated health monitoring, thereby reducing clin-
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(on-device)
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Stimulation (DBS, VNS ...)
Regular communication
Infrequent communication

(a)                       Open-loop system (b)      Closed-loop system with external 
            computing and retraining

(c)          Closed-loop system with on-device 
               computing and external retraining

(d)  Self-sufficient closed-loop system for 
       neuromorphic neuromodulation

Adjust Review

Continuous telemetry
Activate

Activate Activate Neuromorphic encoding

Figure 2.3 – Neuromodulation approaches. (a) An open-loop system with an
expert who occasionally reviews the effectiveness of the system and adjusts the
stimulation parameters accordingly. Such a system employs cyclic stimulation re-
gardless of the target’s current state (e.g., brain state). (b) A closed-loop system
with external computing for accessing the state of the target to condition the stimu-
lation. The external computing component can be a portable device, e.g., a tablet,
or a local computer. The recording device continuously streams data (e.g., EEG
signals) to an external computing system, where trained algorithms are executed to
determine the target’s state. The deployed algorithms on the external computing
component can be updated occasionally by involving a review from an expert(s)
and big data/cloud computing (retraining). (c) The computing component is em-
bedded within the device, which eliminates the need for continuous streaming of
data to the outside world Harrer et al. (2020); Pepin and Kotzev (2021). However,
the on-device algorithms need to be updated periodically to reflect changes in phys-
iological signals (e.g., alterations in seizure patterns in patients with epilepsy). The
device must also have sufficient memory to store the signals for the expert(s) to
review and for retraining in the cloud. (d) A neuromorphic neuromodulation sys-
tem where the medical device can run and retrain its algorithm by itself without
relying on external computing resources. The system utilises labels generated by
a detection model with performance on par with a human expert Hannun et al.
(2019); Jing et al. (2020); Scheuer et al. (2021) and a continuous learning strat-
egy that serves as a recorder to train a prediction model. The rapid advances in
neuromorphic computing Bohnstingl et al. (2019); Park et al. (2019) have enabled
on-device active learning. It’s noteworthy that such a system will intermittently
transmit relevant snapshots or markers of the recorded biosignal to comply with
safety and efficacy standards.
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icians’ burden, but also create opportunities to leverage unlabeled data. For instance,
algorithm-generated labels can be utilised to train other predictive models without
the need for human expert intervention. While detecting seizures during or imme-
diately after the onset has proven more successful than predictive methods, these
advancements have led to the development of Adaptive, Unlabeled, and Real-time
Approximate-Learning (AURA) platform Yang et al. (2022a).

On-device learning: AI systems utilizing Application-Specific Integrated Circuit
(ASIC) with parallel multiply-and-accumulate Multiply-Accumulate (MAC) units ex-
hibit better inference and energy efficiency than GPU- based systems. However, per-
forming MAC operations requires intensive data transfer between these units and
data buffers, limiting energy efficiency and restricting them to functioning solely in
inference mode, whereas the human brain has the remarkable ability to learn con-
tinuously. Consequently, on-device learning emerges as a significant characteristic of
neuromorphic systems. On-chip learning is indispensable for tailoring and personal-
ising smart devices to cater to individual user requirements. Moreover, it bolsters
privacy by eliminating the need to transmit user data to the cloud Frenkel et al.
(2023); Ivanov et al. (2022); White et al. (2022); Zhang et al. (2020). At the core of
AURA, on-device learning is achieved through a high-performance physiological event
(e.g., epileptic seizure) detection model that serves as an algorithmic “human expert,”
generating labels on the fly as the signal arrives. The generated labels are paired with
recorded signals from a loop recorder to be used as a training dataset for a predictive
model (e.g., seizure forecasting). It is worth noting that while the detection model or
label generator must perform well, it does not necessarily need to be perfect. In fact,
imperfect labelling from a mix of clinicians and medical students with varying levels
of experience has been shown to remain effective in training a deep learning model
to achieve high-level seizure detection accuracy and generalisation. AI models face
limitations due to misaligned metrics with clinical needs, requiring validation through
prospective data and real-world data testing Surianarayanan et al. (2023).
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Embrace multi-modal signals: As part of physiological monitoring, it is usual
that there are multiple signals being recorded. For instance, in the VNS device,
multimodal approaches are also used in some cases, such as incorporating a heart rate
sensor to activate stimulation when the heart rate exceeds a predetermined threshold,
since some seizures are associated with an acceleration in heart rate. Combining
signals from multiple sources can improve the performance of a detection/prediction
model Greene et al. (2007); Valderrama et al. (2010). It is important to note that,
depending on performance requirements, power consumption, and/or heat dissipation,
the detection model of AURA may use a different set of sensory modalities from the
prediction counterpart.

Integrating Bio-Inspired Algorithms for Energy-Efficient Electroceutical
Systems SNNs provide an alternative approach by mimicking the behaviour of bi-
ological neurons and offering potential energy-efficiency advantages, making them
suitable for resource-constrained environments such as edge devices Surianarayanan
et al. (2023). Training approaches can be categorised into different methods. One
common approach is to directly train the SNN itself using surrogate gradient descent.
Another approach involves training a traditional ANN and then mapping it into an
SNN. The ANN is trained using conventional techniques, and the resulting trained
weights and connections are then transferred to the SNN. Reservoir computing is
another technique used in SNNs, in which the network is structured into an input
layer, a reservoir layer, and a readout layer. The reservoir acts as a dynamic memory,
and the readout layer is trained to interpret the reservoir’s activity. Lastly, spike-
timing-dependent plasticity is an approach based on synaptic plasticity, in which
the weights of connections are adjusted according to the relative spike timings be-
tween pre- and post-synaptic neurons. These training approaches provide different
strategies for training SNNs, each with its own advantages and applications. Kulkarni
and Rajendran (2018); Lee et al. (2016); Mead (1990, 2020); Schliebs and Kasabov
(2013); Schuman et al. (2022); Stöckl and Maass (2021); Tanaka et al. (2019). The
AURA system is built on conventional SNN architectures and training. Studies have
investigated seizure detection using closed-loop direct neurostimulation devices in
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epilepsy with neuromorphic chips by successfully transferring a CNN to TrueNorth,
demonstrating accurate detection with low memory usage and efficient runtime, with
power consumption below 40µW. However, it is noted that CNNs’ dependency on
back-propagation can result in issues such as catastrophic forgetting and heightened
computational costs Dümpelmann (2019); Esser et al. (2016); Kiral-Kornek et al.
(2018).

Back-propagation: implausible biological way and issues with neuromor-
phic hardware: ANNs use back-propagation and gradient descent to adjust synap-
tic weights, but this leads to several issues, including catastrophic forgetting, weight-
symmetry problems Liao et al. (2016), freezing of neural activity Whittington and
Bogacz (2019), and non-local weight updates Lillicrap et al. (2020). Back-propagation
is also vulnerable to adversarial attacks Akrout (2019) and requires excessive compu-
tational hardware in Very Large Scale Integration (VLSI) Jabri and Flower (1992).
Novel solutions, such as the forward-forward algorithm, aim to address these prob-
lems Dellaferrera and Kreiman (2022); Hinton (2022). However, its current scope
is limited to static datasets like CIFAR-10, with slightly worse test errors than the
current back-propagation framework. Nonetheless, in the following case studies, we
used biologically plausible solutions to address those problems and potentially served
as a framework for the proposed perspective solution.

2.1.4 Case Studies for AURA: Foundations of Efficient, Low-

Power, and Biologically Inspired Models for Seizure

Detection

In the realm of seizure detection/prediction, the quest for efficient, low-power models
that employ lifelong learning has drawn attention to bio-inspired algorithms, which
can enhance the performance of the AURA system. Lifelong learning refers to a
system’s ability to continuously learn and adapt to new information, much as bio-
logical systems do. Within this context, our exploration unveils three distinct yet
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impact cases of studies. The following models serve as exemplars of effectiveness and
power efficiency, showcasing a novel approach to seizure detection with the potential
for accurate neuromodulation. Leveraging principles derived from biological systems,
these algorithms demonstrate prowess in lifelong learning, exhibiting adaptability and
responsiveness.

Case 1: Continual Learning with Artificial Metaplastic Models: In compu-
tational neuroscience, the stability-plasticity dilemma revolves around an AI model’s
ability to acquire new memories while retaining existing ones. Synaptic plasticity, the
basis of learning, involves neuronal connections adjusting their strength over time.
This paradox is addressed through synaptic artificial meta-plasticity, a bio-inspired
approach to continuous learning. Using a binarised neural network Binary Neural
Network (BNN), researchers implemented synaptic meta-plasticity to mitigate catas-
trophic forgetting in multi-task learning. This method modulates hidden weights via
a function fmeta(Wh), potentially applicable to neuromorphic platforms Laborieux
et al. (2021); Mermillod et al. (2013). We applied these principles to our model,
MetaEEG, a low-power neuromorphic proof-of-concept for lifelong learning of EEG
seizures. We propose a BNN with artificial metaplasticity for stream learning, tar-
geting real time wearable physiological data streams.. We trained our model on the
TUH dataset, dividing it into 300 subsets and sequentially presenting each to the
model for 20 epochs. Every 5 subsets, we tested the model on unseen test data. We
evaluated its performance on different EEG signatures to assess its adaptability to
significant changes in seizure patterns. By generating 5 synthetic EEG datasets with
distinct seizure signatures, we demonstrated the model’s ability to adapt without for-
getting prior patterns, achieving an AUROC of nearly 0.80 Aguilar et al. (2025). This
feasibility proof paves the way for future studies that integrate artificial meta-plastic
behaviour with SNN compatibility for seizure prediction, addressing buffer limitations
in the AURA system.

Case 2: Effective, Sparse, Interpretable and Low-Power Liquid Time Con-
stant Based Models: Liquid Time Neural Networks are a class of time-continuous
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recurrent neural network models that exhibit stable, bounded behaviour, thereby im-
proving performance on time-series prediction tasks. Their low complexity allow for a
better representation of the hidden states, and adapting to changing conditions such
as autonomous driving and medical time-series data Banerjee et al. (2009); Beveridge
and Pereira (2022); Chahine et al. (2023); Hasani et al. (2022, 2021, 2023); Huang
et al. (2024a); Lechner et al. (2020). We used Liquid Time Constant in different sce-
narios such as models on shallow bio-inspired models and spiking neural version with
a forward-propagation through time algorithm Yin et al. (2023). We developed a
dynamic spiking model for seizure detection across continental datasets utilising spik-
ing liquid-neuron networks with Forward Propagation Through Time (FPTT) Her-
bozo Contreras et al. (2024a). By training and validating in the TUH dataset, we
evaluated generalisation in the RPAH dataset, achieving an AUROC of 0.83 in 192 pa-
tients, which is slightly higher than a conventional algorithm based on Convolutional
Long Short-Term Memory (ConvLSTM) Yang et al. (2022b). By reducing the model’s
memory requirement by 10 times, we examined its robustness and found it to per-
form at the level of a large dynamic SNN, with an AUROC of 0.82. Subsequently,
we applied a scaled-down model, achieving an AUROC of 0.83 on the EPILEPSIAE
Dataset. We provided an estimate of the model’s power consumption of 3.1 µJ/Inf
(per inference) on Loihi. Further exploration should include these dynamic models
with ECoG and LFP data.

Case 3: On-Device Fine-Tuning with Spiking Liquid-Base Models: Feasible
application on hardware: We initiated by exploring a Neural Circuit Policies
(NCPS) model variant that employs a liquid time constant for Arrhythmia detection,
incorporating on-device fine-tuning Huang et al. (2024b). Our setup utilised the
Radxa Zero SBC with an Amlogic 905Y2 processor and 4GB LPDDR4 memory.
Refinement of the model on the Radxa Zero involved leveraging a pretrained model,
initially trained for 2 epochs on the Telehealth Network of Minas Gerais (TNMG)
using an GPU. Adjustments were implemented, including reducing the batch size
to 8 during fine-tuning to utilise 72% of memory. The fine-tuning phase consisted of
training on a dataset of 640 data points across five epochs, followed by validation on a
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subset of 320 data points. The evaluation of the fine-tuned model involved comparing
its performance with that of the base model trained on GPU. Throughout the training
iterations, the model displayed notable improvements in performance metrics. The
average F1 score increased from 0.46 to 0.56, and the AUROC enhanced from 0.65
to 0.73. A fine-tuned model was tested on a larger dataset of 1280 samples, where
significant improvements in F1 score and AUROC were observed, increasing from
0.31 and 0.63 to 0.45 and 0.72, respectively. These findings have motivated further
investigation into its suitability for deployment on neuromorphic chips. Integrating
these study cases could be seen in a bio-inspired model as detailed in Fig 2.4.

Figure 2.4 – Bio-Inspired Learning Rules for Neuromorphic Neuromodu-
lation represents a cutting-edge paradigm in the field of neural systems. This
innovative approach enables the development of on-device learning capabilities,
thereby facilitating the seamless integration and real-time processing of continuous
bio-signals. By leveraging this neuromorphic system, it becomes possible to dynam-
ically adapt to extracted features and convert them into spikes. These spikes are
then fed into a shallow, sparse, and bio-inspired algorithm that utilises a continu-
ous learning rule for precise adjustment, ultimately yielding responsive stimulation
tailored to each individual patient. This approach eliminates the reliance on cloud
computing.

Estimation of power consumption of a fully integrated AURA system: A
study conducted with SNN on EEG datasets (Freiburg, CHB-MIT, Epilepsiae) for
seizure detection was proposed by Yang et al. (2023) where they demonstrate the
capabilities of neuromorphic approaches to reduce the memory usage and energy
consumption from ten to thousands of magnitude in comparison like running in con-
ventional GPU devices with conventional AI algorithms. The results of this work are
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demonstrated in Fig 2.5. Drawing on the aforementioned findings and case studies,
these instances serve as a basis for projecting the power usage of a fully integrated
system. For a fully integrated detection/prediction system, we assume the input
signal EEG comprises 10 channels and is sampled at 128 Hz. For simplicity, both
detection and prediction networks use the same ConvLSTM architecture proposed
in Yang et al. (2022b), consisting of three ConvLSTM layers followed by two fully
connected layers. The detection and prediction algorithms use input windows of 10
and 30 seconds, respectively. The inputs are divided into 50% overlapping 1-second
sub-windows, which are fed to a ConvLSTM network. Using the Loihi neuromorphic
chip as a reference and a real-time batch size of 1 (one input is processed at a time),
the cost of inference for a single data sample is 25 mJ and 77 mJ for the detection
and prediction algorithms, respectively. Since detection occurs every 10 seconds and
prediction every 30 seconds, the energy can be amortised over time, with the total
power consumption for inference of both networks being 5.1 mW (2.6 mW for detec-
tion and 2.5 mW for prediction). Note that this power consumption can be reduced by
parallelising inference into batches and distributing them over a longer time interval.
For example, with a batch size 32, the total inference power consumption becomes
160 µW. Regarding the training of the prediction network, since the architecture is
fixed, the backward pass can be performed simultaneously with the forward pass in
deterministic forward-mode auto-differentiation; therefore, the gradient calculation
cost is similar to the inference cost. Given the network has 31.5M parameters and
the energy to update each additional weight is 120 pJ (Loihi), the total cost of weight
updates is 3.78 mJ. The total energy required to train the prediction algorithm is
(77 mJ + 3.78 mJ) or 81.78 mJ. This training step occurs every 30 seconds, so its
power consumption is 2.73 mW (batch size=1) or 85 µW (batch size=32). With
a custom design, the EEG Analog Front End (AFE)’s power consumption can be
optimised to less than 3 µW per channel Do Valle et al. (2016). Considering the
AFE solely, using a commercially available rechargeable Li-Po battery with a size
volume of 2.7×30×34 mm3 and a capacity of 240 mAh at 3.7 V Co. (2021), the sys-
tem can be powered for at least 24 hours before a recharge. The battery life can be
considerably extended by performing calculations in batches, with the only trade-off
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being a slight delay in obtaining results. Considering the size of the detection and
prediction networks and the synaptic density of the TrueNorth chip, we estimate
a required area of ∼62 mm2 to implement the entire system. A power breakdown
of an inspired neuromorphic device is provided in Fig 2.6. To this end, there may
be opportunities to improve our algorithm by adopting a more biologically plausible
approach. Studies have achieved efficient, energy-saving training of time-domain sig-
nals by incorporating dendrites into spiking neurons Zheng et al. (2024), potentially
eliminating the dependency on Time-Series Signal Processing (TSSP) blocks. Lever-
aging the model’s capacity to interpret biosignal data conserves power, prolonging
the lifespan of implantable devices.

Figure 2.5 – Energy–memory trade-offs in Von Neumann and neuromorphic
architectures. Memory usage and energy consumption are measured during an
inference-only task, comparing a conventional AI model, ConvLSTM, running on a
von Neumann computing architecture with a spiking ConvLSTM model deployed
on a neuromorphic architecture.

2.1.5 Challenges and Opportunities of Neuromorphic AI

We will need a more robust mapping of the neural circuits underlying the pathophysi-
ology associated with the treatment. At the signal level, we will need better decoders
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DT (FP): 25%
PR (FP): 25%
PR (BP): 26%

AFE: 10%
TSSP: 14%

Figure 2.6 – Power breakdown of a Neuromorphic Device. Traditional algo-
rithms used in neuromorphic often utilise TSSP methods like Fast Fourier Trans-
form (FFT) or Short-Time Fourier Transform (STFT) for feature extraction to
enhance performance. All parts discussed are considered as one system (A). Power
reduction can be addressed through algorithm (software) development, which can
be further improved by using larger batch sizes in processing operations and incor-
porating more biologically plausible algorithms for future implantable neuromor-
phic devices (B). AFE: Analog Front End, DT: Detection, PR: Prediction, FP:
Forward Propagation, BP: Backwards Propagation.

of the neural language associated with the pathophysiological states and more precise
therapeutic patterns of electrical impulses targeting the rate, even the timing of spikes
Donati and Indiveri (2023); Donati and Valle (2024). Generating such adaptive and
precise neuromodulators will require a multidisciplinary effort: the development of
neuromorphic circuits for real-time spike processing will translate the biological un-
derstanding of what is happening at the neural level in health and disease Michmizos
et al. (2017). The absence of standardised benchmarks in neuromorphic algorithm
development makes it difficult to compare and assess hardware systems for specific ap-
plications. Neuromorphic hardware development involves extensive research into new
materials and devices. Choosing appropriate materials is crucial for developing neuro-
morphic chips for neuromodulation, with carbon-based nanostructures suggested for
bio-compatible probes and FDA-approved parylene utilised for neuromorphic build-
ing blocks Minnekhanov et al. (2019); Sangwan and Hersam (2020). Memristive
systems provide prospects for the hardware realisation of ANNs for wearable and
biomedical applications. Opportunities are present for software-hardware co-design,
tailoring hardware to specific applications. It explores analog and mixed-signal com-
puting, mimicking the stochastic nature of biological neural computation. Nanowires
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Networks (NWN)s offer a promising hardware approach to emulate the brain’s physi-
cal structure, including neurons and synapses. NWNs mimic synaptic metaplasticity,
strengthening synaptic pathways for memory consolidation. This highlights their po-
tential for neuromorphic systems, which are crucial for practical applications such as
robotics and sensor edge devices Loeffler et al. (2023); Sandamirskaya (2022). Neu-
romorphic processors, with their low power consumption, are set to play a crucial
role in various edge-computing and edge-learning applications in autonomous sys-
tems, robotics, remote sensing, implantable, wearables, and the Internet of X Things,
where the X can be medical, industrial, etc Christensen et al. (2022); Schuman et al.
(2022).

Promises of Neuromorphic AI: A Complementary Metal–Oxide–Semiconductor
(CMOS)-based neuromorphic device detects epileptic seizures by analysing LFP sig-
nals Ronchini et al. (2021). It enables closed-loop intervention to reduce seizure dura-
tion using an SNN with a 64.98±30.92 ms delay and consumes <50 pW for ictal event
detection. NET-TEN, a subsequent technology, enhances neuromorphic processors by
reducing area and power consumption, making it suitable for implantable devices. An-
other study presents a first feasible real-time neuromorphic detection system for high-
frequency oscillations, which utilises a mixed-signal neuromorphic computing system
with high sensitivity Ronchini et al. (2023); Sharifshazileh et al. (2021). Integrat-
ing neuromorphic technologies into neuroprosthetic devices could offer a promising
strategy for enhancing the development of more intuitive human-machine interfaces,
by improving performance and embedding capability Buccelli et al. (2019); Chiap-
palone et al. (2022); Corradi and Indiveri (2015); Donati and Valle (2024). An study
has unveil epilepsy seizure prediction system using deep learning and big data, com-
patible with low-power neuromorphic chip and wearable integration via closed-loop
therapies Broccard et al. (2017); Donati et al. (2019); Kiral-Kornek et al. (2018).

Risk of false alarms or unnecessary stimulation: Ongoing Neuromodula-
tion has shifted towards adaptive, closed-loop stimulation from traditional open-loop
methods. The key challenge now is ensuring stimulation is activated precisely when
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needed. Based on research findings showing that chronic brain stimulation can be per-
formed safely with appropriate control of charge density Gordon et al. (1990); Morrell
(2006), we can allow the stimulation activation system to have as high a sensitivity
as possible with an increased number of false positives as a trade-off. A responsive
stimulation with many false positives can be considered equivalent to an open-loop
system performing cyclic stimulation, provided that charge density and stimulation
frequency/duration are controlled. Saluda Medical conducted a pioneering study on
responsive neurostimulation therapies, the first FDA-approved double-blind trial for
Spinal Cord Stimulation. Patients were randomly assigned to either Evoked Com-
pound Action Potential (ECAP)-controlled closed-loop stimulation or fixed-output,
open-loop stimulation. Results showed a 21% higher success rate in the closed-loop
group at both 3 and 12 months, without adverse effects Mekhail et al. (2020, 2023).

Elimination of continuous data communication: Wireless data communica-
tion can consume half or more of the total power consumption of the whole EEG
recording implant Sawan et al. (2013); Yin et al. (2013). Neuralink reduces the fre-
quency of sending data outside to every 25 ms and places a rechargeable battery and
an inductive charger in the implant 6. Continuous data communication or a brain-
computer interface is critical for disease diagnosis. It is also unavoidable in respon-
sive, closed-loop neurostimulation systems, where some computation (e.g., training
the event detection/prediction model) must be performed on an external device or in
the cloud Chen et al. (2021). The system’s event detection/prediction model requires
periodic re-training with recent data to adapt to patients’ physiological changes. We
propose that if the implant autonomously learns from its own data to adapt to changes
and becomes patient-specific, external data communication and model training on ex-
ternal hardware can be eliminated, except for debugging. This approach aligns with
interventional medicine, in which the device autonomously treats the condition based
on diagnostic information.

6Neuralink: Monkey MindPong, 2021. https://www.bbc.com/news/technology-56688812

https://www.bbc.com/news/technology-56688812
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Data Security, Privacy, Dangers of these techniques, Hazards and Pitfalls:
Neuromodulation devices must be developed to prevent this data from being abused
or hacked. Issues to be addressed include how long these data should be stored, where
they should be stored, and who is in charge. If data can be “written to” the brain,
we need systems to guard against undesirable intrusions. Access to data provided by
a medical device can be empowering for patients. This allows them to access their
health data and receive alerts for concerning events, such as seizures. As examples,
studies aimed to improve the security of insulin pump devices for diabetic patients.
One employed an on-chip neural network, while the other proposed an efficient deep
learning method to counter fake glucose dosages Rathore et al. (2017, 2018). Unau-
thorised access to the device, often called brainjacking, could allow an attacker to
manipulate the stimulation parameters or even cause harm to the patient. Interfer-
ence with the wireless communication between the device and external equipment
could disrupt therapy. Ensuring the security of communication in Implantable Med-
ical Device (IMD) is a critical issue for patient safety, with several research groups
focusing on addressing challenges for a reliable solution due to factors such as the
device’s battery life, adaptability, and the required level of security to avoid mali-
cious software Pugh et al. (2018); Pycroft et al. (2016); Surianarayanan et al. (2023).
Integrating Body Area Communication (BAC) into AI systems reduces reliance on
external telemetry while enabling the capture of daily activity snapshots for safety-
efficiency standards. This enhances self-sufficiency, privacy, and security Tang et al.
(2020).

2.2 Conclusions

Current challenges for designing implantable stimulation devices or electroceuticals,
in general, include implant volume, safety, energy consumption, limited capacity in
signal processing and the need for data telemetry Clément (2019); Yoo and Shoaran
(2021). We envision that effective, responsive neuromodulation should be compu-
tationally self-sufficient for active on-chip learning, eliminating the need for regular
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telemetry. Recent advancements in neuromorphic computing are critical to realis-
ing our vision. We argue that neuromorphic computing in combination with highly
low-power microelectronics for sensing Denison et al. (2007); Qian et al. (2011) and
stimulation Ker et al. (2011) will enable the emergence of a neuromorphic neuromod-
ulation device as a long-term solution for intractable neurological diseases.



Chapter 3

Biologically Plausible Liquid
Spiking Neurons for EEG-Based
Seizure Detection

This chapter introduces the first implementation of liquid time-constant spiking neu-
ral networks for epilepsy, evaluating their feasibility for out-of-sample EEG seizure
detection in resource-constrained scenarios.

The content presented in this chapter is published as:

• Herbozo Contreras, L. F., Huang, Z., Yu, L., Nikpour, A. and Kavehei, O.
(2024). “Biological plausible algorithm for seizure detection: Toward AI-enabled
electroceuticals at the edge.” APL Machine Learning, 2(2). DOI:10.1063/5.0192875.
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Chapter Summary

EEG based diagnostics and monitoring tools, such as scalp-EEG, subscalp-EEG,
stereo-EEG, or sub/epi-dural EEG recordings (aka. electrocorticography, ECoG), are
used widely in different settings as the gold standard techniques to perform seizure
identification, localisation and more primarily in epilepsy, or suspected epilepsy in
patients. Techniques like subscalp EEG and ECoG offer long-term brain interac-
tion, potentially replacing traditional electroceuticals with smart closed-loop thera-
pies. However, these systems require continuous on-device training due to real-time
demands and high power consumption. Inspired by brain architecture, biologically
plausible algorithms, such as some neuromorphic computing, show promise in ad-
dressing these challenges. In this chapter, we utilised Liquid Time-Constant Spiking
Neural Network (LTC-SNN) with FPTT to detect seizures in scalp-EEG. We trained
and validated our model on the TUH dataset and tested its generalisation on out-of-
sample data from the RPAH and EPILEPSIAE datasets. Our model achieved high
AUROC scores of 0.83 in both datasets. We assessed robustness by reducing the mem-
ory size by 90% and obtained overall AUROC values of 0.82 in the RPAH dataset and
0.83 in the EPILEPSIAE dataset. Our model achieved outstanding results of 3.1 µJ
per inference and a 20% firing rate during training. This enables the incorporation of
bio-inspired, efficient algorithms for future on-device training, addressing challenges
such as memory, power consumption, and efficiency.

3.1 Introduction

Closed-loop intervention has shown promise in promptly identifying anomalies and
providing real-time responses, such as employing interventions like Spinal Cord Stim-
ulation (SCS) Mekhail et al. (2023) and epilepsy management Mortazavi et al. (2021);
Scheid et al. (2022). Recently, Saluda Medical conducted the first and only double-
blind, FDA-approved study for SCS comparing closed-loop vs open-loop modalities.
They showed that closed-loop intervention outperforms open-loop intervention Levy
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et al. (2019); Mekhail et al. (2020). RNS continuously monitors the ECoG at the
seizure focus and delivers closed-loop electrical stimulation when abnormal (epilep-
tiform) patterns are detected. It can record up to 4 minutes of data, repeated up
to 4 times daily, resulting in fragmented snapshots rather than a complete day’s
information. This leads to the loss of crucial data. The system relies on passive
recordings of seizures to develop patient-specific detection algorithms for responsive
stimulation, utilising criteria such as line length, half-wave area, and peak-to-peak
amplitude. However, recent advancements in deep learning models have shown supe-
rior performance in detecting seizure onset compared to these algorithms. This raises
an important question: Is it possible to adapt algorithms directly on the chip?

Artificial intelligence has made significant strides in healthcare, ushering in a new
era of innovation and patient care. Its impact on the healthcare industry has been
overwhelmingly positive, with numerous benefits spanning various aspects of med-
ical practice, research, and patient outcomes Amann et al. (2020); Davenport and
Kalakota (2019); Yu et al. (2018). Deep neural networks are the foundation of
cutting-edge artificial intelligence, relying on computing systems ranging from tran-
sistors to memory-intensive GPU. These systems consume significant amounts of en-
ergy in their conventional computing architectures. Training deep neural networks on
energy-intensive servers yields impressive accuracy but also high energy consumption.
However, this elevated power usage makes them unsuitable for bio-electronic medical
applications where low energy consumption is a priority. To achieve energy-efficient
machine intelligence, there is potential in developing specialised hardware that emu-
lates the structure of biological brains, enabling more localised cognitive capabilities
for processing, identifying, and responding to personalised features. An alternative
approach is offered by SNN, which mimics the behaviour of biological neurons and
has the potential to offer energy-efficiency advantages. This makes them well-suited
for environments with limited resources, such as edge devices Surianarayanan et al.
(2023). However, SNN comes with a trade-off. It can suffer from reduced accuracy
due to sparse information around the network, to reduce power consumption. This
phenomenon is very prevalent in neuromorphic domains, especially in models using
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Leaky Integrate-and-Fire (LIF) Neurons, which lack a dynamic time constant. There-
fore, an exploration of more smart SNN is needed. As SNN are a type of recurrent
neural network, they can also suffer from vanishing gradients due to backpropagation
and increased linear memory over timesteps.

3.1.1 Background

Table 3.1 offers a comprehensive survey of pertinent research works within the field,
each intimately associated with our present investigation. In the study by Zhao
et al. (2020) on BNN, a salient accomplishment is a commendable balance between
computational efficiency and performance, as evidenced by an impressive 95.5% ac-
curacy Zhao et al. (2020). However, the dataset used is defined by its narrow focus on
a few patients. It raises concerns about how well the model’s performance generalises
to a broader range of patients and out-of-sample datasets. The intrinsic constraints
associated with dataset diversity may contribute to overfitting in the outcomes. Con-
versely, despite their superior performance compared to SNN and BNN, deep neural
networks often exhibit higher power consumption and significantly greater memory re-
quirements. Consequently, these characteristics render them unsuitable for on-device
deployment. A notable contrast is observed in SNN models tailored for seizure detec-
tion. These models manage to strike a balance between power consumption, memory
size, and accuracy. For instance, Yang et al. (2023) achieved an impressive AUROC
score of 92.7% ,89.0% and 81.1% for different datasets while simultaneously main-
taining power consumption of 974.2 nJ Yang et al. (2023). The diagram depicted in
Fig. 3.1 illustrates three distinct neural network architectures. Across all three net-
work types, SNN offer an equilibrium between accuracy and energy efficiency. For the
SNN, three distinct types of neurons were explored: Integrate-and-Fire (IF), LIF, and
the LTC-SNN. Among these neuron types, LTC-SNN are time-continuous recurrent
neural network models with stable, bounded behaviour, thereby improving perfor-
mance on time-series tasks. Their low complexity allows for a better representation
of the hidden states and adapting to changing conditions such as autonomous driving
and medical time-series data Banerjee et al. (2009); Beveridge and Pereira (2022);
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Chahine et al. (2023); Hasani et al. (2022, 2021, 2023); Lechner et al. (2020). The
Integration of Liquid Time-Constant (LTC) with SNN outperformed others model
performance concerning accuracy and model size trade-offs in different tasks Yin
et al. (2023).
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Figure 3.1 – Contrast between BNN, DNN, SNN. In the realm of neural net-
works, a spectrum of architectures exists, each with its unique characteristics.
Thanks to their complex, layered structures, Deep Neural Network (DNN)s have
long been recognised for their high accuracy across a wide range of tasks. On the
other end of the spectrum, BNNs have attracted attention for their energy-efficient
binary weights and activations, albeit often at the expense of some accuracy. Nes-
tled intriguingly in between these extremes is SNNs. These networks mimic the
communication patterns of neurons in the brain, enabling them to process infor-
mation in discrete spikes. SNNs stand out for their unique ability to achieve a
seamless balance between accuracy and energy efficiency.
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3.1.2 Novelty and significance

Training Dynamic LTC-SNN with FPTT has been proposed to leverage on-device
learning capabilities in a neuromodulation closed-loop system, where sending data
outside is power-hungry and accuracy can degrade Herbozo Contreras et al. (2024b).
Generalisation with SNNs is challenging, as even in-sample tests often show reduced
accuracy, and many studies lack a large enough cohort to provide a meaningful as-
sessment of the model’s performance. Therefore, we proposed a pseudo-prospective
study with 192 patients from the RPAH neurology dataset and 30 patients from the
EPILEPSIAE dataset. We tested the lower complexity of our model on a reduced
memory size of our first model, used by 90% in both datasets. We expect this con-
tribution to be the first to incorporate biologically inspired models with an accurate
neuromorphic encoding that enables on-device learning, thanks to their efficiency, low
power, and memory efficiency for seizure detection at an implantable device level.

3.2 Methods

3.2.1 Datasets

Three datasets are used in this work: the TUH, the EPILEPSIAE, and the RPAH
datasets. Fig. 3.4 summarises the TUH dataset used, providing key statistics about
the data it contains. This dataset is divided into two categories: the first column
represents the training set, and the second column represents the validation set, pro-
viding a comprehensive overview of the dataset’s contents. It includes information
such as the number of files, sessions, and patients in the dataset, as well as spe-
cific details about seizures, including the number of files, sessions, and patients with
seizure data. The TUH dataset serves as the primary training dataset, providing
a diverse range of seizure signals for various seizure types. With its large volume
of files, the TUH dataset from America offers vast data for robust model training.
The scalp-EPILEPSIAE and RPAH datasets of adult EEG are used for our inference
tests. Furthermore, both datasets share common characteristics, such as identical
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(A)

(B) (C)

Figure 3.2 – Summary of the RPAH Dataset. (A) Distribution of seizure fre-
quency and types in patients with confirmed seizures. (B) Age and gender distri-
bution. (C) Seizure occurrence during a 24-hour cycle between 2011-2019 Yang
et al. (2022b).

montages and the inclusion of adult patient data, ensuring consistency and compa-
rability across analyses. Overall, integrating these complementary datasets enhances
the comprehensiveness and reliability of the AI model for seizure detection. Fig. 3.2
visually represents the distribution of the RPAH datasets across three distinct do-
mains: seizure type and frequency, age and gender, and seizure occurrence within a
24-hour cycle. It is worth noting that seizure detection is not continuous monitoring
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Figure 3.3 – Seizure detection system towards a low-power and accurate
neuromorphic neuromodulation system. The dynamics of LTC demonstrate
potential applications in these domains. While we analysed scalp-EEG datasets,
consideration should be given to utilising ECoG for future studies. We decided
to employ a convolutional-based model and selected parameters like Filters (f),
Max Pooling (MP), Kernel (K), and Strides (S) based on their efficacy in detecting
seizures.

but rather provides a clue as to where the seizure is most likely to occur. Dur-
ing the nocturnal hours, particularly between 8:00 PM and 9:00 PM, a heightened
seizure frequency event is anticipated, contrasting with a more dispersed distribution
during daylight hours. The RPAH structurally and reliably maintained data of its
adult epilepsy patients who came from across Australia. In this work, we select 9
years (2011–2019) of data to test, comprising nearly 14,590 hours of EEG data from
192 patients, with a total of 1006 sessions, each with an average recording length of
approximately 15 hours. The number of patients in the data was 212, of whom we
excluded 20 for different reasons, including too many seizures (measured in more than
11 seizures/24 hours) (5 patients), missing electrode data (14 patients), or seizures
that could only be confirmed by video information (1 patient). The Australian dataset
is about 16 times larger than the US training dataset, with much longer interictal
periods (between seizures), which is much more realistic and makes our false negatives
much more reliable. The RPAH is one of Australia’s major hospitals, with one of the
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longest, if not the longest, EEG recordings in the country through its Comprehensive
Epilepsy Services. We obtained ethical approval to facilitate our access to this clinical
data.

3.2.2 Pre-Processing

To address challenges with raw EEG data, we utilised two signal processing tech-
niques: Independent Component Analysis (ICA) and the STFT. Initially, the EEG
signals were divided into 12-second segments, and the ICA algorithm was applied to
decompose the signals into 19 independent components using Blind Source Separa-
tion (BSS). ICA separates EEG signals into statistically independent components,
represented in Equ. (3.1),

T ≈MAT , (3.1)

where T contains the EEG data, M contains the time information, and A contains the
weights for topographic maps. We used Pearson’s correlation to identify independent
sources strongly associated with eye movement, detected from two EEG channels,
’FP1’ and ’FP2’. These identified sources related to eye movement were removed from
the independent components, yielding EEG signals free of eye movement artefacts.
Subsequently, we applied the STFT to the cleaned EEG signals. This involved using a
window length of 250 (equivalent to 1 second) with a 50% overlap and eliminating the
Direct current (DC) component of the transform. As a result, the data had dimensions
of (N×23×125), where N represents the number of electrodes, 23 represents the time
index, and 125 represents the frequencies. The pre-processing pipeline is performed
offline and is therefore not included in the energy calculations. This ensures that the
data is appropriately prepared before being fed into the LTC-SNN model for further
training/inference, as depicted in Fig. 3.3.
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3.2.3 SNN structure

We implement a Dynamic LTC-SNN with FPTT to efficiently process temporal data.
The SNN architecture consisted of three CNN layers, enabling us to capture complex
spatial features in the input data. The liquid time constant is a crucial parameter
that introduces dynamic behaviour to our neural network’s processing, influencing
how information flows through the network over time and mimicking the temporal
dynamics observed in biological neural systems, especially pyramidal neurons, across
different brain areas. By integrating CNN with this liquid time constant within the
FPTT framework, our SNN could respond to temporal patterns in data, making it
particularly well-suited for tasks involving dynamic sequences or time-varying inputs.
The system structure is illustrated in Fig. 3.3.

Liquid Time Constant Spiking Neuron Structure

The LTC-SNN was modeled as an adaptive spiking neuron. Its time constants, gov-
erning factors like the membrane time constant (τm) and adaptation time constant
(τa), aren’t static but dynamically adapt based on internal variables such as mem-
brane potential (u) and deviation (b). These time constants are determined differently
based on the network type. Equ. (3.2) and Equ. (3.3) are used to integrate convo-
lution and dense neural networks with LTC-SNN, respectively. The parameter σ()
is a necessary scaling function that ensures smooth changes during the learning pro-
cess. Equ. (3.4) describes the parameter θt as the adaptive threshold, mimicking the
more realistic nature of adapting spiking neural networks in the brain. Equ. (3.5)
and Equ. (3.6) describe the membrane potential and spiking rate behavior, governed
by (τm). Equ. (3.7) is defined as resetting the membrane potential. Overall, the
LTC-SNN neuron is defined accordingly based on the following set of equations:

τa update : ρi = exp
(
−dt

τ i
a

)
= σ

(
Densea[xt, bi

t−1]
)

, (3.2)

τm update : αi = exp
(
− dt

τ i
m

)
= σ

(
Densem[xt, ui

t−1]
)

, (3.3)
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θt update : bi
t = ρibi

t−1 + (1− ρi)si
t−1; θi

t = 0.1 + 1.8bi
t , (3.4)

ut update : dui = −ui
t−1 + xt; ui

t = αiui
t−1 + (1− αi)dui , (3.5)

spike st : si
t = fs(ui

t, θi) , and (3.6)

resetting : ui
t = ui

t(1− si
t) + urests

i
t . (3.7)

FPTT Training

Algorithm 3.1: Training LTC-SNN with FPTT
Input: Training Data B = {xt, yt}, Timesteps T , Epochs E
Input: Learning rate η and optimiser
W , and W = W ; // Initialized Weights
for each e ∈ E do

ut, st = ut0 , st0 ; // Neuron States Initialisation
B = {xt, yt} ; // Shuffling Data
for each t ∈ T do

sh,t, uh,t = f̂s(xt−1, [uh,t−1, sh,t−1]∥W ) ; // Update States
ŷt = f̂s(sh,t, [uo,t, so,t]∥v) ; // Target Predictions
ℓt(W ) = ℓBCE(yt, ŷt) ; // BCE Loss
ℓdync(W ) = ℓt(W ) + α

2 ∥W −W t − 1
2α∇ℓt−1(Wt)∥2 ; // Dynamic Loss

W : Wt+1 = Wt − η∇W ℓ(W )|W =Wt ; // Update Weights
W : W t+1 = 1

2(W t + Wt+1)− 1
2α∇ℓt(Wt+1) ; // Update W

FPTT has been used to mitigate a notable problem encountered when training deep
or shallow spiking neural networks with Backpropagation Through Time (BPTT). In
particular, BPTT has a linearly increasing memory cost as a function of sequence
length Ω(T ) and suffers from vanishing or exploding back-propagating gradients,
which limits its applicability on long-time sequences. Another advantage of using
the FPTT algorithm is the ability to use a higher batch size. The batch size we used
was around 512, meaning that the more data we put in a batch, the less power it
takes to train in a given amount of time. FPTT allows efficient gradient update and
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memory storage. A dynamic regularizer loss is critical for the algorithm to effectively
train with LTC-SNN models, as described in the Algorithm 3.1.

Table 3.1 – Different types of neural networks applied to different bio-signals with
applications such as detection and prediction.

Neural
Network

Application‡ Pre-
Processing+

Dataset⋄ Metrics† Power Memory
Usage

SP Zhao
et al. (2020)

Raw data CHB-MIT
AES

AUC: 97.0%
AUC: 91.5% - 672 KB∗

BNN SD Ghazali
et al. (2022)

DWT U-Bonn ACC: 98.5% - -

ARR-CL Wu
et al. (2020b)

Fixed-Length
Full-Length
Bucket Padding

PhysioNet
CinC F1: 86.8% - 260 KB

SD Yang
et al. (2023)

STFT-ICA
iEEG-FB
CHB-MIT
EPILEPSIAE

AUC: 92.7%
AUC: 89.0%
AUC: 81.1%

671.8 nJ
974.2 nJ
1142 nJ

1.3 MB
1.3 MB
1.4 MB

SNN SD Burelo
et al. (2022a)

Filtering baseline
ADM HFO-Zurich ACC: 80.0% 555.6 µW -

ARR-CL Yan
et al. (2021)

Raw data MIT-BIH ACC: 79.0% 0.077 W -

SD×, Yang
et al. (2022b)

STFT-ICA
TUH
EPILEPSIAE
RPAH

AUC: 84.0%
AUC: 81.0%
AUC: 81.7%

283.3 µJ∗ 6 MB∗

DNN

SD Saab et al.
(2020)

12s-window Stanford-H
LPCH

AUC: 93.0%
AUC: 94.0% - -

‡ Applications: Seizure Prediction (SP), Seizure Detection (SD), Electrocardiogram Classification
(ARR-CL).

+ Discrete Wavelet Transform (DWT), Asynchronous Delta Modulation (ADM), Short-Time Fourier
Transform STFT, Independent Component Analysis ICA.

⋄ Dataset: American Epilepsy Society Seizure Prediction Challenge (American Epilepsy Society
Seizure Prediction Challenge (AES)), Children’s Hospital Boston Children’s Hospital Boston–
MIT EEG dataset (CHB-MIT), University of Bonn (U-Bonn), Intracranial electroencephalography
iEEG: Freiburg Hospital FB, European Epilepsy Dataset (EPILEPSIAE), Temple University
Hospital TUH, Royal Prince Alfred Hospital RPAH, Lucile Packard Children’s Hospital Lucile
Packard Children’s Hospital (LPCH), Stanford Hospital (Stanford-H).

† Metrics: F1 Score, Area Under the Curve (AUC or AUROC), and Accuracy (ACC).
∗ Represents an estimation as this information was not provided directly.
× In this Table, the work by Yang et al. (2022b) is the only study that provides an out-of-sample

generalisation.
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3.2.4 Implementation details

We employed Binary Cross-Entropy (BCE) as our loss function to evaluate the ac-
curacy of our binary classification predictions. This loss function, calculated as BCE
with logits, quantifies the dissimilarity between our model’s predicted probability dis-
tribution and the actual binary labels (0 or 1) in our dataset, and it is dynamic and
regularised.

3.2.5 Performance metrics

AUROC is used to evaluate model performance. It captures both the sensitivity
and specificity in a threshold-free score. We perform out-of-sample testing with the
RPAH and EPILEPSIAE datasets to test the model’s generalisation robustness. As
seizure detection in a neuromorphic-based algorithm aims to reduce energy usage for
always-on monitoring, generalisation, and accurate detection, we also provide power-
consumption benchmarks and memory reduction for a deep LTC-SNN.

3.2.6 Power Consumption

We utilised the Keras-spiking Python package v0.3.0 from Nengo to estimate the
power consumption of our model in both GPU and Loihi 1. The backend power
profiling tool accounts for the cost of spike emission, spike routing on the many-core
architecture, memory access, state updates, etc. The following assumptions are made
when estimating the energy used by the proposed model on a particular device:

• The total energy is calculated by the sum of the energy used on the synaptic
operation and neuron update.

• The energy consumption on a specific device is calculated based on the published
data for GPU Degnan et al. (2015) and for Loihi Davies and other authors
(2018).

1KerasSpiking: A Keras-based library for spiking neural networks

https://www.nengo.ai/keras-spiking/
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• Though additional overhead (e.g., on-device data transfer) can impact the en-
ergy usage of a model in practice, only internal model computations are included
in the calculation.

3.3 Results

3.3.1 Training and Validation

Following the methodology outlined earlier, our model was trained and validated using
the TUH dataset. We successfully attained an impressive AUROC score of 0.89. Our
findings, as illustrated in Fig. 3.5, highlight the superior performance of our spiking
model compared to non-spiking models. Notably, our model’s performance rivals that
of contemporary approaches.
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Figure 3.4 – Summary of the TUH dataset for both training and validation.
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Figure 3.5 – State-of-the-art comparison on TUH dataset against our Liquid
Spiking Neural Model. Every baseline was assessed with a window size of 12s and
used either time, frequency, or time-frequency analysis Ahmedt-Aristizabal et al.
(2020); Ma et al. (2023); Tang et al. (2022); Wang et al. (2017); Yang et al. (2022b).

3.3.2 Spiking vs Non-Spiking Generalisation

A fundamental question in evaluating our model is: Can we effectively generalise
its performance to datasets beyond those used for training?. Our initial experiment
compares our spiking model with a non-spiking model to address this. To assess gen-
eralisation, we initially used the RPAH dataset comprising 192 patients from 2011
to 2019 (see Table 3.2 for details). Our comprehensive LTC-FPTT model (40 MB)
achieved an overall AUROC of 0.83, whereas the non-spiking version ConvLSTM
model attained an AUROC of 0.82. Detailed year-wise results are available in Ta-
ble 3.3.
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Table 3.2 – Details of RPAH dataset for 192 patients.

Year Total dura-
tion (hours)

Number
of ses-
sions

Number
of pa-
tients

Number
of patients
with seizure

2011 1114.69 75 11 9
2012 1752.62 117 23 14
2013 2090.99 118 22 9
2014 1792.13 111 24 12
2015 2075.35 139 28 16
2016 1506.03 101 19 14
2017 2171.21 174 24 16
2018 1181.05 100 20 15
2019 907.60 71 21 6

Overall 14591.6 1006 192 111

Table 3.3 – Generalisation of our LTC-SNN-FPTT against non-SNN,
ConvLSTM, in the RPAH dataset. Despite their differing architectures,
LTC-SNN-FPTT is at the level of a non-SNN.

Year Spiking Model non-Spiking Model
Yang et al. (2022b)

2011 0.88 0.90
2012 0.92 0.91
2013 0.92 0.89
2014 0.78 0.73
2015 0.79 0.82
2016 0.81 0.85
2017 0.80 0.68
2018 0.80 0.72
2019 0.80 0.78

Overall 0.83 0.82

3.3.3 Less is Effective: Memory Reduction Leads To Effi-

ciency Even In Generalisation.

Another notable question is: Can we reduce our model’s memory usage without sac-
rificing generalisation performance?. Initially, we employed a 40 MB model for gen-
eralisation in the RPAH dataset. However, we made a noteworthy finding regarding
the robustness of the LTC-SNN that is less effective. We reduce the number of hid-
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den neurons by 80% and, consequently, shrink the entire model’s memory size by
90% (to 4 MB). Results depicted in Fig. 3.6 show that the performance of the small
model stands at 0.82. This demonstrates only a 1% drop in performance compared
to a larger model. These findings underscore the robustness of our model, even at a
reduced scale.

Furthermore, we reduced the model’s size by 95% and 98% relative to its original size
on the RPAH dataset, as depicted in Fig. 3.7. This enabled us to understand the
effects of even minor reductions in model capacity. The graph shows that even with
a reduced model size of 1 MB, performance decreases by approximately 10-15%.
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Figure 3.6 – Generalisation performance of large vs small LTC-SNN-FPTT
models. This demonstration highlights the effectiveness present on a 4 MB model,
despite being reduced by 90% of its current size for 192 patients.

To further support this finding, we conducted additional testing on the EPILEPSIAE
dataset with the small LTC-SNN-FPTT model. The overall AUROC was 0.83, indi-
cating a consistently positive trend across patients. Detailed results can be observed
in Fig. 3.8

In Fig. 3.9, the detection of seizures on the EPILEPSIAE Scalp-EEG from different
seizure foci based on patient ID is presented. The figure illustrates distinct brain
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Figure 3.7 – Performance on the RPAH dataset by memory reduction of the
model size achieved through reduction in the number of hidden neurons. Percentage
values represent the total memory compared to the Baseline (BS) model.

regions, with a notable concentration of activity in the temporal lobe, where seizures
primarily originate within the dataset. These findings underscore the model’s ability
to discriminate a wide range of seizures across the brain associated with seizure onset.

3.3.4 Power Consumption of LTC-SNN-FPTT model

We estimate 3.1 µJ per inference for power consumption. Detailed consumption by
the overall model is established in Table 3.4. We also obtained the firing rate of our
model during training, with only 20% of the total information spiking for accurate
detection. This highlights energy-efficient behaviour in the seizure model. The model
consists of 400,000 parameters for 100 hidden neuron models and 3.5 million for 500
hidden neurons, with memory sizes of 4 MB and 40 MB, respectively.
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Figure 3.8 – EPILEPSIAE Scalp-EEG results with the small LTC-SNN show-
ing robustness and across generalisation.

Table 3.4 – Power consumption of the LTC-SNN-FPTT model detailed by
each layer. GPU is shown in µJ/Inf. and Loihi in nJ/Inf.

Layer (type) µJ/Inf. (GPU) nJ/Inf. (Loihi)
CNN2D-LTC 3400 3100
CNN2D-LTC 28 14
CNN2D-LTC 3.8 1.3

Recurrent Neural Network (RNN)-LTC-DENSE 1.5 0.5
RNN-LTC-DENSE 1.5 0.5
Total energy/Inf. 3420 3100

3.3.5 AI-SNN Feature Extraction

We provided a feature extractor for our detection model to differentiate our work
from most studies that are based solely on numerical representations and lack AI
interpretability. This helped us improve the accuracy. We wanted to assess whether
the model accurately learns the intended features we input into the STFT arrays.
We expected to see activation and spiking at lower frequencies in a seizure file. We
extract the encodings of one of the convolution layers for feature extraction. In this
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Figure 3.9 – EPILEPSIAE Scalp-EEG results across brain regions in patients
with varying seizure foci. Numbers in the brain regions axis denote patient
count for each seizure focus, independent of seizure frequency. While the dataset
may be limited in certain seizure foci, it is essential to emphasise the efficacy of
the model.

case, we use the first convolution layer represented in Fig. 3.10. The parameter fc1
represents the dimensions of the filters of the first convolutional layer. h stands for
the height we select as a representation for the time bins, and w stands for the width
as a part of the frequency domain. (A) represents the membrane potential activity
in a random channel of the EEG data, and (B) represents the spiking activation in
the same channel. It is clear how accurate this model can be, as its activity falls
within the lower boundaries of the frequency filters. With this representation, we can
confirm that LTC-SNN models are robust and can avoid shortcut learning Geirhos
et al. (2020). It is also worth noting that the spiking rate is effective, yielding an
accurate, low-power algorithmic solution. Less is better.

3.4 Discussion

Our next step is to incorporate this biologically plausible algorithm for seizure pre-
diction. We foresee that this algorithm will be robust against catastrophic forget-
ting, as it does not rely on back-propagation, which is known to be prone to this
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Figure 3.10 – AI-Interpretability of our model. The neuromorphic encoding
within the primary convolutional layer is extracted, followed by a random channel
selection from the TUH dataset. Membrane potentials are extracted from this
channel (A). The membrane potential follows firing activation in the same layer
(B).

phenomenon Schak and Gepperth (2019). BPTT updates RNN parameters on an
instance by back-propagating the error in time over the entire sequence length, lead-
ing to poor trainability due to the well-known gradient explosion/decay phenomena.
Empirically, FPTT outperforms BPTT on several well-known benchmark tasks like
MNIST, DVS-GESTURE Yin et al. (2023), and now generalisation on EEG data.

Although the proposed LTC-SNN is motivated by neuromorphic temporal processing,
the model is trained and evaluated in this chapter on conventional digital hardware.
Therefore, the contribution of this chapter is primarily algorithmic, demonstrating
the benefit of learnable temporal dynamics for seizure detection rather than direct
deployment on a neuromorphic chip. Mapping such liquid time-constant dynamics
to current neuromorphic platforms would require either hardware support for hetero-
geneous/adaptive neuronal time constants which can be costly or an approximation
using simpler supported neuron models.
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3.5 Conclusion

In this chapter, we combined the advantages of a biologically plausible algorithm
with feature extraction techniques that exhibit exceptional performance within the
confines of the training dataset and generalise to new, unseen data. Its robustness
is evident in its successful application to tasks such as detection within EEG data.
Moreover, the algorithm’s strong performance extends to pseudo-prospective data,
as demonstrated by its effectiveness in RPAH and EPILEPSIAE. One of the most
notable features of this algorithm is its ultra-low power consumption, estimated to
be on the order of µJ per inference. This attribute is critical in contemporary com-
putational applications, emphasising the algorithm’s potential to operate efficiently
in resource-constrained environments. Furthermore, its notable memory efficiency
enables additional compression without compromising accuracy, providing a signifi-
cant advantage for practical implementation and deployment. The promising results
and the algorithm’s adaptability position it as a viable and effective solution for real-
world applications, particularly in EEG data analysis and detection tasks. Further
exploration and implementation of this algorithm hold promise for addressing com-
plex computational challenges while prioritising energy efficiency and maintaining
high-performance standards.



Chapter 4

Time Domain Multiscale
Processing with Dendritic Spiking
Networks

This chapter introduces compartmental dendrite spiking models for seizure detection,
evaluating whether biologically motivated temporal processing can improve model com-
pactness and energy efficiency across time-domain EEG and iEEG datasets.

The content presented in this chapter is published as:

• Herbozo Contreras, L. F., Yu, L., Huang, Z, Zhang, Z., Nikpour, A. and Kave-
hei, O. (2024).“Tiny dLIF: a dendritic spiking neural network enabling a time-
domain energy-efficient seizure detection system.” Neuromorphic Computing
and Engineering, 5(1). DOI:10.1088/2634-4386/adc0b9.
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Chapter Summary

Reliable seizure detection, localisation and modulation from (EEG) recordings re-
quire models capable of capturing multiscale temporal dynamics across heterogeneous
recording modalities, including scalp-EEG and iEEG. However, these techniques
often rely on feature extraction methods, such as STFT, to improve efficiency in
seizure detection. Drawing inspiration from brain architecture, we investigate bio-
logically plausible algorithms, specifically emphasising time-domain inputs with low
computational overhead. Our novel approach features two hidden-layer dendrites
with Dendritic Leaky Integrate-and-Fire (dLIF) spiking neurons, containing fewer
than 300K parameters and occupying a mere 1.5 MB of memory. Our proposed
network is tested and successfully generalised on four datasets from the USA and
Europe, recorded with different front-end electronics. USA datasets are scalp-EEG
in adults and children, and European datasets are iEEG in adults. All datasets are
from patients living with epilepsy. Our model exhibits robust performance across
different datasets through rigorous training and validation. We achieved AUROC
scores of 81.0% and 91.0% in two datasets. Additionally, we obtained Area Under the
Precision–Recall Curve (AUPRC) and F1 Score metrics of 91.9% and 88.9% for one
dataset, respectively. We also conducted out-of-sample generalisation by training on
adult patient data, and testing on children’s data, achieving an AUROC of 75.1% for
epilepsy detection. This highlights its effectiveness across continental datasets with
diverse brain modalities, regardless of montage or age specificity. It underscores the
importance of embracing system heterogeneity to enhance efficiency, thus eliminat-
ing the need for computationally expensive feature engineering techniques like Fast
Fourier Transform FFT and STFT.

4.1 Introduction

Researchers are actively developing AI models for seizure detection. For instance,
studies have combined ICA and STFT for pre-processing, followed by ConvLSTM
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blocks, achieving an AUROC of 0.84 in the largest epilepsy dataset in United States
Yang et al. (2022b). Similarly, by utilising domain adaptation and STFT pre-processing,
authors have reported an AUROC of 0.75±0.03 Peng et al. (2022). Moreover, a study
has introduced anchored-STFT to enhance temporal-spectral resolution trade-off in
EEG analysis Ali et al. (2022). Despite their strong performance, these models of-
ten demand significant memory and power resources, making them impractical for
deployment on edge devices. Neuromorphic AI, inspired by the brain, differs sig-
nificantly from the traditional von Neumann architecture, which utilises separated
memory and processing units, consuming power during data transmission. Instead,
a neuromorphic chip employs physical neurons interconnected by physical synapses,
implementing co-located memory processing in a non-volatile manner. This design
drastically reduces the necessity to move data across the circuit, leading to substantial
improvements in speed and energy efficiency Marković et al. (2020). Seizure detection
has advanced with the integration of SNN and neuromorphic hardware, which mimic
the brain’s computational methods for real-time, low-power processing. It has demon-
strated effectiveness in handling both scalp Yang et al. (2023) and intracranial EEG
data Costa et al. (2024). For instance, a Spiking Convolutional Long Short-Term
Memory (SConvLSTM) demonstrated high AUROC scores in seizure detection, ex-
periencing only a 10% drop in performance while offering nearly 100–1000x power
savings compared to traditional methods Yang et al. (2023). Seizure Prediction with
neuromorphic computing has been achieved using an Convolutional Spiking Neural
Network (CSNN), achieving an AUROC of 0.95 and reducing complexity by 98.58%
compared to a traditional neural network Tian et al. (2021). Remarkably, energy-
efficient seizure classification has been achieved with CSNNs, with power consump-
tion as low as 1.28 µJ per classification, making them suitable for wearable devices
Muneeb and Kassiri (2023). A CMOS-based neuromorphic system have successfully
captured different brain modalities like LFP and biomarkers such as High-Frequency
Oscillation (HFO), for detecting ictal events under 50 pW Burelo et al. (2022b); Ron-
chini et al. (2021). Mixed-signal neuromorphic processors have further demonstrated
real-time seizure detection and provided new insights by encoding these events Bar-
tels et al. (2025); Gallou et al. (2024). However, most of these studies are limited to
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point-neuron models, and more biologically realistic models have yet to be thoroughly
explored for seizure detection.

4.1.1 Bio-Inspired Neural Networks

Studies have been moving toward models that extend beyond merely mimicking so-
mas. Neuron models incorporating dendritic computations are under active research,
and neuromorphic hardware also integrates dendritic processing capabilities. For
example, stochastic dendrites have been implemented in a spiking neural network, fa-
cilitating online learning through dendritic computations Cartiglia et al. (2022). Den-
dritic mechanisms operate across multiple timescales, enabling complex computations
such as coincidence detection, filtering, input segregation, nonlinear processing, and
logical operations Ariav et al. (2003); Mel and Schiller (2004). Therefore, dendrites
are essential for accurately modeling neuronal integration and output at the single-
cell level, contributing significantly to the computational power of neural networks.
Simulators have been proposed that enable dendrites to operate semi-independently
of the soma and perform complex functions, enhancing the computational capabilities
of the model Pagkalos et al. (2023), but they are not scaled to SNNs.

4.1.2 The proposed system

We introduce a tiny dLIF SNN that embraces dendritic computations by representing
them as small RC circuits to provide heterogeneity to the network Zheng et al. (2024).
This integration improves computational efficiency and balances performance. The
model is based on two hidden layers, with dendritic inputs that act as rich inputs,
considering how biological neurons receive, process, and transmit information. The
simplicity of this model allows for approximately 1.5 MB of memory utilisation with
less than 300K parameters. The biological-inspired neuron model is described in
Fig. 4.1.
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4.1.3 Novelty and significance

This work leverages the potentials of dLIF models for seizure detection, which enables:

1. Direct analysis in the time domain without relying on traditional time-frequency
transformation techniques like STFT or FFT. This approach simplifies the pre-
processing analysis, potentially reducing power and hardware requirements.

2. Tiny model by its minimal requirement of only two hidden layers, enhancing its
efficiency below 300K parameters.

3. Down-sampling scalp-EEG signal (i.e 250 Hz to 125 Hz) yield marginal drop in
performance, paving the way for rapid, energy-efficient training systems.

4. Efficacy across different brain activity recordings is demonstrated through rig-
orous testing using both scalp EEG and iEEG datasets.

5. Out-of-sample seizure detection by training with adult patients montages and
testing in children montages.

4.2 Methods

4.2.1 Datasets

There are 4 datasets used in this work: TUH, CHB-MIT, FB, and the iEEG EPILEP-
SIAE dataset. The TUH dataset is divided into two categories: one set of training
and one set of validation, offering a comprehensive overview of the dataset’s contents.
It includes information such as the number of patients with and without seizure ses-
sions. It also shows the inter-ictal and ictal periods used (Background and Seizure
duration). With its large volume of files, the TUH dataset from America offers vast
data and served as a meaningful scalp-EEG dataset as it is the largest dataset world-
wide. Most of these patients are also adults.
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Figure 4.1 – Biological Inspired Neuron Model. The main components of the
brain are neurons, which have different parts as the dendrites, soma, and axon
(A). Different types of biological-inspired neural networks, like LIF Neurons, are
built from the Soma and do not consider the dendrites as part of their system.
Therefore, it minimises the heterogeneity of an actual brain. Those models often
use Time-Frequency Analysis to enhance efficiency (B). However, this analysis can
be computational and power costly; therefore, adding heterogeneity by incorporat-
ing dendrites in the LIF-Spiking Neurons improves time-domain series processing.
B1-n: Branches, Nb: Number of Branches, Wn = Synaptic Weights.

We performed out-of-sample generalisation in the CHB-MIT dataset for a non-montage
and age-dependent systems. We randomly selected 17 patients. The TUH dataset
contains 19 channels, while the CHB-MIT dataset consists of 22 channels. To en-
sure compatibility during inference, given that our model was trained on the TUH
dataset, we aligned the input channels between both datasets. The TUH dataset
includes the following montages: Fp1-F7, Fp2-F8, F7-T3, F8-T4, T3-T5, T4-T6, T5-
O1, T6-O2, T3-C3, C4-T4, C3-Cz, Cz-C4, Fp1-F3, Fp2-F4, F3-C3, F4-C4, C3-P3,
C4-P4, P3-O1, P4-O2. The CHB-MIT dataset comprises montages such as: Fp1-F7,
F7-T7, T7-P7, P7-O1,Fp1-F3,F3-C3, C3-P3, P3-O1, Fp2-F4,F4-C4, C4-P4, P4-O2,
Fp2-F8, F8-T8 ,T8-P8, P8-O2, Fz-Cz, Cz-Pz, P7-T7, T7-Ft9, Ft9-Ft10, Ft10-T8. We
selected the overlapping channels/montages between the two datasets and reordered
the CHB-MIT dataset to align with the channel order of the TUH dataset. For the
remaining unmatched montages, we masked them and randomly removed 3 channels
to reduce the amount of channels in the CHB-MIT dataset. This was the last step
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to ensure the same number of montages as the TUH dataset. We compared with
previous studies that utilise different model structures, with time-frequency domain
and in-sample testing.

We explored further how our model can recognise and train with iEEG signals.
Thereby, we utilise the FB and EPILEPSIAE datasets. We trained and tested
in-sample in 14 patients as these datasets do not possess the same montages and
different amounts of channels across the EPILEPSIAE, varying from 30 to 114 elec-
trodes, utilising a sampling rate of 256 Hz. The EPILEPSIAE dataset contains high-
quality, long-term EEG, iEEG, and concurrently recorded ECG data. Intracranially
implanted strips, grids, and/or stereotactically (stereo-EEG) implanted depth elec-
trodes are used in patients with invasive recordings. The EPILEPSIAE dataset pos-
sessed very long interictal periods (background data between ictal events), which is a
much more realistic iEEG dataset and makes our false negatives highly reliable. The
FB dataset contains 21 intractable epilepsy patients with iEEG recordings. In this
dataset, data was recorded from 6 selected electrodes, at a sampling rate of 256 Hz,
where three are epileptogenic regions, and the rest are from other remote areas. 12
patients with 311.4 hours recording length are tested because of the availability of
the dataset. A summary detailed of these datasets can be seen in Fig. 4.2.

4.2.2 Pre-Processing

We utilised ICA for scalp EEG artifacts removal. Initially, the EEG signals were
split into 12-second segments, and the ICA algorithm was applied to decompose the
signals into 19 independent components using BSS. ICA separates EEG signals into
statistically independent components, represented in Equ. (4.1),

T ≈MAT (4.1)

where T contains the EEG data, M contains the time information, and A contains the
weights for topographic maps. We used Pearson’s correlation to identify independent
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Figure 4.2 – Summary of datasets being employed in this work. Mean SD: Mean
Seizure Duration.

sources strongly associated with eye movement, detected from two EEG channels,
’FP1’ and ’FP2’. These identified sources related to eye movement were removed from
the independent components, yielding EEG signals free of eye movement artefacts.
Subsequently, we implemented power-line noise removal at 50 Hz for both the FB and
iEEG-EPILEPSIAE datasets, employing a notch filter from the MNE Package. For
the TUH and CHB-MIT datasets, we applied a notch filter at 60 Hz. This measure
was imperative for detecting noise within the specified frequency range via power
spectrum analysis. The pre-processing pipeline is performed offline and is therefore
not included in the energy calculations.

4.2.3 SNN structure

dLIF Spiking Neuron Structure:

The dLIF neuron model enhances the classic LIF-based spiking neuron by introducing
multi-timescale memory on dendrites, governed by Equ. (4.2), (4.3), (4.4) where u
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represents the soma’s membrane potential, β is the timing factor, R is membrane
resistance, d is the dendritic branch index, and uth is the firing threshold Zheng et al.
(2024).

ut+1 = βut + (1− β)
∑

d

Rit+1
d − otuth (4.2)

it+1
d = αdit

d + (1− αd)I t+1
d (4.3)

ot+1 = H(ut+1 − uth) (4.4)

αd = sigmoid(α̂d), β = sigmoid(β̂) (4.5)

The Heaviside function H(·) regulates spiking. Synaptic input on the dth dendritic
branch is the sum of feedforward and recurrent inputs as shown in Equ. (4.6), defined
by sparse vectors Wd and Ud Zheng et al. (2024). To reduce the impact of negative
timing factors in Equ. (4.5), the parameters α and β should be constrained between
0 and 1, which can be accomplished using a sigmoid function.

I t+1
d =< Wd, X t+1 > + < Ud, ot > (4.6)

Extending this to dLIF SNN involves incorporating layer information as shown in
Equs. (4.7), (4.8), (4.9), with synaptic currents on the dth branch as shown in
Equ. (4.10), determined by matrix forms of feed-forward and recurrent synaptic
weights (Wd and Ud), which are again sparse, considering only valid synapses con-
nected to dendritic branches in the next layer Zheng et al. (2024).

ut+1,l = β ⊙ ut,l + (1− βl)⊙R
∑

d

it+1,l
d − ot,luth (4.7)
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it+1,l
d = αl

d ⊙ it,l
d + (1− αl

d)⊙ I t+1,l
d (4.8)

ot+1,l = H(ut+1,l − uth) (4.9)

I t+1,l
d = W l

dot+1,l−1 + U l
dot,l (4.10)

Learning rule:

The BPTT algorithm has been adopted to better handle the unique characteristics of
SNN. During training, model parameters such as synaptic weights (W ) and timing
factors (α̂, β̂) are automatically learned to optimise network performance based on
the loss function Zheng et al. (2024). The Equ. (4.11), (4.12), (4.13) shows the
details of the BPTT where δ denotes the gradient of the loss function L concerning
specific variables Zheng et al. (2024). The BPTT for dLIF SNN utilises gradient
descent with the chain rule to update parameters while dealing with non-differentiable
spiking activities using a soft multi-Gaussian curve shown in Equ. (4.14) as a surrogate
gradient function, with parameters like γ, h which will influence the magnitude, σ, s

which will influence the width Zheng et al. (2024).

δut,l = βl ⊙ δut+1,l + H ′ ⊙ δot,l (4.11)

δit,l
d = (1− βl)R⊙ δut,l + αl

d ⊙ δit+1,1
d (4.12)

δot,l = −uthδut+1,l +
∑

d

W l+1T

d (1−αl+1
d )⊙δit,l+1

d +
∑

d

U lT

d (1−αl
d)⊙δit+1,l

d (4.13)
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H ′ = δot

δut
= γ(1+h)N(ut|Uth, σ2)−γhN(ut|σ, (sσ)2)−γhN(ut|−σ, (sσ)2) (4.14)

Gradients of parameters are shown in Equ. (4.15), (4.16), (4.17) are computed using
this surrogate gradient function, particularly around the firing threshold (uth) where
neurons emit spikes, enabling efficient training and improved performance of dLIF-
SNNs Zheng et al. (2024).

δW l
d =

∑
t

(1− αl
d)⊙ δit,l

d ot,l−1T

, δU l
d =

∑
t

(1− αl
d)⊙ δit+1,l

d ot,lT (4.15)

δβ̂l =
∑

t

δβt,l ⊙ (1− δβt,l), δβt,l = ut−1,l ⊙ δut,l −R
∑

d

it,l
d ⊙ δut,l (4.16)

δα̂l
d =

∑
t

δα̂t,l
d =

∑
t

αt,l
d ⊙ (1− δαt,l

d ), αt,l
d = it−1,l

d ⊙ δit,l
d − I t,l

d ⊙ δit,l
d (4.17)

Figure 4.3 – Neuromorphic Detecting System using dLIF. Bio-signals such
as scalp-EEG and iEEG are preprocessed using a notch filter for power-line noise
removal or ICA to separate blind-source components and then fed into a single
two-layer dLIF for detecting seizures. Nb: Number of branches (4), Hn: Hidden
Neurons (100).
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4.2.4 Implementation details

For our experiments, as they are based on non-spiking dataset, the real valued in-
puts are directly provided to the dLIF. The first layer serves as an encoding layer,
transforming non-spiking inputs into spiking outputs before passing them to subse-
quent layers. The parameters of this initial layer are trained along with the rest of
the network to achieve optimal performance Wu et al. (2019). For each compart-
mental neuron (comprising soma and dendrites), pre-synaptic inputs are distributed
randomly across the dendritic branches, with non-overlapping input indexes and an
approximately equal number of inputs per branch. We conducted a series of exper-
iments and ultimately decided to choose 4 branches as performance was enhanced
by utilising this. Extending beyond or below do not add further improvements. We
employed cross-entropy as our loss function and a softmax function of the model’s
predictions to assess different performance metrics. The detection layer of our model
is responsible for determining whether a seizure is present based on the input data. A
detailed diagram of the system is represented in Fig. 4.3. The model was trained and
tested on a V100 GPU. A summary of hyper-parameters been used and information
around the model we used is specified in Table. 4.1.

Table 4.1 – Summary of hyperparameters settings for each dataset

Dataset TUH CHB-MIT EPILEPSIAE FB
Input Channel 19 22 (19) 30-114 6

Output Channel 2 2 2 2
Sampling rate(Hz) 125/250 250 256 256
Time Window(s) 12 12 12 12

Dendritic Branches 4 4 4 4
Type of Connections Recurrent Recurrent Recurrent Recurrent

Network structure I-100R-100R-2 I-100R-100R-2 I-100R-100R-2 I-100R-100R-2
Loss CE CE CE CE

Batch size 200 200 256 256
Optimiser Adam Adam Adam Adam

Learning rate (LR) 1e-2 1e-2 1e-2 1e-2
LR decay (per 100) 0.1 0.1 0.1 0.1

LR decay type Step Step Step Step
Tau initialiser Uniform Uniform Uniform Uniform

Tau initialiser Limit Range [0,4] [0,4] [0,4] [0,4]
Reset Mechanism Soft Soft Soft Soft
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4.2.5 Performance metrics

Since our training is supervised, the dataset we use to train and evaluate the model
includes labels for each time window (12s). A seizure is detected when the model cor-
rectly predicts an ictal event (class 1) based on the ground truth, while non-seizure
events are labeled as class 0. Seizure datasets are highly imbalanced, with signifi-
cantly more non-seizure than seizure data, as seizures are infrequent and brief. In a
12-second time window over a day, seizure periods are a small fraction of the data.
Using conventional metrics (i.e accuracy) in this context is misleading, as it favors
the majority class, failing to capture the model’s ability to detect seizures accurately,
which is the main objective. Therefore, we utilised AUROC. It captures both the
sensitivity and specificity in a threshold-free score. Another metric used is AUPRC
which quantifies the trade-off between precision and recall at various threshold set-
tings. We also provide precision, recall, and F1-score metrics to evaluate the model
performance across different datasets. Precision measures the proportion of correctly
identified positive cases among all cases predicted as positive by the model. Recall
measures the proportion of correctly identified positive cases among all actual positive
cases in the dataset. The F1-score is the harmonic mean of precision and recall. It
provides a single metric that balances both precision and recall. In our experiments,
it is worth noting that we performed in-sample testing with the TUH, FB, iEEG
EPILEPSIAE and CHB-MIT datasets. However, we also performed out-of-sample
testing in the CHB-MIT dataset.

4.3 Experimental Results

4.3.1 Scalp-EEG.

Training and Validation:

Following the methodology outlined earlier, our model was trained and validated using
the TUH dataset. We successfully attained an AUROC score of 81.4%. Our findings,
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as illustrated in Table. 4.2 highlight the superior performance of our spiking model
compared to non-spiking models. Our model’s performance rivals existing approaches
within the time and time-frequency domains, with fewer layers and memory needs,
and in a spiking fashion. Table 4.3 provides a comprehensive overview of the model
performance across a range of metrics.

Preliminary findings in down-sampling the signal leads to marginal drop
in performance:

In our investigation, we examined the effects of reducing the sampling rate in the
TUH dataset on our model’s performance. Our results showcased a significant level
of robustness, with minimal drops in performance observed across key metrics such
as AUROC, AUPRC, and Precision. Notably, while there was a slight decline of
approximately 7% in Recall and 4% in F1-Score, the overall performance remained
beneficial. These findings support the hypothesis that our model prioritises detection
biomarkers located in lower frequencies over higher frequencies. This assertion is
further substantiated by previous research Lundstrom et al. (2021). Our results are
represented in Table 4.3.

Table 4.2 – AUROC across input domains on the TUH dataset. A 12-s window
is used for baseline.

Model Sampling Rate (Hz) Network Type Input Domain AUROC
CNN-LSTM Tang et al. (2022) 250 ANN Time 0.71

GNN Tang et al. (2022) 250 ANN Time 0.73
CNN-LSTM Tang et al. (2022) 250 ANN Frequency 0.75

DCNN Tang et al. (2022) 250 ANN Time 0.78
LSTM Tang et al. (2022) 250 ANN Frequency 0.79
ResNN Tang et al. (2022) 250 ANN Frequency 0.79
DCNN Tang et al. (2022) 250 ANN Frequency 0.81
GNN Tang et al. (2022) 250 ANN Frequency 0.81

dLIF (this work) 250 SNN Time 0.81
dLIF (this work) 125 SNN Time 0.81

Conv-LSTM Yang et al. (2022b) 250 ANN Frequency 0.84
LTC-FPTT Herbozo Contreras et al. (2024a) 250 SNN Frequency 0.89

Transformer Ma et al. (2023) 250 ANN Frequency 0.91
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Table 4.3 – TUH Results for down-sampling test. It is worth noting that a
decrease of 50% in the original sampling frequency leads to similar performance.

EEG Sampling Rate AUROC AUPRC Precision Recall F1-Score
250 Hz 81.4 90.1 84.4 81.3 83.1
125 Hz 81.0 89.2 84.2 74.9 79.2

In-sample and Out-of-Sample generalisation in children: Non-Montage
and Non-Age Specific:

This section investigated in-sample and out-of-sample generalisation in children, us-
ing a non-montage, non-age-specific approach. In-sample validation involves splitting
a single dataset into training and validation subsets. In contrast, Out-of-sample vali-
dation involves training a model on one dataset and then evaluating it on a different
dataset, offering a stronger measure of generalisation. Our research methodology
involved rigorous testing utilising the CHB-MIT dataset, a widely recognised repos-
itory for Paediatric EEG data. Unlike previous models predominantly operating in
the time-frequency domain, our novel approach focuses solely on the time domain,
offering a unique perspective on EEG analysis in Paediatric populations. Notably, our
model adopts a spiking paradigm, further distinguishing it from existing methodolo-
gies. In our first experiment, we conducted an in-sample validation. In Table 4.4, we
demonstrate the effectiveness of our model by achieving an AUROC of 94.2%, which
surpasses a previous spiking neural network architecture that utilised a time-frequency
input signal. While our results did not outperform traditional models such as CNN
and ConvLSTM, our model achieved competitive performance, with a marginal drop
of 4-5% in accuracy.

For our second experiment, we emphasise the importance of out-of-sample valida-
tion, in contrast to the conventional in-sample evaluations commonly used. Through
meticulous analysis, we reveal how our framework, emphasising time-domain evalu-
ation and in-sample testing, differs from existing methodologies. Importantly, while
our model does not demonstrate superiority in all aspects, it offers valuable insights
by considering spiking models and temporal input data often overlooked in prior
research. Results can be observed in Table 4.4. By considering more biologically
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Table 4.4 – CHB-MIT results. Comparison of AUROC across different models with
time-frequency vs time-domain input (ours) and in-sample vs out-of-sample (ours).

Patient ID Gender
In-Sample Out-of-Sample

Time-Frequency Domain Time Domain Time Domain

CNN
Yang et al. (2023)

ConvLSTM
Yang et al. (2023)

SConvLSTM
Yang et al. (2023) dLIF-SNN dLIF-SNN

1 F 100.0 100.0 96.4 98.6 71.9
3 F 100.0 100.0 92.3 100.0 51.1
5 F 100.0 100.0 95.3 86.0 66.4
6 F 94.9 93.4 88.8 93.2 51.1
7 F 97.0 96.5 92.0 96.7 87.3
8 M 99.4 98.2 72.5 98.3 79.8
9 F 99.7 100.0 96.1 98.1 98.3
10 M 100.0 100.0 97.5 97.8 86.6
11 F 98.8 98.9 81.2 97.7 98.6
15 M 99.9 99.7 73.0 95.1 50.7
17 F 88.2 91.0 87.7 94.3 88.1
18 F 98.5 96.9 86.0 97.3 63.0
19 F 95.4 99.8 95.9 92.3 72.0
20 F 97.1 97.7 87.9 96.0 68.8
21 F 99.3 100.0 92.5 81.4 65.7
22 F 100.0 100.0 96.6 90.3 95.6
23 F 100.0 100.0 95.9 88.7 95.0

Average 3M/14F 98.13 98.36 89.9 94.2 75.9
M: Male, F: Female.

plausible networks, the dLIF SNN can address highly challenging tasks, although its
performance is lower than that of models outside the spiking domain, which utilise
time-frequency analysis and are validated only in-sample.

4.3.2 Intracranial-EEG

Training and Validation:

We conducted extensive analyses using data from both the FB and EPILEPSIAE
datasets. Our examination involved multiple patients from the FB dataset, in which
we assessed our model’s performance in the time domain and compared it with that
of alternative models. Despite utilising only temporal input, our model exhibited
efficacy on par with non-SNN and conventional SNN methods, achieving an aver-
age AUROC score of 93.4. For the EPILEPSIAE dataset, we performed multiple
training as each patient exhibited different channel numbers. This evaluation yielded
meaningful outcomes across various evaluation metrics, including AUPRC, Sensi-
tivity (Recall), Precision, F1 Score, and AUROC, with impressive values of 92.0,
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Table 4.5 – FB results. Comparison of AUROC across different models with time-
frequency vs time-domain(ours).

Patient ID Gender Time-Frequency Domain Time Domain

CNN
Yang et al. (2023)

ConvLSTM
Yang et al. (2023)

SConvLSTM
Yang et al. (2023) dLIF-SNN

1 F 100.0 100.0 100.0 100.0
3 M 100.0 100.0 93.7 80.2
4 F 100.0 100.0 99.9 96.1
5 F 85.0 84.8 84.4 100.0
6 F 86.8 90.6 92.4 53.3
14 F 80.5 92.6 85.6 100.0
15 M 93.3 99.1 89.5 100.0
16 F 93.4 96.1 85.7 99.0
17 M 100.0 100.0 97.3 94.9
18 F 100.0 100.0 98.5 99.1
20 M 94.8 99.1 94.5 99.2
21 M 98.8 97.5 91.4 99.7

Average 5M/7F 94.4 96.7 92.7 93.4
M: Male, F: Female.

85.0, 95.0, 89.0, and 89.9, respectively. Previous studies Yang et al. (2023) that
utilised seizure detection models with the iEEG EPILEPSIAE dataset have reported
various AUROC scores, including a SNN that achieved 81.1, and other approaches
such as ConvLSTM, Teager Energy (TE), and Short-term maximum Lyapunov ex-
ponents (STLmax), which reached AUROCs of 91.8, 67.6, and 69.7, respectively,
by utilising frequency-domain features. Notably, our time-domain-based approach
outperformed three of these models (SNN, TE, and STLmax), highlighting the effec-
tiveness of our method without reliance on frequency-domain analysis. These results,
along with detailed comparative findings presented in Table 4.5, and in Table 4.6, un-
derscore the promising capabilities of our proposed approach in the analysis of iEEG
signals.

4.4 Timescale analysis of the dendrite branches

We provide a detailed analysis of the timescale dynamics of the soma and dendritic
branches across the layers of our dLIF neural network. Focusing particularly on the
second spiking layer, we examined the behaviour of two randomly selected neurons
using a seizure recording from the TUH dataset. Our findings, illustrated in Fig. 4.4,
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Table 4.6 – iEEG-EPILEPSIAE results. Training and testing occur independently
for each patient.

Patient ID Gender NoE AUPRC Sensitivity Precision F1 Score AUROC
1 F 66 78.1 71.2 70.0 71.1 77.2
2 F 30 100.0 100.0 100.0 100.0 100
3 M 114 96.1 92.3 100.0 96.1 96.8
4 F 75 97.2 93.1 100.0 96.2 92.7
5 M 82 80.3 50.3 100.0 67.1 77.6
7 M 60 98.1 92.1 100.0 96.2 98.9
8 M 38 60.2 50.1 68.0 58.1 56.3
9 M 92 99.2 97.2 100.0 98.1 99.8
10 M 56 94.1 75.3 100.0 86.6 85.1
11 F 46 100.0 100.0 100.0 100.0 100
12 F 124 99.1 95.1 100.0 97.1 95.2
13 F 62 98.0 88.3 100.0 94.2 94.0
14 F 121 95.4 89.2 97.3 93.1 93.2
15 M 58 91.1 93.1 89.1 91.2 91.7

Average - - 91.9 84.8 94.6 88.9 89.8
M: Male, F: Female, NoE: Number of invasive electrodes.

reveal distinct firing patterns among different neurons. Specifically:

1. Neuron 11: Dendritic branch 4 exhibited a strong correlation with changes in
the overall firing rate (Fig. 4.4B). This suggests that this particular branch plays
a significant role in modulating the neuron’s spiking activity.

2. Neuron 90: Similarly, an extended activity in dendritic branch 4 aligned with
a sustained increase in firing rate (Fig. 4.4C), indicating a consistent influence
on the neuron’s output.

These observations highlight the importance of specific dendritic branches in shap-
ing the network’s temporal dynamics during seizure detection. By analysing the
learned timescales, we demonstrate how different timescales in the soma and den-
dritic branches contribute to improved time series processing.
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Figure 4.4 – Timescale analysis in the dLIF neural network. Analysis of the
second spiking layer’s output using a seizure file from the TUH dataset reveals
distinct firing patterns (A). The dendrite branch 4 output of neuron 11 shows a
strong correlation with changes in the overall firing rate, suggesting a key role in
the network’s spiking behavior (B). A similar relationship is observed in neuron
90, where branch 4’s output extended activity corresponds (C).
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4.4.1 Learned Timing Factors of Dendrite Branches and Mem-

brane Potential

We analysed the learned timing factors and examined how branches with heteroge-
neous behaviour improve performance for different brain signal modalities. Fig. 4.5
shows the timing factors of the branches for both scalp (A) and intracranial (B)
recordings. After training, we observe that a higher density of the timing factor (α)
has been preserved in both datasets, which may contribute to long-term memory
consolidation. For the timing factor (β) at the soma level, we can observe a similar
trend. Our hypothesis is supported by previous studies Perez-Nieves et al. (2021),
which demonstrated that heterogeneous time constants (such as those observed in
dendritic branches) within a layer enable the network to integrate incoming spikes
across different time scales. Similarly, Zheng et al. (2024) demonstrated that long-
term memory with high timing factors has been addressed depending on the nature
of slow-fast input signals.

4.5 Estimation of Power Consumption

We employed two strategies to estimate the power consumption of our neural net-
work. For our first power consumption estimation, we multiplied the total spikes per
timestep by 120 pJ, the typical energy cost per spike for the Loihi chip Davies and
other authors (2018). Timesteps were based on the time window for processing EEG
data and the frequency sampling rate. During inference mode, we recorded a total
of 87 spikes/step across layers 1 and 2 (which contain dendritic branches). Through
this method, we found an energy cost of merely 10.4 nJ per timestep. Recognis-
ing some limitations of this approach, we adopted a second methodology based on
prior studies Chen et al. (2023), which involved calculating the number of MAC and
Accumulate (AC) operations. The total number of computational operations be-
tween dendrites and synapses in our model is twice the number of branches times
the number of neurons. Each AC operation can be regarded as the 19.6% of a MAC
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SOMA

Figure 4.5 – Histogram of the learned timing factors of dendrites branches
and soma of our neural network for scalp and intracranial recordings. The
timing factor (α) for the branches in both datasets shows a consolidation of high
timing factors in the scalp (A) and intracranial (B) datasets. A similar trend in
the timing factors of the soma membrane potential (β) can be observed in both
datasets (C-D). KDE: Kernel Density Estimation.

operation Horowitz (2014). Considering a technology of 45 nm, and at energy con-
sumption of 0.9 pJ and 4.6 pJ for ACs and MACs respectively, we estimated a total
energy consumption of 6.38 nJ per time step. Furthermore, we compared our results
with the previous model reported Yang et al. (2023). We set the timesteps as 23 for
comparison. The results in Fig. 4.6 indicate favorable energy and memory efficiency.
Despite not achieving the lowest memory usage, our approach demonstrates signifi-
cant improvements in memory and energy efficiency, achieving enhancements of 3 to
5 times in memory efficiency and demonstrating an improvement in energy efficiency
ranging from three to five orders of magnitude compared to the ConvLSTM model
across both datasets.
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Figure 4.6 – Pareto plot of energy consumption versus memory usage and
AUROC for three models (ConvLSTM Yang et al. (2022b), SConvLSTM Yang
et al. (2023), and dLIF) tested for 23 timesteps. Filled markers represent the results
for the EPILEPSIAE dataset, while non-filled markers represent the FB dataset.

4.6 Discussion

Our results demonstrate robustness in detecting seizures using a compact dendritic
spiking neural network for both iEEG and scalp-EEG signals. The model, requiring
only 1.5MB of memory and fewer than 300K parameters, is well-suited for edge de-
ployment, which is significantly lower compared to typical effective seizure detection
systems. Our model achieved an AUROC of 81% for the TUH dataset, compara-
ble to other baseline models that use both time-domain and time-frequency domain
features. Importantly, it operates without feature extraction techniques like STFT,
which are computationally expensive and power-intensive. This makes our approach
particularly viable for real-time edge deployments. Moreover, reducing the sampling
rate showed minimal performance decline across metrics, further demonstrating the
model’s robustness and enabling faster training. In the iEEG domain, our model
excelled by achieving a higher AUROC and outperforming previous SNN models by
almost 1%, highlighting its ability to handle high-sampling rate inputs effectively.
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Memory and Energy efficiency against other baseline models has been demonstrated.
Challenges remain in improving efficiency, particularly with BPTT used during train-
ing. BPTT is computationally intensive and susceptible to gradient vanishing/explo-
sion. To overcome these challenges, we aim to incorporate FPTT, which has shown
promise in previous EEG seizure detection studies Herbozo Contreras et al. (2024a).
This approach aims to enhance robustness for continuous learning with lower compu-
tational overhead, advancing our goal towards smart implantable system Yang et al.
(2022a).

Although the dendritic spiking models in this chapter are evaluated on conventional
digital hardware, related dendrite-inspired SNN models have recently been mapped
onto hybrid-paradigm neuromorphic hardware such as TianjicX, where spiking op-
erations support soma dynamics and non-spiking operations support dendritic dy-
namics Zheng et al. (2024). This indicates that dendritic mechanisms can be made
hardware-compatible under suitable neuromorphic architectures. However, their im-
mediate deployment remains platform-dependent, as current commercial neuromor-
phic chips vary in their support for compartmental dynamics, synaptic operations,
and network topology.

4.7 Conclusion

Here, we assessed the advantages of compartmental models that enabled the analysis
of seizure detection within the time-domain. By only utilising basic pre-processing
and non-power consuming techniques such as power-line noise in real-world scenarios
of iEEG datasets such as FB and EPILEPSIAE, and ICA on scalp-EEG datasets
as the meaningful TUH dataset, we have demonstrated the capabilities to exhibit
efficient performance while maintaining a low-power consumption spectrum. By only
utilising two hidden dendritic layers, these results indicate the feasibility of more em-
bedded AI applications for long-term data, demonstrating that more dynamic and
biological neural networks are necessary. Future studies will merge liquid-time con-
stant spiking neurons Herbozo Contreras et al. (2024a), which incorporate dynamic



4.7 Conclusion 87

membrane time constants that are learnable parameters, with dendritic neurons for
more dynamic features.



Chapter 5

Unified Dendro-Liquid Framework
for Spatio-Temporal Seizure
Detection.

This chapter combines liquid temporal dynamics from Chapter 3 and dendritic com-
putation from Chapter 4 into an ultra-compact neuromorphic architecture for energy-
efficient on-device seizure detection inference.

The content presented in this chapter is published as:

• Herbozo Contreras, L. F., Yu, L., Huang, Z., Nikpour, A. and Kavehei, O.
(2025) “Spiking neural networks with liquid time-constant dynamics and den-
dritic branches for efficient time-domain edge-based seizure detection.” IOP
Machine Learning Health, 1(1), 015001.DOI:10.1088/3049-477X/adeb8e.
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Chapter Summary

Accurate seizure detection from heterogeneous EEG recordings requires models capa-
ble of capturing spatial interactions across channels and temporal dependencies across
multiple timescales. While dendritic architectures provide efficient multiscale process-
ing in the time-domain, and liquid time-constant dynamics offer adaptive temporal
learning, their integration remains underexplored in compact edge-deployable sys-
tems. This chapter introduces Liquid-Dendrite, a novel bio-inspired model for seizure
detection, leveraging LTC-SNN and dLIF with heterogeneous time-constants. The
model comprises two hidden layers with dendritic neurons and one layer of liquid-time
constant networks. Our model achieves a memory efficacy of 535 KB with 130 K train-
able parameters. The model was tested across the most noteworthy epilepsy datasets
for scalp EEG (TUH and CHB-MIT) and iEEG (EPILEPSIAE). Our model demon-
strated commendable performance, achieving AUROC scores of 83%, 96%, and 93%,
respectively, outperforming some existing models in an energy and memory-efficient
way. Moreover, we conducted a robustness test by blacking out EEG channels at the
inference stage, where we showed the ability of our network to work with fewer chan-
nels. We deployed our tiny model and perform inference at the edge of the Raspberry
Pi 5 without the need for additional quantisation. This highlights the potential of
Neuro-Inspired AI for efficient, small-scale, and energy-embedded AI systems across
different brain modalities.

5.1 Introduction

Inspired by the brain’s structure, Neuromorphic AI contrasts sharply with the tradi-
tional von Neumann architecture, where memory and processing are separated, lead-
ing to power inefficiencies during data transmission. Neuromorphic chips, however,
integrate memory and processing within neurons and synapses, improving speed and
energy efficiency and on-device training Marković et al. (2020). While some models
utilise LIF neurons, their efficacy often falls short, partly due to the simplified nature
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of these models. A promising direction is incorporating biophysical brain models,
particularly those that account for dendrites, which are critical for neuronal com-
putation Yamazaki et al. (2022). Researchers have also utilised Adaptive Spiking
Recurrent Neural Network (ASRNN), which have demonstrated significant potential
in this area, offering enhanced computational capabilities with learnable membrane
time constants Yin et al. (2020, 2023).
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Figure 5.1 – Overview of four spiking neuron models: Integrate & Fire IF, Leaky
Integrate & Fire LIF, Liquid Time Constant LTC, and dLIF showing their respec-
tive architectures (middle column), typical membrane potential dynamics (third
column), input representations (fourth column), and performance metrics (right
column). As spiking neurons becomes more bio-realistic, they are able to perform
faster computation, accurate seizure detection and within the time-analysis.

5.1.1 Advancing Towards Bio-Realistic Models in Seizure De-

tection

Recent advancements in seizure detection have moved beyond traditional LIF mod-
els to embrace more bio-realistic approaches that better mimic the dynamics of the
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A) C)B)

Figure 5.2 – Datasets used in this work. TUH, a large scalp-EEG dataset from
adult patients in the USA (A). CHB-MIT, a pediatric scalp-EEG dataset from the
USA (B). iEEG-EPILEPSIAE, the largest long-term intracranial-EEG dataset in
Europe (C). T: Training, V: Validation.

brain. For instance, Herbozo Contreras et al. (2024a) introduces a biologically plau-
sible algorithm that employs Liquid-Time Constant Spiking Neurons with FPTT
training. This approach enhances interpretability and energy efficiency and demon-
strates strong generalisation across various datasets, achieving an AUROC of approx-
imately 0.90 on validation samples and above 0.82 for out-of-sample generalisation,
all while reducing the computational cost. Complementing this, Herbozo Contreras
et al. (2024c) leverages dendritic branches to introduce heterogeneity within the sys-
tem. By moving away from conventional time-frequency analysis methods such as the
STFT and FFT, this approach facilitates more practical time-domain seizure analysis.
It also minimises energy consumption without compromising detection performance,
demonstrating high resilience across different brain signal modalities, including scalp
and intracranial EEG. Fig. 5.1 offers a comparative overview of four spiking neuron
models: Integrate & Fire IF, LIF, LTC, and dLIF. The IF model, characterised by
its simple stepwise membrane potential dynamics, falls short of biological plausibil-
ity. The LIF model improves on this by incorporating membrane potential decay,
yet it remains primarily focused on time-frequency analysis. In contrast, the LTC
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model further enhances computational efficiency by adapting its time constants while
maintaining high seizure-detection accuracy. Finally, the dLIF model employs den-
dritic processing to enable direct time-domain analysis, offering faster computation,
more precise seizure detection, and reduced processing workload. The trend towards
increased bio-realism, as illustrated in Fig. 5.1, significantly boosts the efficiency of
real-time seizure detection.

5.1.2 Novelty and Significance

This work integrates LTC neurons with dendritic neurons, leveraging distinct time
constants within a unified spiking neural network to enhance computational efficiency
and improve seizure detection accuracy. This system avoids the computational in-
tensity of traditional techniques, proving robust across various brain modalities and
enabling low-latency inference in real-world applications. Our work is the first to in-
tegrate distinct time constants within a spiking neural network. The following points
outline our key research highlights:

1. This is the first contribution in incorporating heterogeneous and liquid-time
constants within spiking neural networks.

2. The model significantly reduces computational requirements, with a memory
footprint of 535 KB and 130 K trainable parameters.

3. The model demonstrates reliable performance across different brain-signal modal-
ities.

4. The model remains robust even with missing data in channels.

5. The approach ensures inference on edge devices with a latency of 0.81 seconds
per batch without additional quantisation.
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Figure 5.3 – Our current framework and vision of our model. We indepen-
dently trained our model on three datasets, ensuring a consistent time-domain
preprocessing pipeline across all. The model consists of two layers of dendritic
spiking neurons followed by a single spiking neuron layer. Training was conducted
on a GPU, while inference was performed efficiently on a Raspberry Pi (A). Our
approach demonstrated both memory efficiency and high accuracy, highlighting
its potential for deployment and on-device training in wearable and implantable
neurostimulation devices to address seizure detection challenges (B).

5.2 Datasets

Here, we utilised 3 datasets: TUH, CHB-MIT, and the iEEG EPILEPSIAE dataset,
as shown in Fig. 5.2.
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5.2.1 Scalp-EEG

TUH:

TUH is the largest scalp-EEG dataset available worldwide, comprising recordings
from a diverse cohort of 642 patients (315 male and 327 female), aged 1 to 90 years.
This dataset contains 3,044 seizures with a mean seizure duration of 74.4 seconds,
recorded across 19 channels using a scalp EEG modality. The dataset is split into
training and validation sets, with 592 sessions allocated to training and 50 to vali-
dation, making it an extensive and balanced resource for developing and validating
machine learning models.

CHB-MIT:

The CHB-MIT dataset is a widely used scalp-EEG dataset primarily focused on
pediatric patients. We selected 17 patients, which aligns with the baseline results for
comparison. It contains recordings of 3 males and 14 females, ranging from 1.5 to 22
years. The dataset includes 160 seizures with an average duration of 92.5 seconds.
Recordings were made using a scalp EEG modality across 22 channels, all sampled
at 256 Hz.

5.2.2 Intracranial-EEG

EPILEPSIAE:

We trained and tested the model using data from 14 patients, as the datasets differ in
montage and channel count across the EPILEPSIAE dataset, which ranges from 30 to
114 electrodes and has a sampling rate of 256 Hz. The EPILEPSIAE dataset includes
high-quality, long-term EEG, iEEG, and simultaneously recorded Electrocardiogram
(ECG) data. Invasive recordings are obtained from patients using implanted strips,
grids, or depth electrodes, stereo-EEG. The dataset contains extensive interictal
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periods (background data between seizures), making it a more realistic representation
of iEEG data and ensuring that our false negatives are highly reliable.

5.3 Methods

5.3.1 Pre-processing

We applied ICA to eliminate artifacts from scalp EEG signals. Initially, the EEG
data were divided into 12-second segments, and the ICA algorithm was used to de-
compose them into 19 independent components through BSS. ICA facilitates the de-
composition of EEG signals into statistically independent components, as described
by Equ. (5.1):

T ≈MAT . (5.1)

In this equation, T represents the EEG data, M denotes the time-related informa-
tion, and A corresponds to the weight matrix for the topographic maps. Pearson’s
correlation was used to identify independent components highly correlated with eye
movements, detected using the ’FP1’ and ’FP2’ EEG channels Dammers et al. (2008).
The identified elements associated with eye movement were removed, yielding EEG
signals free of such artifacts. Following this, we removed powerline noise from the
MNE-Python library (MNE) package from the TUH and CHB-MIT datasets using a
notch filter at 60 Hz. The pre-processing pipeline is performed offline and is therefore
not included in the energy calculations.

5.3.2 Spiking Neural Network

The proposed method is modelled as an adaptive spiking recurrent neural network
incorporating dendrites with heterogeneous time constants and liquid-time-constant
membrane potentials, which are inherently learnable.
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Dendrite Spiking Neuron Structure:

The dLIF neuron model improves upon the traditional LIF-based spiking neuron by
incorporating multi-timescale memory within the dendrites. This enhancement is de-
scribed by Equ. (5.2), Equ. (5.3), and Equ. (5.4), where u represents the membrane
potential of the soma, β represents the timing factor, R denotes the membrane resis-
tance, d represents the dendritic branch index, and uth represents the firing threshold
Zheng et al. (2024).

ut+1 = βut + (1− β)
∑

d

Rit+1
d − otuth , (5.2)

it+1
d = αdit

d + (1− αd)I t+1
d , (5.3)

ot+1 = H(ut+1 − uth) . (5.4)

The Heaviside function H(·) governs the spiking activity. The synaptic input on the
dendritic branch combines feedforward and recurrent inputs Zheng et al. (2024).

αd = sigmoid(α̂d), β = sigmoid(β̂) . (5.5)

To avoid negative timing factors in Equ. (5.5), α and β should be restricted within
values of 0 and 1, achieved by a sigmoid function.

Liquid Time Constant Spiking Neuron Structure:

These time constants are determined differently depending on the type of network
being used Yin et al. (2023). Equ. (5.6) and (5.7) integrate the LTC-SNN behavior.
The scaling function σ() is essential to ensure smooth transitions during learning.
Equ. (5.8) defines θt as an adaptive threshold, which helps simulate the realistic
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adaptive behaviour observed in biological spiking neural networks. Equ. (3.5) and
Equ. (3.6) describe how the membrane potential and spiking rate are regulated by
τm, while Equ. (3.7) defines the resetting of the membrane potential after a spike.
Fig. 5.1 shows the liquid-dendrite neural architecture.

τa update : ρi = exp
(
−dt

τ i
a

)
= σ

(
Densea[xt, bi

t−1]
)

, (5.6)

τm update : αi = exp
(
− dt

τ i
m

)
= σ

(
Densem[xt, ui

t−1]
)

, (5.7)

θt update : bi
t = ρibi

t−1 + (1− ρi)si
t−1; θi

t = 0.1 + 1.8bi
t , (5.8)

ut update : dui = −ui
t−1 + xt; ui

t = αiui
t−1 + (1− αi)dui , (5.9)

spike st : si
t = fs(ui

t, θi) , and (5.10)

resetting : ui
t = ui

t(1− si
t) + urests

i
t . (5.11)

5.3.3 Backpropagation through time

The BPTT algorithm has been adopted to better handle the unique characteristics
of both spiking neural networks.

LTC Neuron:

Consider a recurrent neural network defined by the differential Equ. (5.12):

ŷt, ht = NN(xt, ht−1) (5.12)
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where xt denotes the input at time t, ŷt represents the prediction, and ht is the hidden
state. Then, the gradient with respect to the weights w is computed by considering
the effect of the input xt on all future losses lt, lt+1, . . . , lT . The gradient of the total
loss L is given by Equ. (5.13):

∂L

∂w
=

T∑
t=1

∂lt
∂w

=
T∑

t=1

T∑
i=t

∂li
∂hi

∂hi

∂w
(5.13)

Recognising that each hidden state ht depends on the weights and contributes to all
subsequent losses, the expression can be reformulated as Equ. (5.14):

∂L

∂w
=

T∑
t=1

(
T∑

i=t

∂li
∂ht

)
∂ht

∂w
(5.14)

Further, by unrolling the recurrence and incorporating the chain of gradients from
future time steps, we obtain Equ. (5.15):

∂L

∂w
=

T∑
t=1


T∑

i=t

T −1∏
j=i

∂lj+1

∂lj

 ∂li
∂ht

 ∂ht

∂w
(5.15)

The weight update is then performed via the rule defined at Equ. (5.16):

wnew ← wold −
∂L

∂w
(5.16)

At convergence, the training process minimises the loss L such that the optimal
weights w∗ satisfy Equ. (5.17).

∂L(w∗)
∂w

≈ 0. (5.17)

dLIF Neuron:

During training, model parameters such as synaptic weights (W ) and timing factors
(α̂, β̂) are automatically learned to optimise network performance based on the loss
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function Zheng et al. (2024). The Equ. (5.18), (5.19), (5.20) shows the details of the
BPTT where δ denotes the gradient of the loss function L concerning specific variables
Zheng et al. (2024). The BPTT for dLIF utilises gradient descent with the chain rule
to update parameters while dealing with non-differentiable spiking activities using a
soft multi-Gaussian curve shown in Equ. (5.21) as a surrogate gradient function, with
parameters like γ, h which will influence the magnitude, σ, s which will influence the
width Zheng et al. (2024).

δut,l = βl ⊙ δut+1,l + H ′ ⊙ δot,l (5.18)

δit,l
d = (1− βl)R⊙ δut,l + αl

d ⊙ δit+1,1
d (5.19)

δot,l = −uthδut+1,l +
∑

d

W l+1T

d (1−αl+1
d )⊙δit,l+1

d +
∑

d

U lT

d (1−αl
d)⊙δit+1,l

d (5.20)

H ′ = δot

δut
= γ(1+h)N(ut|Uth, σ2)−γhN(ut|σ, (sσ)2)−γhN(ut|−σ, (sσ)2) (5.21)

The gradients of the parameters, as presented in Equ. (5.22), (5.23), and (5.24),
are computed using this surrogate gradient function. This approach is particularly
effective around the firing threshold (uth), where neurons generate spikes, facilitating
efficient training and enhancing the performance of the dLIF Zheng et al. (2024).

δW l
d =

∑
t

(1− αl
d)⊙ δit,l

d ot,l−1T

, δU l
d =

∑
t

(1− αl
d)⊙ δit+1,l

d ot,lT (5.22)

δβ̂l =
∑

t

δβt,l ⊙ (1− δβt,l), δβt,l = ut−1,l ⊙ δut,l −R
∑

d

it,l
d ⊙ δut,l (5.23)
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δα̂l
d =

∑
t

δα̂t,l
d =

∑
t

αt,l
d ⊙ (1− δαt,l

d ), αt,l
d = it−1,l

d ⊙ δit,l
d − I t,l

d ⊙ δit,l
d (5.24)

5.3.4 Performance Metrics

The dataset used for model training and evaluation includes labeled data for each 12-
second time window as previously papers used as a baseline reference Herbozo Con-
treras et al. (2024a,c); Saab et al. (2020); Tang et al. (2022); Wang et al. (2017); Yang
et al. (2023, 2022b). A seizure is identified when the model accurately predicts an
ictal event (class 1) based on the ground truth, while non-seizure events are labeled as
class 0. Seizure datasets are often imbalanced, with far more non-seizure data points,
since seizures are rare and brief. Over a day, seizure occurrences represent only a
small fraction of the data within a 12-second window. Using traditional metrics like
accuracy is misleading in this scenario, as they tend to favor the majority class and do
not effectively measure the model’s ability to detect seizures, the primary goal. For
this reason, we rely on the AUROC, which evaluates both sensitivity and specificity
in a threshold-independent manner.

5.3.5 Implementation Details

We independently trained the model on both scalp EEG and iEEG data for 200
epochs, with a learning rate of 0.001 for the base parameters of the dendrite model.
Adam was selected as the optimiser. The time membrane constants for the dendrite
layers were initialised uniformly. We employed Xavier uniform distribution for the
liquid model to initialise the learnable weights. To distinguish between the seizure (1)
and non-seizure (0) classes, we used Mean Squared Error Mean Squared Error (MSE)
as the loss function. Additionally, in our experiments with the scalp-EEG dataset, we
reduced the sampling rate to challenge our model with lower-resolution data. This
modification significantly reduced memory computation and enabled training to be
approximately twice as fast. Lastly, we conducted edge inference on the Raspberry
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Pi 5. Fig. 5.3(A) illustrates the overall workflow, detailing both the training and in-
ference stages. In addition, Fig. 5.3(B) presents a conceptual framework in which our
model is applicable to wearable and implantable systems, targeting both monitoring
and responsive stimulation using edge-based AI. This approach minimises the need for
communication with cloud-based AI systems. Training parameters for each dataset
can be found in Table 5.1, and the training algorithm based on Back-Propagation
through time is detailed in Algorithm 5.1.

Table 5.1 – Summary of hyperparameter settings for each dataset.

Dataset TUH CHB-MIT EPILEPSIAE

Input Channel 19 22 30-114
Output Channel 2 2 2

Sampling rate(Hz) 125/250 256 256
Time Window(s) 12 12 12

Dendritic Branches 4 4 4
Connection Type Recurrent Recurrent Recurrent

Network structure I-50R-100R-100R-2 I-50R-100R-100R-2 I-50R-100R-100R-2
Loss Cross-Entropy (CE) CE CE

Batch size 200 200 256
Optimiser Adam Adam Adam

Learning rate Learning Rate (LR) 1e-2 1e-2 1e-2
LR decay (per 100) 0.1 0.1 0.1

LR decay type Step Step Step
Tau initialiser Uniform Uniform Uniform

Tau Range [0,4] [0,4] [0,4]
Reset Mechanism Soft Soft Soft

5.4 Results

5.4.1 Neural Network Analysis

Timing Factors:

We decided to support our findings by extracting crucial information through the
analysis of both the heterogeneous timing factors of the dendrite branches and the
liquid timing factors. In Fig. 5.4, the first 2 layers, which are based on the dendrite
spiking neurons, show a higher density at higher timing factors, which are related to
the heterogeneous system Perez-Nieves et al. (2021); Zheng et al. (2024). Interestingly,
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Algorithm 5.1: Training Liquid-Dendrite with BPTT
Input: Training data B = {xt, yt}, Timestep T , Epoch E, Number of branches Nb.
Input: Learning rate η and optimiser
Initialise weights: W , v ; // Initial weights
for each e ∈ E do

B = {xt, yt} ; // Shuffle training data
u0, s0d

, s0, uL0 , sL0 ; // Initial neuron states
for each t ∈ T do

Update Dendrite Hidden States:;
sh,t, uh,t, sh,td

= f̂s(xt−1, [uh,t−1, sh,t−1, sh,t−1d
]);

Update Liquid Hidden States:;
sLh,t

, uLh,t
= f̂s(xt−1, [uLh,t−1 , sLh,t−1 ]);

ŷt = f̂s(sh,t, [uo,t, so,t]) ; // Predictions
ℓW =

∑T
t=1 ℓ(yt, ŷt) ; // Loss

W = W − η∇W ℓ(W ) ; // Update Weight

the liquid time factors show a normal distribution around 0.5. This could be due to
the nature of the dense functions that govern their values during training.

Membrane Potential:

We extracted membrane potentials for two randomly selected classes. Class 0, which
is non-seizure, shows lower membrane potential, which, in turn, makes the system
spike less. For class 0 (seizure data), there are more membrane potential activations.
One explanation for these findings is that the model is more sensitive to identifying
seizure data due to the higher voltage/amplitude of the input signal. At the same
time, the state of class 0 has a lower amplitude than a seizure file. The simulating
steps correspond to 12 seconds of data sampled at 125 Hz.

5.4.2 In-Sample Generalisation

We evaluated in-sample generalisation using three distinct datasets: two from scalp
EEG (one adult and one pediatric) and one from iEEG. In-sample validation was
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Class 0
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Figure 5.4 – Analysis of learned timing factors and membrane potentials.
Our neural network is composed of two layers, each based on dendrites, with the
timing factor of each branch showing higher consolidation for higher timing factors
in both layer 1 (A) and layer 2 (B). Layer 3 has 2 liquid time factors, and overall
density follows a normal distribution as both factors are sigmoid (C). Membrane
potentials before the last 2 neurons for a random class 0 (D) and a random class
1 different (E) show distinct accumulations, which are inherently related to the
dynamics of the input data.

performed by partitioning each dataset into training and validation subsets, and our
findings were compared against existing benchmarks using the same baseline condi-
tions.
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Scalp-EEG:

Our novel architecture achieved an AUROC of 83% in the time domain on the TUH
dataset. As depicted in Fig. 5.5, our model has stable training loss, and metrics for
AUPRC and AUROC are also provided. Table 5.2 shows that our model excels in
performance despite using a time domain, spiking network, and a very small memory
size with fewer parameters and a lower sampling rate. For the CHB-MIT pediatric
dataset, we achieved an AUROC of 96%, which we compared against another state-
of-the-art model under the same basis as depicted in Table 5.3. The number of
patients and patient ID reported were selected to provide a direct comparison with
previous studies utilising the same cohort.

Table 5.2 – State-of-the-art performance comparison on the TUH dataset.

Model GraphNN
Tang et al. (2022)

ConvLSTM
Yang et al. (2022b)

Transformer
Ma et al. (2023)

LTC-FPTT
Herbozo Contreras et al. (2024a)

TinydLIF
Herbozo Contreras et al. (2024c)

This work

Signal Domain Time-Frequency Time-Frequency Time-Frequency Time-Frequency Time Time
AUROC 0.82 0.84 0.92 0.89 0.81 0.83

Network Type ANN ANN ANN SNN SNN SNN
Memory Size - ≈ 4.5MB - 4MB 1.5MB 535 KB
Parameters - ≈ 190K - ≈ 500K 300K 130K
Data Type Float32 Float32 Float32 Float32 Float32 Float32

Pre-Processing FFT ICA, STFT STFT ICA, STFT ICA ICA
EEG Sampling Rate 200 250 Hz 250 Hz 250 Hz 125 Hz 125 Hz

Table 5.3 – CHB-MIT results: AUROC comparison of models using time-frequency
and time-domain inputs.

Patient ID Gender Time-Frequency Domain Time Domain

CNN
Yang et al. (2023)

ConvLSTM
Yang et al. (2023)

SNN
ConvLSTM

Yang et al. (2023)

Tiny-dLIF
Herbozo Contreras et al. (2024c)

dLIF-LTC
(This work)

1 F 100.0 100.0 96.4 98.6 100.0
3 F 100.0 100.0 92.3 100.0 100.0
5 F 100.0 100.0 95.3 86.0 100.0
6 F 94.9 93.4 88.8 93.2 88.2
7 F 97.0 96.5 92.0 96.7 100.0
8 M 99.4 98.2 72.5 98.3 96.2
9 F 99.7 100.0 96.1 98.1 91.2
10 M 100.0 100.0 97.5 97.8 100.0
11 F 98.8 98.9 81.2 97.7 98.3
15 M 99.9 99.7 73.0 95.1 81.9
17 F 88.2 91.0 87.7 94.3 97.5
18 F 98.5 96.9 86.0 97.3 93.7
19 F 95.4 99.8 95.9 92.3 99.6
20 F 97.1 97.7 87.9 96.0 98.4
21 F 99.3 100.0 92.5 81.4 90.1
22 F 100.0 100.0 96.6 90.3 97.6
23 F 100.0 100.0 95.9 88.7 96.0

Average 3M/14F 98.13 98.36 89.9 94.2 95.8
M: Male, F: Female.



5.4 Results 106

A)

B)

C)

D)

Train Loss

Val AUROC

ROC curve (area = 0.83)

AUPRC curve (area = 0.91)

Figure 5.5 – Training and validation results across the TUH epilepsy dataset.
The AUROC (A) validation metric improves over time. Train Loss converges (B).
AUROC (C) and AUPRC (D) curves are shown and indicate optimal performance
of our network.

Intracranial-EEG Results:

When applied to iEEG data, the model achieved an AUROC of 93%, comparable to
larger models that rely on more complex feature extraction techniques and traditional
artificial neural networks. Overall, we outperform state-of-the-art methods tested in
the Time-Frequency Domain and trained in the ANN domain by almost 2%, with a
lower memory footprint. Results per patient are shown in Table 5.4.

5.4.3 Edge-Inference Raspberry Pi

We performed inference on the edge by utilising a Raspberry Pi 5. Although this ver-
sion has more memory, our Random Access Memory (RAM) consumption remained
limited to 2 GB. We chose the Raspberry Pi 5 because it supports the latest PyTorch
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Table 5.4 – EPILEPSIAE-iEEG Results: AUROC comparison of models using
time-frequency and time-domain inputs.

Patient ID Gender Time-Frequency Domain Time Domain

ConvLSTM
Yang et al. (2022b)

TE
Iasemidis et al. (2003)

STLmax
Hutson et al. (2018)

SNN
ConvLSTM

Yang et al. (2023)

Tiny-dLIF
Herbozo Contreras et al. (2024c)

dLIF-LTC
(Ours)

1 F 90.3 65.6 66.3 81.7 77.2 87.6
2 F 98.1 83.3 82.4 89.0 100.0 79.0
3 M 96.6 78.5 87.4 93.5 96.8 100.0
4 F 98.7 85.4 86.6 91.0 92.7 100.0
5 M 90.8 61.6 58.5 76.4 77.6 92.9
7 M 80.0 64.7 62.5 70.1 98.9 98.7
8 M 98.5 83.4 80.6 91.5 56.3 93.6
9 M 80.4 61.6 65.8 68.2 99.8 91.2
10 M 83.4 49.2 56.4 75.0 85.1 95.5
11 F 98.4 64.2 63.8 90.6 100 84.9
12 F 100.0 78.2 77.6 83.1 95.2 96.4
13 F 86.4 82.8 87.0 83.0 94.0 93.0
14 F 94.5 47.6 51.5 76.1 93.2 95.8
15 M 91.3 62.6 61.5 73.5 91.7 98.9

Average 7M/7F 91.9 69.1 70.5 81.2 89.8 93.4
M: Male, F: Female.

version and Python framework. To be able to facilitate the process at the edge,
we decoupled the graph computations from the previously trained model, which was
originally executed on a GPU. This approach enabled the Raspberry Pi Central Pro-
cessing Unit (CPU) to process key parameters, such as voltage, membrane potential,
and currents at both the soma and dendritic compartments, thereby maintaining
computational compatibility and efficiency.

Latency:

We measured the inference time for 1 second of EEG data comprising 256 readings
sampled at 125 Hz. By averaging the time taken to process all batches of 10,000
EEG signals, we observed an inference time of 0.81 seconds per batch. We recorded
an average on-the-fly processing time of 3.1 ms per EEG reading, without a drop in
performance.

5.4.4 Robustness test

We conducted a robustness experiment by randomly removing channels. The primary
motivation was to evaluate the model’s resilience in real-world scenarios, particularly
for wearable devices, where certain channels may become disrupted or lose information
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over time. A critical question we aimed to address was: Can our model maintain
commendable performance despite missing channel information?

TUH dataset:

We experimented to evaluate the robustness of our neural network on the TUH dataset
by randomly blacking out between 10% and 90% of the EEG channels during each
batch. This approach introduces additional variability and builds confidence in the
model’s resilience to channel reduction. The results in Fig. 5.6 demonstrate that
the neural network maintains strong performance even as the number of available
channels decreases. Notably, with a 50% reduction in channels, the model achieved
approximately 76% accuracy. This performance is competitive compared to other
neural networks Ahmedt-Aristizabal et al. (2020); Tang et al. (2022); Wang et al.
(2017), even when utilising the maximum number of channels.

CHB-MIT dataset:

Similarly, we conducted an experiment. Fig. 5.6 shows the average of all patients in 5
trials. We randomly blackout channels from 10% and 90% to evaluate the performance
on the children dataset. Although results are slightly worse than TUH dataset, our
model tends to have an acceptable resilience up to a 50% of reduction channels, which
highlights the importance of including liquid-time constants and heterogeneous be-
haviour in the neural network. The findings on both datasets highlight the advantages
of energy-efficient systems where channel dependency can be addressed by utilising
this model.

5.4.5 Ablation experiments

We conducted a series of ablation experiments on our neural network to support the
findings that adding both dendrites and liquid neurons in a neural network is essential
for efficiency. Fig. 5.7 illustrates the ablation study conducted on the three datasets
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Figure 5.6 – Black-out channels results on the TUH and CHB-MIT dataset.

used in this work. The bars represent the AUROC for each ablated configuration
(left y-axis), while the dashed orange line highlights the associated memory footprint
in megabytes (right y-axis). As the ablations progress from right to left, simpler ar-
chitectures (those omitting specific neuron types or layers) exhibit reduced memory
consumption but lower AUROC values. Conversely, configurations that retain both
liquid and dendritic neurons demonstrate progressively higher AUROC, signifying
more accurate seizure detection, at the expense of a small increase in memory. No-
tably, our base model achieves the highest performance across all three datasets and
requires only about 550 KB of memory. These results underscore the importance of
both Liquid and Dendritic Neurons in optimising seizure detection accuracy.

5.4.6 Evaluating SNN Performance Across Different Train-

ing Steps

We conducted experiments to evaluate the impact of varying training timesteps T on
our spiking neural network. Given that our analysis is performed in the time domain,
these experiments assess the model’s ability to capture long-term dependencies within
both scalp and intracranial signals. As described in Fig. 5.8, the network begins
to exhibit commendable performance at higher timesteps, with further increases in
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Figure 5.7 – Ablation experiment results in the three datasets used: TUH,
CHB-MIT, and EPILEPSIAE. An effective seizure detection occurs when Liquid
and Dendrite Neurons work together. Results reported at epoch 150.

timesteps correlating with improved accuracy, thereby confirming its capacity to fully
encapsulate the temporal information present across all datasets. We also studied
the impact of longer timesteps, and found that, compared with T = 100, the highest
AUROC we reported was achieved with a latency factor within an order of magnitude
of 2x, with almost 14 times greater. These findings highlight a trade-off that does
not grow exponentially and are therefore essential for the model to capture long-term
dependencies in tasks such as brain signals.

5.4.7 Energy Consumption Estimation

Theoretical Estimations:

We provided an extensive list of theoretical calculations for each of the neurons
utilised. As the neurons are used in a recurrent manner, the LTC-SNN overhead
is calculated and is approximately similar to the Adaptive Recurrent Spiking Neural
Network Yin et al. (2020). The dLIF is modelled as a LIF neuron, but requires ad-
ditional calculations due to the multiplexing of dendritic branches. Table 5.5 breaks
down the equation based on the computation overhead for them, which also depends
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Figure 5.8 – Timesteps analysis in the TUH, CHB-MIT and EPILEPSIAE
used for this work. The neural network can handle long timestream dependencies
in both scalp and intracranial datasets. T: Timesteps.

on the input and output firing rates for each layer.

Table 5.5 – Theoretical equations of energy computation per layer.

Model Parameter Energy Total⋄

RNN-LIF† Current(Equ. (5.10)) (mnFrin + n2Frout)EAC (mnFrin + n2Frout)EAC + nEMACVoltage(Equ. (5.9)) nEMAC

LTC-SNN

Current(Equ. (5.10)) (mnFrin + n2Frout)EAC

(mnFrin + (n2 + 2n)Frout)EAC + 3nEMAC

Voltage(Equ. (5.9)) nEMAC

Adaptive(Equ. (5.8)) n(EMAC + EACFrout)
Threshold(Equ. (5.8)) n(EMAC + EACFrout)

dLIF
Current(Equ. (5.3))⊗ (mnFrin + (2D + 1)n2Frout)EAC (mnFrin + (2D + 1)(n2 + 2n)Frout)EAC + nEMACVoltage(Equ. (5.2)) nEMAC

† Recurrent Leaky Integrate & Fire Neuron RNN-LIF.
⋄ Multiplication and Accumulation Operations (EMAC), Accumulation Operations (EAC), Dendrite Branches (D),

Feedforward input (n), Recurrent input (m), Firing output rate (Frout), Firing input rate (Frin).
⊗ The current is the total amount for both soma and dendrite compartments.

Spiking rate shows sparsity:

We calculated the spiking rates for each of the neurons by averaging the spikes that
occur for the layers of the dendrites and liquid neurons. For the TUH dataset, we



5.4 Results 112

found that the average firing rate per timestep is around 19% and 21% for classes 0
and 1, respectively. For the CHB-MIT dataset, the spiking rate was 10% higher for
both classes. A high firing rate is observed in the EPILEPSIAE dataset, with values
around 40%. One explanation for this phenomenon is the brain signal’s inherent
characteristics. As the EPILEPSIAE dataset has a higher sampling rate and a higher
number of electrodes than both scalp EEGs, it is reasonable to expect more firing
rate patterns to be discriminated. As well, the signal amplitude of iEEG is higher
than the scalp EEGs, which further supports the generality of our neural network
to adapt to different firing rates. These results, which are depicted in Table 5.6, are
indicative of an effective sparse system while achieving high AUROC values for the
three datasets.

Table 5.6 – Spiking rate of the layers in the liquid-dendrite model across the
three datasets used in this work.

Dataset Layer Spikes/T Firing Rate †

Class 0 Class 1 Class 0 Class 1

TUH
dLIF-1 10 7 19% 14%
dLIF-2 14 19 14% 19%

LTC-SNN-1 23 29 23% 29%
Average 16 18 19% 21%

EPILEPSIAE
dLIF-1 29 21 58% 42%
dLIF-2 34 39 34% 39%

LTC-SNN-1 40 31 40% 31%
Average 34 30 41% 37%

CHB-MIT
dLIF-1 22 25 44% 50%
dLIF-2 18 25 18% 25%

LTC-SNN-1 31 33 31% 33%
Average 24 28 28% 33%

† Average Firing Rate is calculated based on no. of spikes per timestep (T) divided by
total #neurons.
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5.5 Limitations

5.5.1 Learning Rule

Currently, our method employs BPTT for training. In future work, we plan to explore
FPTT, which will enable the analysis of more time steps with reduced computational
complexity, thereby enhancing efficiency. Additionally, the training speed of our
method prompts us to consider alternative training methodologies that could accel-
erate the process, which can be enhanced with encoding schemes Hu et al. (2023).
Moreover, quantisation-aware training can lead to faster inference times Eissa et al.
(2023).

5.5.2 Extending to Out-of-sample generalisation

Our current training approach does not yet address out-of-sample generalisation tasks.
However, the model’s performance across a diverse dataset of different brain signals
indicates its potential effectiveness in other tasks.

5.5.3 Overhead of learnable parameters

One of our next aims is to deploy our model for training on FPGA devices, such as the
PYNQ-Z2, to support efficient, scalable edge computing solutions Pes et al. (2024).
However, the liquid part of the model involves different learnable parameters, which
are modelled in an exponential factor. To achieve this, we will need to optimise the
learnable parameters to minimise additional computational load.

5.6 Conclusion

The proposed method demonstrates efficiency even with a smaller model size, making
it well-suited for demanding tasks such as seizure detection. We further challenged
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our model by analysing data purely in the time domain rather than relying on conven-
tional time-frequency-domain feature extraction. This approach simplifies the data
processing pipeline and offers significant advantages towards an envisioned on-the-
edge training. Further, a reduction in the sampling rate didn’t affect performance.
This methodology can be particularly beneficial for neuromodulation devices, where
privacy concerns may arise from the transfer of sensitive information to cloud servers.
By enabling real-time, on-device learning and analysis, our approach can mitigate
these concerns while ensuring efficient, effective performance in critical applications.



Chapter 6

Adaptive Neuromorphic Continual
Edge Training for Seizure
Detection and Prediction

This chapter shifts from efficient neuromorphic inference to patient-specific on-device
training, demonstrating few-shot transfer learning on a neuromorphic chip for seizure
detection and prediction.

The content presented in this chapter is under revision as:

• Herbozo Contreras, L. F., Yu, L., Huang, Z., Aguilar, I., Nikpour, A., and Kave-
hei, O. (2025). “Neuromorphic Neuromodulation: A Low-Power Edge-Training
Framework for the Future of Personalised and Closed-Loop Neurostimulation”.
Under Review; Minor
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Chapter Summary

Closed-loop neurostimulation requires intelligent systems capable of operating au-
tonomously under constraints on latency, energy consumption, and privacy for ef-
fective seizure treatments. However, these devices rely on cloud-based AI, which
introduces significant challenges, including high false-positive rates, latency issues,
and privacy concerns. In this chapter, we present a neuromorphic framework for
real-time seizure detection and prediction, implemented directly on a neuromorphic
System-on-Chip (SoC) with on-chip learning. By leveraging SNN and few-shot edge
learning, our system enables continual, patient-specific adaptation without requir-
ing data transmission or cloud connectivity. For a detection framework, a model
pre-trained on the TUH dataset is deployed on the BrainChip Akida processor and
personalised using long-term EPILEPSIAE recordings. For prediction, we demon-
strate robust performance on both scalp EEG and iEEG from the CHB-MIT and
Freiburg datasets, using a leave-one-seizure-out strategy for edge training. Across
datasets, our approach achieved superior performance to state-of-the-art neural net-
works in metrics such as AUROC, Sensitivity, and False Positive Rate (FPR), while
drastically reducing the memory footprint through quantisation and lowering energy
consumption by orders of magnitude. This work establishes a foundation for the
next-generation of closed-loop neurostimulation systems.

6.1 Introduction

A substantial proportion of individuals with drug-resistant seizures require thera-
peutic strategies beyond pharmacological intervention. Although advances have im-
proved outcomes, approximately 30–40% of individuals remain refractory to medica-
tion, highlighting the need for alternative interventions Banerjee et al. (2009); Fisher
et al. (2014). Neurostimulation modalities such as the RNS have demonstrated effi-
cacy in reducing seizure frequency in drug-resistant cohorts by sensing and sending
electrical stimulation to the brain. Nevertheless, these systems exhibit several inher-
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Figure 6.1 – Edge-based personalised seizure detection and prediction frame-
works. Conventional Methods for treating epilepsy rely on AI outside the de-
vice, while our proposed method envisions an efficient neuromorphic-AI system-on-
chip closed-loop neurostimulation device without compromising power consump-
tion (A). Continuous STFT of EEG images is spike-encoded and passed through
a frozen, pre-trained convolutional feature extractor at the edge. Only the final
classifier layer is updated on-chip via online few-shot learning, reducing compute
and memory overheads (B). For the detection framework, a CNN is trained on a
large-scale dataset TUH, quantised to mixed precision and converted to a spiking
neural network SNN, and edge-adapted with patient-specific data from a long-
term recording dataset (EPILEPSIAE) for patient-specific (C). For the prediction
pipeline, the same methodology is applied to the Freiburg and CHB-MIT datasets.
Because of limited patient numbers, individualised models are pre-trained rather
than a global model and subsequently refined on previously unseen patient data at
the edge, yielding an adaptable cloud-independent approach (D).
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ent limitations.

First, existing neurostimulation platforms rely on pre-trained detection models that
often inadequately capture the considerable inter-patient heterogeneity in seizure mor-
phology and dynamics, leading to elevated rates of both false positives and false neg-
atives. Second, reliance on cloud-based inference pipelines results in communication
latency during acute seizure events and introduces potential privacy vulnerabilities
Jarosiewicz and Morrell (2021). Third, power and bandwidth constraints on im-
plantable devices restrict iEEG telemetry to approximately one hour per day. While
extending this window of data could enhance model training, it would accelerate
battery depletion and compromise device longevity.

Although model generalisation measured via performance on distinct out-of-sample
datasets is the prevailing metric for assessing adaptability to novel data, it does not
necessarily predict performance on the continuously evolving biosignals of a single
patient Ghorbani et al. (2024). Accordingly, we advocate shifting the focus from
population-level generalisation to individual-level personalisation, in which a detec-
tion and prediction algorithm continuously refines itself based on an individual’s
unique neural signature at the edge. Personalised medicine, which aligns thera-
peutic strategies to an individual’s physiological profile, has demonstrated superior
clinical utility across numerous domains. In epilepsy management, real-time, patient-
specific adaptation of seizure detection and forecasting algorithms promises to revolu-
tionise neurostimulation efficacy. However, realising such personalisation necessitates
overcoming challenges in real-time signal processing, ultra-low-power operation, and
resource-constrained computation Yang et al. (2022b). To realise this shift from
cloud-based AI to on-device intelligence, it is essential to review existing system-
on-chip SoC solutions for seizure monitoring and their current limitations. Studies
have demonstrated impressive advances in energy-efficient online training, achieving
sensitivities (true positive rate) above 90%, specificities (true negative rate) exceed-
ing 95–99%, and false-alarm rates below one event per hour while operating within
the µJ-per-classification range Chua et al. (2022); Hsieh et al. (2022); Liu et al.
(2021); Shin et al. (2022); Wang et al. (2021); Zhang et al. (2022). These architec-
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tures are based on CNN Zhang et al. (2022), Support Vector Machine (SVM) and
tree-based processors Hsieh et al. (2022); Shin et al. (2022), and unsupervised online
classifiers Chua et al. (2022) illustrate the maturity of low-power seizure detection
hardware. Nevertheless, several common limitations remain:

• Slow adaptation: Training and retraining cycles typically occur over seconds
or longer.

• Limited adaptability: Most designs are detection-only systems without con-
tinual personalisation, and evaluations are often confined to short-term datasets
(i.e CHB-MIT) and small patient cohorts, limiting insights into long-term vari-
ability.

• Frame-based processing: Computation remains clock-driven, operating on
fixed feature windows instead of leveraging the sparse, event-driven nature of
neural activity.

• Incomplete reporting: Performance metrics are primarily limited to sensi-
tivity, specificity, and accuracy, with little emphasis on threshold-independent
measures such as AUROC, reducing cross-study comparability.

These factors highlight the need for architectures capable of millisecond-scale contin-
ual learning, operation over long-term iEEG and scalp-EEG recordings, and efficient
event-based computation capabilities. Neuromorphic computing offers a compelling
pathway to meet these demands by replicating the brain’s event-driven, energy-
efficient processing paradigm. Compared to conventional digital architectures, neu-
romorphic systems can reduce computational energy consumption by several orders
of magnitude Donati and Indiveri (2023), while supporting on-chip learning for con-
tinuous model adaptation without cloud reliance Herbozo Contreras et al. (2024a,b).
Recent work has demonstrated online epileptic seizure detection on neuromorphic
systems Burelo et al. (2022a); Gallou et al. (2024), though existing implementations
are restricted to inference and lack support for continual learning. Such on-chip
adaptability is essential to assimilate new data incrementally without catastrophic
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forgetting, ensuring sustained performance during physiological drift, whether due to
electrode repositioning, evolution of seizures, or pharmacological effects Aguilar et al.
(2025); De Lange et al. (2021).

The key question motivating this work is whether it is possible to design a unified
framework that bridges the gap between the state-of-the-art SoC’s and the adaptive,
event-driven principles of neuromorphic computing for the next generation of neu-
rostimulation devices. In this work, we present a personalised neuromorphic frame-
work for on-device seizure detection and prediction that performs few-shot learning
on low-power hardware. This approach provides a scalable, privacy-preserving, and
low-latency solution for adaptive neurostimulation. Our contributions include:

• Continual on-chip learning enables sustained performance improvement as new
data arrive, reducing false-positive rates while enhancing sensitivity in both
pipelines for 3 epilepsy datasets (2 long-term recording and 1 short-term record-
ing).

• Rapid personalisation is achieved with as little as three minutes of patient-
specific seizure data (15-shot learning).

• On-device processing enables real-time adaptation and data privacy.

• Hardware-efficient training confined to the final layer reduces computational
cost.

• Energy and latency improve by 100 times compared with conventional architec-
tures.

• Robustness in handling missing or corrupted EEG channels, simulating real-
world scenarios of partial signal loss.
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6.2 Methods

6.2.1 Datasets

Four datasets (1 iEEG and 3 Scalp-EEG) were employed in this chapter. For the de-
tection framework, we used the two largest EEG datasets: the TUH Corpus and the
EPILEPSIAE datasets. The TUH dataset, comprising over 642 patient recordings,
serves as the principal training resource due to its wide variety of seizure types and
recording conditions. From this dataset, we partitioned 592 patients for model train-
ing and reserved 50 independent sessions for inference validation. Due to its large
scale and heterogeneity, the TUH Corpus provides a robust foundation for initial
model development. Subsequently, we utilised the EPILEPSIAE dataset, comprising
continuous, long-term scalp EEG recordings from 30 patients, to train and develop
personalised models via few-shot transfer learning. Given the rarity of ictal events
(seizure events) in real-world monitoring, the EPILEPSIAE dataset exhibits a highly
imbalanced task, with inter-ictal (non-seizure) segments vastly outnumbering ictal
segments. This imbalance presents both a challenge and an opportunity: it reflects
the conditions of clinical monitoring while forcing our adaptive algorithms to contend
with realistic data distributions during on-device personalisation. Both datasets have
the same number of channels, which makes them suitable for this analysis.

For the Prediction Framework, we used two datasets: The CHB-MIT and the FB
dataset iEEG. The CHB-MIT dataset comprises scalp EEG recordings from 23 pe-
diatric patients, totaling 844 h of continuous data and 163 seizures Shoeb (2009).
Recordings were acquired using 22 electrodes at a sampling rate of 256 Hz. Interictal
periods are defined as intervals that begin at least 4 h before seizure onset and end
at least 4 h after seizure termination. In cases where multiple seizures occur in close
succession, specifically within 30 minutes of each other, they are treated as a single
event, with the onset time of the earliest seizure taken as the combined seizure onset.
For the seizure prediction task, we focus only on patients experiencing fewer than
10 seizures per day, as predicting seizures for individuals averaging one every 2 h is
less clinically relevant. Applying these criteria yields 13 patients with adequate data
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defined as having at least three leading seizures and 3 h of interictal recordings.

The FB dataset comprises iEEG recordings from 21 patients diagnosed with refractory
epilepsy. Due to restricted availability, recordings from 13 patients were utilised.
Signals were acquired at a sampling rate of 256 Hz. For each patient, six channels
were selected from intracranial contacts, including three located within epileptogenic
regions and three from non-epileptogenic (remote) areas. The dataset provides at
least 50 minutes of pre-ictal activity and 24 hours of interictal recordings per patient.
All the datasets used in this work are described in Table 6.1.

6.2.2 Pre-Processing

To address challenges inherent in raw EEG signals, we employed two preprocessing
techniques: ICA and the STFT. EEG recordings were first segmented into 12-second
intervals, after which ICA was applied to perform BSS, decomposing the signal into
19 statistically independent components. This process is represented in Equ. (6.1),

T ≈MAT (6.1)

where T denotes the EEG signal matrix, M captures the temporal dynamics, and A

contains the spatial weights corresponding to the topographic maps. To identify com-
ponents related to ocular artifacts, we computed the Pearson correlation between each
independent source and the ’FP1’ and ’FP2’ EEG channels. Components exhibiting
strong correlations with eye movements were removed, yielding artifact-reduced EEG
signals. Following this cleaning step, we applied the STFT with a 1-second win-
dow (250 samples) and 50% overlap, while also discarding the DC component. This
transformation resulted in data shaped as (N × 23× 125), where N is the number of
electrodes, 23 corresponds to the time steps, and 125 represents the frequency bins.
Prior to edge training, dataset preprocessing is performed offline and is therefore
excluded from the energy calculations.
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6.2.3 Detection vs Prediction

We addressed two distinct tasks: seizure detection and seizure prediction (forecast-
ing). As illustrated in Fig. 6.2(A), the EEG data are categorised into three distinct
states for analysis: interictal, pre-ictal, and ictal. In detection, the objective is to
discriminate between background activity (interictal) and seizure activity (ictal) at
the time the seizure occurs. Here, the model essentially classifies whether the signal
currently belongs to a seizure event. In contrast, prediction focuses on anticipating
seizures before onset. The task involves distinguishing background activity from two
additional states within the pre-ictal State: Seizure Occurence Period (SOP) and the
Seizure Prediction Horizon (SPH). The SOP refers to the time window in which a
seizure is expected to begin. The interval between an alarm and the start of the SOP
is defined as the SPH. A prediction is considered correct if the seizure onset occurs
after the SPH and within the SOP. Conversely, a false alarm occurs when the system
issues a positive prediction but no seizure occurs during the SOP. Once triggered, an
alarm remains active until the SOP concludes.

6.2.4 ANN Structure

We designed a compact CNN tailored for EEG spectrograms Truong et al. (2018).
The model comprises three convolutional blocks: each includes a 2D convolution
(filters: 16, 32, 64), batch normalisation, ReLU activation, and max pooling. The
first layer uses a kernel across all EEG channels (N × 3) to capture spatial-frequency
patterns where N is the number of channels. The output is flattened and passed
through a dense layer (128 units) with ReLU and dropout (0.5), followed by a softmax
classifier. An important distinction of Akida is that it only allows odd kernels to be
computed. In the EPILEPSIAE Dataset, the channels are odd numbers, whereas in
the CHB-MIT and FB datasets, the channels are even. To meet the neuromorphic
requirements, we select one channel (0) from the CHB-MIT and FB datasets whose
STFT magnitudes were very different from those of other channels, to ensure on-
device fitting by processing the channels as odd kernels.
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6.2.5 Quantisation Aware Training

The BrainChip Akida architecture was used to run our work for personalisation at
the edge. However, Akida supports only integer arithmetic for both inference and
on-chip learning, ruling out any floating-point operations. To address these hardware
constraints, we employed Quantization-Aware Training (QAT) using an 8–4–4–1 pre-
cision scheme, where inputs are quantised to 8 bits, hidden layer weights to 4 bits,
and all intermediate activations to 4 bits. In the output layer, precision is further
reduced to 1 bit by setting the last activation function to binary, which aligns with
Akida’s built-in on-chip learning mechanism and enables efficient integer-only weight
updates during continual training. This tailored quantisation approach, together with
kernel modifications to enforce odd dimensions within the EEG channels, preserves
the model’s representational capacity while fully complying with the architectural
restrictions of the Akida processor.

6.2.6 Spiking Neural Network Structure

The SNN is mapped from the quantised ANN, where the conventional activation func-
tions Rectified Linear Unit (ReLU) are replaced with spiking event representations.
The architecture works in a manner analogous to an event-based vision sensor, con-
verting pixel activity into discrete events through AUROC for input encoding. Each
Akida core can support tens of thousands of neurons. The exact number of instances
that can be instantiated depends on the model architecture and mapping strategy.

6.2.7 Edge Learning

The Edge Learning mechanism in Akida enables efficient on-chip adaptation through
a two-phase process. In the first phase, a pre-trained and quantised backbone is de-
ployed to the hardware, with all weights frozen to preserve the extracted feature rep-
resentations. In the second phase, only the final classification layer remains trainable
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directly on the device. By confining parameter updates to this layer, the computa-
tional and memory demands of the training process are substantially reduced. This
approach enables rapid, energy-efficient personalisation at the edge, eliminating the
need for full network retraining and making the system particularly well-suited for
resource-constrained environments.

An important hyperparameter in the edge learning process was the selection of neu-
rons in the final training layer. Rather than fixing the number of neurons to match
the number of target classes, this layer acts as a clustering mechanism, treating the
neuron count itself as a tunable parameter. To optimise this, we employed a func-
tion that reserved approximately 10-20% of the training dataset as an estimation set
for at least one class (i.e., the seizure class). This subset is used to analyse neuron
activation behavior and to calibrate neuron allocation, helping determine whether
increasing the neuron count improves representational learning or simply leads to re-
dundancy and excessive memory utilisation on the Akida processor. Based on this
analysis, we evaluated neuron counts of 100, 200, 300, 400, 500, 750, 1000, 1250, 1500,
2000, and 3000 to identify the optimal trade-off between accuracy, learning stability,
and on-chip memory efficiency.

6.2.8 Few Shot Learning

Few-shot learning is a machine learning paradigm where models are trained to recog-
nise new classes or patterns using only a very small number of labelled examples per
class. Unlike conventional supervised learning, which relies on large datasets and
extensive retraining, few-shot methods typically leverage prior knowledge encoded in
a pre-trained backbone. In the case of BrainChip Akida, few-shot learning is im-
plemented directly at the edge through its last-layer training mechanism. In our
framework, 1 shot is equivalent to approximately 12 seconds of seizure activity. By
providing just one or a few such examples, the final trainable layer of Akida was able
to cluster and adapt to the new seizure representations. This approach is particularly
advantageous for seizure detection and prediction, where obtaining large amounts
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of labeled data is often difficult and seizure events may be rare or highly variable
across patients. Few-shot learning enables the system to rapidly personalise to an
individual patient’s seizure characteristics directly on-device, without the need for
cloud connectivity or full retraining of the backbone network.

6.2.9 Performance Metrics

The dataset used for model training and evaluation includes labelled data for each
12-second time window, as previously used in papers as a baseline reference Her-
bozo Contreras et al. (2024a,c); Saab et al. (2020); Tang et al. (2022); Yang et al.
(2023). A seizure is identified when the model accurately predicts an ictal event
(class 1) based on the ground truth, while non-seizure events are labelled as class 0.
Seizure datasets are often imbalanced, with far more non-seizure data points, since
seizures are rare and brief. Over a day, seizure occurrences represent only a small
fraction of the data within a 12-second window. Using traditional metrics like ac-
curacy is misleading in this scenario, as they tend to favour the majority class and
do not effectively measure the model’s ability to detect seizures, the primary goal.
For this reason, we rely on the AUROC, which evaluates both sensitivity and speci-
ficity in a threshold-independent manner. We also provided additional metrics such
as Sensitivity and FPR.

6.2.10 Implementation Details

For detection, we first trained the model on the TUH dataset for 200 epochs, with a
learning rate of 0.005. Adam was selected as the optimiser. To distinguish between
the seizure (1) and non-seizure (0) classes, we used MSE as the loss function. We
then quantised the model as previously described, using a much lower learning rate
than the initial one. We transformed the ANN model into an SNN by replacing
the ReLU activations with SNN activations and transferring the pre-trained weights.
We trained the quantised SNN on the EPILEPSIAE dataset in a few-shot learning
manner. This is also an out-of-sample task as the dataset used does not belong to the
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same cohort as the Pre-Trained dataset. 30 independent models were created by only
training the last layer of the SNN in the BrainChip Akida. We evaluated the impact
of few-shot learning on it, with shots ranging from 1 to 15, to examine the effect of
long-term data. Each shot is composed of a seizure and a non-seizure class. Similarly,
for the prediction task, we followed the same overall approach. The key difference lies
in the initialisation: for both the FB and CHB-MIT datasets, models were trained
individually per patient rather than as a global model, reflecting the limited number of
patients and seizures available. For edge learning, we adopted a leave-one-seizure-out
strategy, ensuring robust evaluation while preserving personalisation. An overview of
the entire process is shown in Fig. 6.1(C-D).

6.3 Results

Fig. 6.1 illustrates our proposed edge-based personalised seizure detection and pre-
diction framework. Unlike conventional epilepsy management methods that rely on
cloud- or server-based AI, our approach integrates a neuromorphic system-on-chip
with existing closed-loop neurostimulation devices to enable on-device intelligence
without exceeding stringent power budgets. The framework employs spike-encoded
continuous STFT representations of EEG signals, processed through an offline-trained
convolutional feature extractor on the BrainChip Akida, with only the final classi-
fier adapted online to patient-specific data. For seizure detection, a CNN trained
on the TUH corpus is quantised, converted to an SNN, and edge-refined using the
EPILEPSIAE dataset. For seizure prediction, a similar pipeline is applied to the FB
and CHB-MIT datasets, with models pre-trained on a GPU and then updated at the
edge, ensuring adaptability and independence from cloud connectivity.

6.3.1 Feature Extraction

An essential preliminary step for enabling edge learning is ensuring that backbone
models capture physiologically meaningful neural dynamics. We first demonstrate the
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Figure 6.2 – Results for the initial training and prediction stage on GPU.
When analysing seizure events, three phases are particularly critical: interictal,
preictal, and ictal. These phases form the basis of two distinct tasks: Detection
(discriminating between interictal and ictal states) and forecasting (discriminating
between interictal and preictal states) (A). We applied STFT to the EEG data
to extract two-class representations (0 and 1), and Grad-CAM visualisations re-
vealed distinct activation patterns associated with non-seizure and seizure dynam-
ics (B). Across all datasets, our models achieved commendable AUROC scores with
floating-point precision, with only slight reductions after quantisation, while still
yielding up to 8 times the memory reduction (C). During quantisation, lowering the
learning rate relative to the initial training phase proved essential, enabling more
effective consolidation of previously learned neuronal activations before transition-
ing to edge learning. Notably, proper initialisation with an appropriately tuned
learning rate boosted per-class neuron activations from 100 to over 600 times(D).
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Table 6.1 – Summary of EEG datasets used in this work.

Dataset⋄ Type Rate
(Hz)

No. of
Patients

No. of
Channels

No. of
Seizures

Interictal
time(h)

Task Edge
Train

Temporal
Dura-
tion

TUH Scalp 250 642 19 3050 859.7 Detection No Short-
Term

EPILEPSIAE Scalp 250 30 19 276 4598.2 Detection Yes Long-
Term

CHB-MIT Scalp 256 13 22 64 209 Prediction Yes Short-
Term

FB Intracranial 256 13 6 59 311.4 Prediction Yes Long-
Term

⋄ Temple University EEG Corpus (TUH), Boston Children’s Hospital–MIT CHB-MIT
and Freiburg Hospital (FB).

STFT representations of a dataset for the non-seizure and seizure classes. We then
extracted saliency maps from the trained model using Grad-CAM for both classes,
revealing consistent patterns of model attention, with a pronounced emphasis on
lower-frequency regions. Results are shown in Fig. 6.2(B). This observation aligns
with prior findings that low-frequency activity and slow-wave components are key
biomarkers associated with seizures in scalp EEG recordings Lagarde et al. (2016).

6.3.2 Pre-Post Quantisation

In the initial stage, we evaluated model performance on the TUH, FB, and CHB-MIT
datasets using AUROC, recall, and precision. Model weights with validation scores
exceeding or achieving 0.80 (0.80, 0.82, and 0.93, respectively) were selected for weight
transfer. Following quantisation, performance declined only marginally for the TUH
and FB datasets (1% and 3%, respectively), whereas the CHB-MIT dataset exhibited
a more pronounced reduction of 9%. Despite this, memory requirements were reduced
by approximately 8 times across all datasets as an outcome of the adopted quanti-
sation scheme. Comparative AUROC results for both non-quantised and quantised
models, alongside memory consumption (MB), are presented in Fig. 6.2(C).
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6.3.3 Quantisation Learning Rate effects on Neuron Activa-

tions

We set the learning rate to 10 times lower than the original learning rate used to
compile during the training GPU phase. Based on our observations, this has the
greatest impact on edge deployability. A bad learning rate (to be similar to the
stage 1 of training) leads to fewer neurons being learned per class, as observed in
Fig. 6.2(D) for non-seizure and seizure classes, respectively. We observed as the
number we input, with a good initialisation of LR there was neurons learned for
both classes. This behaviour also suggests that, beyond a certain point, performance
improvements became marginal, and the number of neurons was capped. In this
way, resources were allocated efficiently, reducing memory usage on the BrainChip
Akida hardware without compromising performance. For instance, as illustrated in
Fig. 6.2(D), neuron activation becomes marginal beyond 1000 neurons, at which point
the neuron for the last layer is capped to 1000.

6.3.4 Detection Out-Of-Sample Framework

Using the transferred weights, we further trained the model on the EPILEPSIAE
dataset directly at the edge. To provide a comprehensive performance assessment,
we introduce an Figure of Merit (FoM) that combines multiple evaluation metrics
into a single score. The FoM is defined as:

FoM = AUROC× Sensitivity× (1− FPR), (6.2)

where (1-FPR) is chosen to penalize false alarms. Sensitivity reflects a True Positive
Rate. This formulation enables a balanced evaluation of competing objectives: accu-
racy, reliability, and robustness. Fig. 6.3 presents the FoM Equ. (6.2) as a function of
the number of shots, with corresponding latency measurements plotted in parallel in
all datasets. As the number of shots increases, all performance metrics exhibit con-
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sistent improvement. By the 15th shot, the AUROC, sensitivity, and FPR attained
values of 0.85, 0.87, and 0.20, respectively. These personalised outcomes were subse-
quently compared against a generalisation baseline, which reflects performance under
inference-only conditions without further adaptation and with floating point preci-
sion (float32). The personalised models demonstrated superior performance, yielding
relative gains of 2% in AUROC, 4% in sensitivity, and a 6% reduction in FPR. These
findings demonstrate that continuous, on-device learning with patient-specific data is
both beneficial and critical for achieving effective, personalised seizure detection. The
dataset holds particular significance as it comprises long-term continuous recordings
in which seizure events constitute less than 1% of the total duration, with interictal
segments comprising nearly the entire dataset. The results for all patients against a
baseline are shown in Table 6.2. Results of Few-Shot Learning across all Patients are
detailed in 6.8.

6.3.5 Prediction Framework

For the prediction task, we employed two datasets to compare different baselines:
the scalp EEG dataset CHB-MIT and the iEEG FB dataset. The inclusion of the
FB dataset also aligns with the vision of self-sustaining AI at the edge for future
implantable devices. The experimental setup differed from the TUH-EPILEPSIAE
framework, where models were first trained on TUH using a high-performance GPU
and subsequently adapted at the edge on the EPILEPSIAE dataset. In contrast, for
both CHB-MIT and FB, models were trained initially on a GPU, and then a leave-one-
seizure-out approach was adopted for edge learning. This strategy reserved one seizure
per patient for on-chip training while leaving sufficient samples for post-training eval-
uation, ensuring robust assessment of edge adaptation across both datasets. For pre-
processing, we followed the same pipelines in two studies Gunasekaran et al. (2025);
Truong et al. (2018).

For the CHB-MIT dataset, we observed notable improvements and smaller degrada-
tion during the GPU training phase (Fig. 6.2(C)). Using the pre-trained individual
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Table 6.2 – Comparison of CNN and our work for seizure detection on the EPILEP-
SIAE dataset.

Patient No. of
Seizures

Interictal
Hours

CNN Truong et al. (2018) OUR WORK
AUROC Sens FPR AUROC Sens FPR

Pat1 11 164.5 91.4 87.9 0.16 85.0 92.0 0.22
Pat2 8 177.3 67.4 87.1 0.58 81.4 100.0 0.41
Pat3 8 143.2 89.6 94.4 0.28 82.8 85.8 0.23
Pat4 5 167.6 86.5 76.6 0.15 83.4 79.1 0.13
Pat5 8 266.2 81.4 63.8 0.15 82.1 97.7 0.42
Pat6 8 135.3 93.4 86.7 0.10 89.9 86.7 0.13
Pat7 5 118.0 83.3 88.2 0.32 98.1 100.0 0.03
Pat8 22 115.5 83.5 96.2 0.31 93.3 100.0 0.13
Pat9 6 93.9 96.7 90.3 0.08 96.7 93.8 0.11
Pat10 11 137.9 58.7 48.4 0.27 60.9 95.8 0.55
Pat11 14 137.9 85.8 85.3 0.26 81.9 86.8 0.29
Pat12 9 159.6 92.1 96.3 0.26 87.9 91.7 0.17
Pat13 8 157.9 66.8 91.2 0.61 83.7 79.4 0.17
Pat14 6 162.0 84.6 81.4 0.22 84.3 77.3 0.16
Pat15 5 118.6 90.5 80.8 0.13 88.2 100.0 0.29
Pat16 6 92.8 90.6 92.3 0.15 95.3 100.0 0.11
Pat17 9 159.0 85.2 94.7 0.37 83.2 84.1 0.13
Pat18 7 178.1 71.9 76.2 0.33 64.1 66.7 0.34
Pat19 22 160.7 93.7 86.8 0.10 94.5 96.7 0.10
Pat20 7 164.5 91.2 100 0.29 79.4 70.8 0.19
Pat21 8 159.3 74.5 83.3 0.41 88.0 80.0 0.08
Pat22 7 137.7 75.0 75.0 0.30 76.4 79.3 0.30
Pat23 9 237.4 93.3 89.5 0.16 85.8 91.3 0.30
Pat24 10 94.2 82.3 64.3 0.09 93.0 82.9 0.07
Pat25 8 159.0 55.5 81.5 0.65 71.7 77.3 0.20
Pat26 9 158.8 84.8 84.1 0.21 84.5 82.8 0.22
Pat27 9 159.3 73.5 74.2 0.38 79.7 73.9 0.19
Pat28 9 162.1 95.2 83.6 0.07 97.0 91.3 0.08
Pat29 10 160.6 80.5 69.2 0.23 81.1 75.1 0.19
Pat30 12 159.5 96.1 94.3 0.17 93.6 81.8 0.09
Total 276 4598.2 83.2 83.5 0.26 84.9 86.7 0.20

weights, we subsequently trained patient-specific models at the edge. As the number
of shots increased up to 15, performance stabilised with AUROC, sensitivity, and
FPR reaching 0.87, 0.89, and 0.16, respectively (see Fig. 6.7). To benchmark our
approach, we compared performance against two state-of-the-art methods. The first
baseline was a widely cited CNN architecture for seizure prediction Truong et al.
(2018), trained in full-precision and evaluated only at inference. This model achieved
AUROC and sensitivity scores of 0.84 and 0.80, respectively, whereas our method im-
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proved upon these results by 3% in AUROC and 9% in sensitivity. The second baseline
was the recently proposed Future Guided Learning (FGL) framework Gunasekaran
et al. (2025), which integrates detection models to support prediction training and
has demonstrated competitive performance against established benchmarks. Notably,
our approach outperformed FGL across all metrics, achieving relative improvements
of 3% in AUROC, 1% in sensitivity, and 7% in FPR. Results are shown in Table 6.3.
Results of Few-Shot Learning across all Patients in Fig. 6.9(B).

Table 6.3 – Comparison of CNN, FGL, and Our Work on CHB-MIT dataset.

Patient No. of
Seizures

Interictal
Hours

CNN
Truong et al. (2018)

FGL
Gunasekaran et al. (2025) OUR WORK

AUROC Sens FPR AUROC Sens FPR AUROC Sens FPR
Pat1 7 17 92 85.7 0.24 98 89 0.04 100 100 0.00
Pat2 3 22.9 34 33.3 0.00 88 83 0.10 93.8 100 0.09
Pat3 6 21.9 95 100 0.18 97 90 0.01 72.6 64.5 0.46
Pat5 5 13 88 80 0.19 96 97 0.07 85.5 81.4 0.16
Pat9 4 12.3 74 50 0.12 57 94 0.60 70.8 90.4 0.48
Pat10 6 11.1 56 33.3 0.00 81 65 0.26 67.1 46.4 0.22
Pat13 5 14 95 80 0.14 100 99 0.00 100 100 0.00
Pat18 6 23 93 100 0.28 69 88 0.43 85.4 90.1 0.27
Pat19 3 24.9 98 100 0.00 76 89 0.48 83.4 95.6 0.09
Pat20 5 20 97 100 0.25 94 86 0.13 98.5 100 0.01
Pat21 4 20.9 89 100 0.23 90 73 0.12 92.2 98.5 0.15
Pat23 5 3 99 100 0.33 67 100 0.50 100 100 0.00
Total 64 209 84.2 80.19 0.16 84.4 87.8 0.23 87.4 88.9 0.16

For the FB dataset, results show a similar trend to the previous model, with smaller
performance gains but greater stability in metrics across shots (see Fig. 6.7). This
limitation can be attributed in part to the BrainChip Akida architecture’s require-
ment to use odd kernel sizes, which led us to mask one channel to conform to the
hardware constraints. As discussed earlier, the first convolutional kernel spans the
available channels, and given that the FB dataset includes only six intracranial chan-
nels, this restriction likely contributed to the diminished improvement. Despite these
constraints, our edge-trained model achieved AUROC, sensitivity, and FPR values
of 0.84, 0.90, and 0.23, respectively, at 15 shots. Our sensitivity increased by nearly
10% compared to a state-of-the-art CNN for seizure prediction. However, our false
positive rate remained higher (0.23 vs. 0.06), and AUROC was approximately 4–5%
lower than the CNN baseline. It is important to note, though, that the baseline CNN
was trained in full precision (float32) and utilised all available intracranial channels,



6.3 Results 135

whereas our approach was implemented under the quantisation and one-channel fewer
constraints of the Akida neuromorphic hardware. Results are demonstrated in Ta-
ble 6.4. Results of Few-Shot Learning across all Patients are detailed in Fig. 6.9(A).

Table 6.4 – Comparison of CNN and our work for seizure prediction on the FB Dataset.

Patient No. of
Seizures

Interictal
Hours

CNN Truong et al. (2018) OUR WORK
AUROC Sens FPR AUROC Sens FPR

Pat1 4 23.9 100 100 0.00 100 100 0.00
Pat3 5 23.9 100 100 0.00 100 100 0.00
Pat4 5 23.9 100 100 0.00 100 100 0.00
Pat5 5 23.9 65 40 0.13 90.4 89.7 0.10
Pat6 3 23.8 100 100 0.00 71.6 62.6 0.18
Pat14 4 22.6 82 50 0.27 65.2 72.1 0.36
Pat15 4 23.7 99 100 0.02 99.8 98.1 0.00
Pat16 5 23.9 86 80 0.17 68.1 100 0.67
Pat17 5 24.0 94 80 0.00 96.4 91.8 0.07
Pat18 5 24.8 100 100 0.00 78.6 83.7 0.37
Pat19 4 24.3 51 50 0.16 58.3 87.1 0.71
Pat20 5 24.8 76 60 0.04 67.9 85.7 0.52
Pat21 5 23.9 100 100 0.00 100 100 0.00
Total 59 311.4 88.7 81.54 0.06 84.3 90.1 0.23

6.3.6 Power, Memory and Latency Analysis

The power consumption and inference efficiency of the Akida system were systemat-
ically evaluated using the MetaTF power-profiling API during inference. The floor
power, representing the device’s dynamic baseline power consumption while idle, was
measured at 900.5 mW. During active inference, the system achieved an average
throughput of 70.41 Frames per second (fps). Each frame corresponds to the STFT
representation of a 12-second EEG window. The inference latency per frame was
14.2 ms, which equates to approximately 1.18 ms per second of raw EEG data. The
energy consumption per inference was measured at 12.86 mJ per frame of a 12-second
EEG window, which is equivalent to 1.07 mJ per 1 second of EEG data, reflecting
the low-power profile of the neuromorphic hardware. These results demonstrate the
suitability of the Akida platform for real-time, energy-efficient processing of EEG
data in edge-based seizure detection and prediction applications. Results are detailed
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in Fig. 6.4, where we compare running the CNN backbone on a conventional CPU
architecture and our approach on Akida, showing latency and energy per inference.
We demonstrate that our neuromorphic approach enables power consumption that is
two to three orders of magnitude lower.
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Figure 6.3 – Figure of Merit FoM and latency vs number of shots for the
three datasets. FoM is defined as AUROC × Sensitivity × (1 − FPR). Higher
shot counts yield consistent FoM gains, while latency rises marginally, indicating
improved performance without meaningful computational cost.

10−4 10−3 10−2 10−1

Energy Consumption (J)
0.0

0.2

0.4

0.6

0.8

1.0

1.2

M
em

or
y 

U
sa

ge
 (

M
B)

EPILEPSIAE
CHB-MIT
FB 0

5

10

15

La
te

nc
y 

(m
s)

Figure 6.4 – Pareto plot of energy consumption versus memory usage and
latency for three datasets (EPILEPSIAE, CHB-MIT, and FB). Filled
markers represent the results for metrics in CPU, while non-filled markers represent
those at the Edge with Akida.
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6.3.7 Robustness

A critical validation in this work was to assess the robustness of our model in the
spiking domain under reduced input information. We evaluated this on the EPILEP-
SIAE and CHB-MIT datasets, each comprising 19 EEG channels, by systematically
blacking out 20%, 40%, and 60% of the channels. As illustrated in Fig. 6.5, the
CHB-MIT dataset demonstrated stable performance despite increasing channel loss
and further benefited from a higher number of shots. In contrast, the EPILEPSIAE
dataset showed a more pronounced degradation as blackout levels increased. Nev-
ertheless, resilience improved considerably with additional shots. We attribute this
effect to the long-term nature of EPILEPSIAE recordings, which serve as a more real-
istic and challenging benchmark than CHB-MIT. Overall, our model achieved strong
performance across both datasets, demonstrating robustness to channel dropout.

6.3.8 Complexity: Training and Inference

Our analysis of computational complexity shows that the proposed Akida-based edge
learning framework is more efficient than conventional deep learning approaches. Tra-
ditional CNNs and Long Short-Term Memory (LSTM)s exhibit high training costs
due to their dependence on large parameter updates and, in the case of recurrent
models, sequential operations that limit parallelisation Tang et al. (2022). Similarly,
SNNs trained with surrogate gradients require costly BPTT, while even local learning
rules still scale linearly with sequence length Yin et al. (2021). SVMs, though non-
sequential at inference, demand prohibitively expensive training with cubic depen-
dence on the number of samples Hsieh et al. (2022); Zhang et al. (2022). By contrast,
our proposed edge learning approach reduces training time to a cluster with linear
complexity in the feature dimension, while inference scales with the number of neu-
rons and the feature extractor. Crucially, this approach enables efficient, low-latency
operation. These findings demonstrate that EDGE-AI on neuromorphic hardware
offers a favourable trade-off between performance and computational cost, position-
ing neuromorphic as a viable solution for real-time, resource-constrained biomedical
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Figure 6.5 – Robustness test of our approach for seizure detection and prediction
across datasets under progressive channel blackout with three repetitions. Perfor-
mance is shown for the EPILEPSIAE dataset (blue, long-term clinical data) and
the CHB-MIT dataset (orange) across different training shots (1, 5, 10, 15) as in-
creasing proportions of EEG channels were set to zero, highlighting resilience to
missing-channel conditions.

applications. The complexity formulas are listed in Table 6.5. We benchmark our
approach against representative state-of-the-art seizure detection/prediction models
whose architectures and hyperparameters are documented in the literature and evalu-
ated on at least three EEG datasets. In Fig. 6.6, we demonstrate that our approach is
computationally efficient for both training and inference as it occupies the lower-left
region of the plot.
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Table 6.5 – Training complexity per model

Algorithm Training Complexity⊗

CNN⋄ O
(∑L

ℓ=1 C
(ℓ)
in C

(ℓ)
outK

2
ℓ HℓWℓ

)
LSTM† O

(∑L
ℓ=1 T · 4

(
(M (ℓ))2 + M (ℓ)D(ℓ)

))
ConvLSTM† O

(∑L
ℓ=1 T · 4

[
C

(ℓ)
in C

(ℓ)
outK

2
ℓ HsWs +

(
C

(ℓ)
out
)2

K2
ℓ HsWs

])
SNN† O

(∑L
ℓ=1 T · cost(ℓ)

layer

)
SConvLSTM† O
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ℓ=1 T · 4
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Frx,ℓ C

(ℓ)
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(ℓ)
outK

2
ℓ HsWs + Frh,ℓ

(
C

(ℓ)
out
)2
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ℓ HsWs

]
SVM O

(
n2m + n3

)
Proposed O

(
n · U

)
⋄ Trained with Backpropagation (BP).
† Trained with Backpropagation Through Time BPTT.
⊗ L:Layer; H:Height; W:Width; K:Kernel; C:Filter; T:Sequence length; M:Hidden size; D:Input

Size; n:Neurons; m:Feature dim.; Frin,Frout:Spike Rate; U:Input Spikes.
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Figure 6.6 – Log–log scatter plot of training vs inference computational com-
plexity for representative EEG seizure detection/prediction models. Each point
reflects hyperparameters reported in prior work. Conventional method of training
these networks are BP (CNN) and BPTT (LSTM, SConvLSTM, ConvLSTM). For
inference complexity, the feature extractor is taken into account as a CNN-SNN.
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6.4 Discussion

A novel framework for seizure detection and prediction directly on the edge was pre-
sented, enabling continual learning with lower computational complexity, reduced
energy consumption, and fully unsupervised adaptation while processing streaming
EEG data. These characteristics make the framework particularly suitable for long-
term neuromorphic neuromodulation, where embedded intelligence must operate re-
liably and efficiently, with minimal dependence on cloud resources. While the results
demonstrate strong potential, several opportunities remain for further improvement.

• In this work, we do not consider different structures of different neural networks,
which can lead to better results. Nonetheless, by using a simple architecture,
we observe improved performance compared to more complex models Truong
et al. (2018); Yang et al. (2022b).

• BrainChip Akida only allows certain models and layers to run at the Edge for
training. It can be more beneficial to incorporate more advanced algorithms
that can run on the edge Contreras et al. (2025); Shen et al. (2025); Yang et al.
(2023); Yin et al. (2021, 2023).

• Different encoding mechanisms were not explored in this work. Studies have
shown that different techniques in processing the EEG data into spikes are
fundamental to capture temporal dynamics on seizure data Sharifshazileh et al.
(2021) and also a reduction in power consumption and continual learning Pes
et al. (2024).

• Although training only the last layer offers a computationally efficient adapta-
tion strategy, it may be insufficient to fully address distribution shifts or the
broader challenges of continual learning. The current methodology approach
mainly addresses plasticity, while stability is less explicitly considered. Future
work could therefore explore local learning mechanisms, such as metaplasticity,
to better regulate the stability-plasticity trade-off Aguilar et al. (2025).
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Future work will focus on designing architectures capable of better capturing temporal
and spatial dependencies, as shown in recent studies Herbozo Contreras et al. (2024c),
thereby achieving higher performance without increasing memory or computational
requirements. Overall, this work provides a promising foundation for next-generation
AI-driven electroceuticals.
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Figure 6.7 – Average AUROC, FPR, and Sensitivity across all patients and datasets
(EPILEPSIAE, CHB-MIT, Freiburg).
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Figure 6.8 – Performance metrics as a function of shots for patient in
EPILEPSIAE dataset. Results averaged over 3 independent runs.
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A)

B)

Figure 6.9 – Performance metrics in the prediction framework as a function
of shots for each patient in the FB (A) and CHB-MIT (B) datasets. All results
are averaged over 3 independent runs.



Chapter 7

Learnable functions led to
Interpretable Systems.

This chapter extends the thesis beyond spiking neuromorphic models by introducing
the first implementation of Kolmogorov-Arnold Network (KAN) for seizure detection,
evaluating their potential as compact and interpretable function-based representations
that may enable future neuromorphic architectures.

The content presented in this chapter is published as:

• Herbozo Contreras, L. F.∗, Cui, J∗, Yu, L., Huang, Z., Nikpour, A. and Kave-
hei, O. (2025). “KAN–EEG: towards replacing backbone–MLP for an effective
seizure detection system.” Royal Society Open Science, 12(3).
DOI:10.1098/rsos.240999.
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Chapter Summary

The landscape of artificial intelligence AI research is witnessing a transformative
shift with the emergence of the KAN, a novel architectural paradigm aimed at re-
defining the structural foundations of AI models based on Multilayer Perceptron
(MLP). Through rigorous experimentation and evaluation, we introduce the KAN-
EEG model, a tailored design for efficient seizure detection. Our proposed network
is tested and successfully generalised on three different datasets, one from the USA,
one from Europe, and one from Oceania, recorded with different front-end hardware.
All datasets are scalp-EEG recordings from adults with epilepsy. Our empirical find-
ings reveal that while both architectures demonstrate commendable performance in
seizure detection, the KAN model exhibits high-level out-of-sample generalisation
across datasets from diverse geographical regions, underscoring its inherent efficacy
and adaptability at the backbone level. Furthermore, we demonstrate the resilience
of the KAN architecture to model size reduction and shallow network configurations,
highlighting its versatility and efficiency by preventing over-fitting in-sample datasets.
This work advances our understanding of innovative neural network architectures and
underscores the pioneering potential of KANs in critical domains such as medical di-
agnostics.

7.1 Introduction

Artificial intelligence AI has undeniably made significant strides in healthcare, becom-
ing a new era of innovation and patient care. Its impact on the healthcare industry
has been overwhelmingly positive, with numerous benefits spanning various aspects
of medical practice, research, and patient outcomes Amann et al. (2020); Davenport
and Kalakota (2019); Yu et al. (2018). Among the various AI techniques, machine
learning models, particularly neural networks, have shown great promise in analysing
and interpreting complex medical data. MLP networks are the backbones of today’s
AI architectures Cybenko (1989); Haykin (1998) and have been extensively used for
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their effectiveness in detecting and classifying abnormalities in biosignals. The MLP,
a feed-forward artificial neural network, consists of multiple layers of neurons that
process input data through weighted connections and activation functions. It excels
at capturing relationships within the data, making it well-suited for analysing the in-
tricate patterns in medical signals. Despite its advantages, the MLP has limitations,
particularly in model interpretability and efficiency. To address these challenges, a
new model, the KAN, has been proposed as a promising alternative to MLPs Liu
et al. (2025). Unlike MLPs, which use fixed activation functions on the hidden layers,
KANs employ learnable activation functions, replacing linear weights with univariate
functions parametrised as splines. This architectural difference allows them to achieve
greater accuracy and interoperability.
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Figure 7.1 – Representation of the past and future in neuro-AI. The multilayer
perceptron was built based on non-learnable activation functions and relies on
deep, fully connected networks for accurate performance (A). On the contrary,
KAN emerges as a potential solution for more explainable, shallow, and efficient
architectures at the core level (B).

KANs have demonstrated the ability to outperform MLPs with smaller network sizes,
making them more computationally efficient Liu et al. (2025). Despite its advantages,
the MLP has limitations, particularly in model interpretability and efficiency. Fur-
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thermore, it has demonstrated the ability to outperform MLPs with smaller network
sizes, making them more computationally efficient Liu et al. (2025). In the context
of EEG signal analysis, KANs offer potential advantages over MLPs. Their learn-
able activation functions and efficient representation of data structures enable better
handling of the complex, high-dimensional data characteristic of EEG signals. This
can improve detection accuracy and more insightful interpretations of the underly-
ing neural activity. The subsequent sections will delve deeper into the comparative
performance of our proposed architectures and MLPs for detecting epileptic seizures,
highlighting their strengths and potential in this critical application. The diagram in
Fig. 7.1 delineates the structural differences between the KAN and the MLP archi-
tectures. The KAN structure demonstrates learnable activation functions that can
constitute interpretable systems and address MLP architecture challenges through
enhanced capabilities for continual learning and efficiency at shallow, sparse connec-
tions.

7.1.1 Background

Epileptic seizure detection has seen substantial progress with the rise of machine learn-
ing models, particularly those utilising EEG signals. EEG tests record the electrical
activity produced by neurons, typically noninvasively, by placing multiple electrodes
on the scalp Niedermeyer and da Silva (2005). EEGs play a crucial role in detecting
epileptic foci and categorising epilepsy types, such as focal, generalised, and unknown
seizures Birjandtalab et al. (2017); Fisher et al. (2014); Truong (2020). These record-
ings are essential for diagnosing epilepsy, monitoring ongoing conditions, making pre-
dictions, and effectively responding to neurostimulation. Recent advancements in
deep learning have introduced a range of architectures to improve EEG-based seizure
detection. CNNs are prominently used, transforming EEG signals into different di-
mensional forms for detailed analysis Abdelhameed et al. (2018); Avcu et al. (2019);
Bouaziz et al. (2019); Covert et al. (2019); Hossain et al. (2019); Zuo et al. (2019).
RNN, including their advanced versions like LSTM and Gated Recurrent Unit (GRU),
are adept at capturing temporal dependencies in EEG data, making them suitable
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for sequential data analysis Chen et al. (2018); Fukumori et al. (2019); Geng et al.
(2020); Vidyaratne et al. (2016). Unsupervised learning methods, such as Deep Belief
Network (DBN) Le et al. (2018); Turner et al. (2014) and Autoencoder (AE) Emami
et al. (2019); Golmohammadi et al. (2019); Shah et al. (2017), are employed to extract
and reconstruct features from raw signals.

Table 7.1 summarises various traditional models applied to different bio-signal appli-
cations, preprocessing methods, datasets, and indicators. In addition, hybrid models
that combine CNNs with RNNs or AEs leverage the spatial feature extraction capa-
bilities of CNNs and the temporal modelling strengths of RNNs or the reconstruction
abilities of AEs Choi et al. (2019); Fang et al. (2018); Roy et al. (2018); Wen and
Zhang (2018); Yang et al. (2022b); Yuan et al. (2018). For example, ConvLSTM
networks integrate the spatial feature extraction power of CNNs with the temporal
sequence modelling capabilities of LSTMs Yang et al. (2022b). This integration has
improved the model’s seizure-detection performance.

Transformer-based networks, a more recent innovation, incorporate attention mecha-
nisms to better capture complex patterns in EEG data, further improving detection
accuracy Ma et al. (2023); Pedoeem et al. (2022); Peh et al. (2023); Sun et al. (2022).
Despite these significant advancements, traditional seizure detection models still en-
counter challenges in generalisation and real-time implementation. Models trained
on large datasets often struggle with low AUROC and high false-positive rates, lim-
iting their clinical applicability. Thus, there is a pressing need for models that can
balance sensitivity and specificity and be broadly applicable across diverse patient
populations and real-world scenarios Yang et al. (2022a,b).

Although the traditional MLP-based model has significantly contributed to the de-
velopment of EEG-based seizure detection systems, the emergence of KAN and other
advanced models provides a promising direction for improving the accuracy, efficiency,
and applicability of epilepsy detection technology. The following section provides a
detailed comparison between MLP and KAN, emphasising the advantages and po-
tential of KAN for EEG- based epilepsy detection.
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Table 7.1 – Different types of neural networks applied to EEG signals for epileptic
seizure detection.

Model Application Pre-
Processing+

Dataset ⋄ Metrics † Limitations

3D-CNN + RNN
Choi et al. (2019)

Seizure
detection

STFT
2D mapping

CHB-MIT
SNUH

ACC: 99%
ACC: 99% Small cohort

ConvLSTM
Yang et al. (2022b)

Seizure
detection ICA, STFT

TUH
EPILEPSIAE
RPAH

AUC: 84%
AUC: 81%
AUC: 82%

Post
processing
dependency

SConvLSTM
Yang et al. (2023)

Seizure
detection STFT

FB
CHB-MIT
EPILEPSIAE

AUC: 93%
AUC: 89%
AUC: 81%

Low
accuracy

TSD
Ma et al. (2023)

Seizure
detection STFT TUH AUC: 92%

No
out-of-sample
test

ResNet-LSTM
Qiu et al. (2023)

Seizure
detection ICA, STFT U-Bonn ACC: 97% Memory

usage

GraphS4mer
Tang et al. (2023)

Seizure detection
Sleep staging
ECG classification

STFT
TUH
DOD-H
ICBEB

AUC: 91%
F1: 82%
AUC: 98%

Memory
increases
quadratically

SVM Alotaibi
et al. (2021)

Seizure
detection DWT CHB-MIT ACC: 98% Small cohort

+ Pre-Processing methods: Short-Time Fourier Transform STFT, Independent Component Analysis ICA,
Discrete Wavelet Transform DWT.
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Freiburg FB, Dreem Open Dataset-Healthy (DOD-H),
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† Metrics: Accuracy ACC, Area Under the Curve (AUC or AUROC), Macro-Averaged F1-Score (Macro-F1).

7.1.2 Limitations of the Previous Studies

Previous models used in machine learning-based systems, particularly those relying
on multi-layer perceptron MLP architectures, have been constrained by their reliance
on fixed activation functions. These functions, such as ReLU or sigmoid, are pre-
defined and static, limiting the model’s flexibility and adaptability. Furthermore,
traditional MLP architectures lack the capability for continuous learning, meaning
that once a model is trained, it cannot adapt based on new incoming data without
retraining. This limitation poses a significant challenge for real-time applications
or scenarios where the data distribution changes over time. Without the ability to
continuously learn and adapt, the models can become less accurate, leading to perfor-
mance degradation. Therefore, there is growing interest in developing architectures
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that dynamically adjust their activation functions and support continuous learning,
enabling more flexible, robust, and efficient models for complex, real-world applica-
tions.

7.1.3 Novelty and Significance

This work introduces a novel backbone architecture for advancing the field of seizure
detection, focusing on addressing challenges related to generalisation and real-time
implementation. To the best of our knowledge, this is the first study to utilise a novel
non-backbone MLP for healthcare applications and the first to be utilised in Seizure
Detection. We propose the utilisation of KANs as a key component for identifying
epileptic seizures from pre-recorded EEG signals. We use the STFT to effectively
process EEG data. Rather than solely emphasising the challenges in generalisation
and implementation, we highlight the innovative potential of efficient-shallow archi-
tectures adaptable as a foundational framework for future AI models in seizure detec-
tion. Through our experimentation with the 3 different continental datasets, we aim
to showcase the inherent efficacy of KANs and their capacity to serve as an efficient
architecture for developing advanced seizure detection systems. We found the follow-
ing advantages for our proposed method: (Higher Accuracy) Preliminary findings
suggest that our model achieves AUROC values comparable to those of traditional
MLP models, indicating similar performance in seizure detection. This comparative
analysis suggests that while KANs do not necessarily outperform MLP models, they
offer a comparable level of reliability, thereby contributing to the advancement of
seizure detection methodologies; (Efficiency) Our proposed architecture requires a
smaller network size. Thereby making them computationally efficient and suitable
for real-time applications; (Less Training, High performance) Our proposed ar-
chitecture achieves high accuracy while requiring only a small portion of the training
dataset, outperforming models that typically require larger datasets for similar results;
(Out-of-sample seizure detection) generalisation beyond the training dataset was
assessed by training our model on the USA dataset and evaluating its performance
on independent datasets from Europe and Oceania, using the same trained weights.
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The outcomes indicate encouraging support for this test.

7.2 Methods

7.2.1 Datasets

Three datasets were used in this work: the TUH, the scalp-EPILEPSIAE, and the
RPAH datasets. Fig. 7.2 summarises the TUH dataset, detailing key statistics. This
dataset is divided into training and validation sets, offering comprehensive insights
into the number of hours utilised for patients with seizures and non-seizures, and the
number of patients who present with seizures and non-seizures. The TUH dataset is
the primary training dataset, providing a diverse range of seizure signals for various
seizure types. With its large volume of files, the TUH dataset from the USA offers
extensive data for robust model training. We utilised 400 hours of EEG data for our
training process, comprising 120,000 samples with a 12-second window. This dataset
included approximately 75% background activity and 25% seizure activity. Notably,
this represents a significantly smaller data volume than other models. Despite the
reduced dataset size, we successfully validated the KAN-EEG model’s efficiency in
seizure detection with reduced training data. The validation was conducted using 192
hours of EEG data, corresponding to 57,306 samples with a 12-second window, and
maintained the same 75%-25% ratio of background to seizure information.

The EPILEPSIAE and RPAH datasets, consisting of adult EEG, are used for in-
ference tests. Both datasets share common characteristics, such as using identical
montages and adult patient data, ensuring consistency and comparability in analysis.
Integrating these complementary datasets enhances the comprehensiveness and reli-
ability of the AI model for seizure detection. The EPILEPSIAE dataset consists of
30 patients, of whom 19 are male and 11 are female. The RPAH dataset from one of
Australia’s major hospitals reliably maintained one of the largest datasets from adult
epilepsy patients nationwide. This work uses nine years (2011–2019) of data, testing
nearly 14,590 hours of EEG data from 192 patients over 1,006 sessions, each averag-
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ing around 15 hours of recording. Out of 212 patients, 20 were excluded for reasons
including excessive seizures (more than 11 seizures/24 hours), missing electrode data,
or seizures confirmed only by video.

The Australian dataset is about 16 times larger than the US training dataset, with
longer inter-ictal periods and more background data, making false-positive evaluation
highly robust. The distribution of the RPAH dataset across three domains—seizure
type and frequency, age and gender, and seizure occurrence within a 24-hour cy-
cle—highlights essential patterns. Notably, seizure occurrences are derived from in-
termittent monitoring, providing insights into the likely timing of seizures. Ethical
approval was obtained to access this clinical data.

7.2.2 The KAN-EEG Structure

Characteristics of KANs

KANs are founded on the Kolmogorov-Arnold representation theorem, which posits
that any multivariate continuous function can be broken down into a finite composi-
tion of continuous univariate functions and addition operations Liu et al. (2025). This
foundational principle allows it to substitute traditional linear weights with spline-
parametrised univariate functions. Moreover, it employs adaptive univariate activa-
tion functions along the network edges, enhancing flexibility and precision. These
functions adapt to the data, leading to more accurate approximations. Spline func-
tions enable dynamic adaptation to the data, providing refined representations that
effectively capture smooth transitions. Additionally, KANs require fewer parame-
ters than MLPs, improving computational efficiency and model interpretability. The
learnable functions can also be visualised for better understanding. The operation of
a KAN layer can be described by the Equ. (7.1):

x̂i =
n∑

j=1
φij(xj) (7.1)
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Figure 7.2 – Summary of the datasets being used. The TUH dataset was used
as the training and validation dataset and subsequently for inference in both the
RPAH and EPILEPSIAE datasets (A). Testing across all datasets incorporates
extensive background and seizure-session data, facilitating comprehensive analysis
of model efficacy across diverse clinical settings (B). Types of Seizures Across the
RPAH Dataset (C) and EPILEPSIAE Dataset (D).

where x̂i represents the activation value at node i, and φij denotes the learnable
activation function on the edge connecting node j to node i.
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Mathematical Formulation of KANs

KANs utilise the Kolmogorov-Arnold representation theorem to break down a high-
dimensional function into a sum of univariate functions. This decomposition is given
by the Equ. (7.2):

f(x) =
2n+1∑
q=1

Φq

 n∑
p=1

φq,p(xp)
 (7.2)

In this formulation, Φq and φq,p are univariate functions parameterised as splines,
while xp represents the input features. The inner functions φq,p(xp) transform the
input features into intermediate representations, which are then aggregated and pro-
cessed by the outer functions Φq. This structured approach enables KANs to effec-
tively capture compositional structures and univariate functions, providing a robust
framework for function approximation Liu et al. (2025). An overall representation of
the KAN structure is seen in Fig. 7.1.

7.2.3 Pre-Processing

We utilised two signal processing techniques, ICA and STFT, to address the chal-
lenges associated with raw EEG data. Initially, the EEG signals were divided into
12-second segments, and the ICA algorithm was applied to decompose the signals into
19 independent components using BSS. ICA separates EEG signals into statistically
independent components, as represented in Equ. (7.3),

T ≈MAT , (7.3)

where T contains the EEG data, M contains the time information, and A contains the
weights for topographic maps. Pearson correlation was used to identify independent
sources strongly associated with eye movement, detected from the ’FP1’ and ’FP2’
EEG channels. These sources related to eye movement were removed, leaving EEG
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signals free of such artifacts. Subsequently, the STFT was applied to the cleaned
EEG signals. This involved using a window length of 250 samples (equivalent to 1
second), with 50% overlap, and eliminating the DC component of the transform. As
a result, the data dimensions were (N × 23 × 125), where N denotes the number
of electrodes, 23 denotes the time index, and 125 denotes the frequencies. Data
preprocessing is performed separately from the KAN model, ensuring the data is
adequately prepared before input into the KAN model for further training/inference,
as depicted in Fig. 7.3.
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Figure 7.3 – KAN-EEG Seizure System. We analysed different kinds of seizures
utilising the TUH dataset for training. We then preprocessed our model utilising
Independent Component Analysis ICA and STFT. Subsequently, we incorporate
a shallow KAN algorithm, yielding efficient results.

7.3 Experiments and Results

7.3.1 Training and Validation in Sample

Our model was trained and validated using the TUH dataset. We achieved an im-
pressive AUROC score of 0.89 in Fig. 7.4(B). It’s important to highlight that our
model was trained on 400 hours of data, considerably fewer than the 752 hours used
for the ConvLSTM model and the 910 hours for the Transformer model. These pre-
liminary results highlight the exceptional performance of our approach, which not
only rivals but also exceeds that of contemporary methods, despite using a smaller
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training dataset and a comparable, and even larger, test dataset. Our model demon-
strates superior efficacy in accurately detecting epileptic seizures, underscoring its
potential for clinical applications. The structure used to obtain the outlined results is
highlighted in Table 7.2, and we use this as our baseline for our following assessment.

The training process was performed for 100 epochs, and the trend across different
metrics is shown in Fig. 7.4(A). Among these, the discernible reduction in the training
loss is evident, gradually converging towards optimal thresholds. Noteworthy is the
observation that metrics such as Recall, Precision, and AUROC manifest a discernible
tendency to reach the convergence phase approximately around the 20th epoch. Given
the nature of a small architecture, training losses converge to an average of 0.2-0.3.

Figure 7.4 – In-Sample results on the TUH dataset. Our model was trained
on 400 hours of data, significantly less than the data used to train other models,
such as ConvLSTM and Transformer (752 and 910 hours, respectively) (A). A
Comparison of a KAN-EEG (Architecture I-764-256-O [see Table 7.2]) training
with other MLP based models Ahmedt-Aristizabal et al. (2020); Ma et al. (2023);
Tang et al. (2022); Wang et al. (2017); Yang et al. (2022b) demonstrates better
performance with less training data.

7.3.2 Robustness

The findings presented in Table 7.2 offer compelling insights into the robustness of the
KAN-EEG architecture in seizure detection. By systematically reducing the model’s
complexity by decreasing both the number of layers and the number of hidden neu-
rons, we sought to evaluate the architecture’s adaptability and efficiency across vary-
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Table 7.2 – Model assessment robustness in-sample validation using TUH dataset
by decreasing layers and neurons leads to efficiency.

Model Structure Layers Hidden Neurons Neuron Reduction Model Size Reduction AUROC AUPRC Precision Recall F1-Score
I-764-256-O⋄ (Large) 2 1020 Baseline Baseline 88.9 77.4 85.0 84.7 85.1
I-32-32-O⋆ 2 64 6.27 % 4.5 % 86.9 73.5 83.2 83.0 83.3
I-32-16-O‡ (Small) 2 48 4.71 % 4.38 % 86.7 73.1 82.9 83.1 82.8
I-256-O 1 256 25 % 29.8 % 85.3 70.1 81.3 81.2 80.9

I: Input Data. We utilised 23 time and 125 frequency bins, followed by 19 EEG channels.
O: Output Neurons. We utilised 2 output neurons to represent seizure and non-seizure states.
⋄ Out-of-sample generalisations are shown in Tables 7.3 and 7.4.
⋆ Out-of-sample generalisations are shown in Tables 7.3 and 7.4.
‡ Out-of-sample generalisations are shown in Tables 7.3 and 7.4.

ing structural configurations. Our analysis reveals that, despite the reduction in
model complexity, the KAN architecture consistently maintains high performance
across key evaluation metrics, as reflected in the consistently high AUROC values
across all models. For instance, the largest tested model has an AUROC of 0.89,
while the smallest has an AUROC of 0.85. This indicates the model’s ability to ef-
fectively differentiate between seizure and non-seizure states, even when architectural
complexity is significantly reduced.

Moreover, while marginal decreases in metrics such as precision and recall are ob-
served with model simplification, the overall performance, as quantified by the F1-
Score, remains robust. This suggests that our architecture not only preserves its
ability to detect seizures accurately but also maintains a balanced trade-off between
precision and recall. It is crucial for real-world applications where false positives
and negatives have significant implications. These results underscore the resilience
of the proposed model to structural modifications, highlighting its adaptability and
efficiency in resource-constrained environments. The model’s ability to maintain high
performance even with reduced computational complexity holds promising implica-
tions for practical deployment.

7.3.3 Compact Networks Leads to Out-of-sample Continen-

tal generalisation

Can the KAN-EEG generalise beyond in-sample testing? Out-of-sample generalisa-
tion is crucial in seizure detection models, as it assesses the model’s ability to perform
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effectively on unseen data that was not included during training. This is essential
for establishing greater robustness and reliability of the model in real-world clinical
settings, where variability in patient populations, seizure types, and environmen-
tal factors can significantly impact performance. To evaluate generalisation perfor-
mance, we tested our initial model with 2 layers (764 and 256 neurons, respectively)
on two distinct out-of-sample datasets. The RPAH dataset results are presented in
Table 7.3, and the EPILEPSIAE dataset results are shown in Table 7.4. The re-
sults shown demonstrate some out-of-sample testing ability, albeit not efficiently, in
both the RPAH and EPILEPSIAE datasets with AUROC results of 0.60 and 0.55,
respectively. The observed results primarily stem from an architectural design show-
ing indications of overfitting on the training dataset. This assertion suggests that
the model has become overly specialised in capturing specific information inherent
in the training/validation data, consequently compromising its ability to generalise
in different datasets. As a result, addressing overfitting is crucial for enhancing the
model’s robustness and applicability in real-world scenarios, including unseen-world
datasets with varying seizure patterns that can be specific to each patient.

To address the challenges of inefficient generalisation, we modified the model to have
two layers with 32 and 16 neurons, respectively. Additionally, we conducted an ad-
ditional evaluation to confirm the robustness of our findings by testing in a model
with two layers, each with 32 neurons. As these architectures showed robustness in
in-sample testing, with an AUROC of 0.87, we applied them to the generalisation
test using training weights when the AUROC metric was not increasing.

As discussed previously, the KAN-EEG model with two layers (764 and 256 neurons)
had a lower AUROC than the LTC-FPTT and ConvLSTM models. Interestingly,
the KAN-EEG models with two layers (32 and 16 neurons, and 32 and 32 neurons)
demonstrated comparable or superior AUROC values relative to these models. For
the RPAH dataset, we demonstrated that the proposed compact networks achieve
AUROC scores of 0.85 and 0.83, respectively, outperforming existing models. For the
EPILEPSIAE dataset, although we did not surpass previous studies, our results were
closer to 0.78 and 0.75, respectively.
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This suggests that overfitting may occur in models with more complex neuron struc-
tures, adversely affecting their generalisation performance. These findings are signif-
icant as they indicate the potential for future deployable on-edge KAN algorithms,
where memory size compression and robustness are crucial. These findings suggest
the potential to replace MLP-based seizure-detection models with the KAN-EEG
algorithm. Our framework remains robust and demonstrates promise for practical
implementation in real-world applications. It is essential to note that our data was
not trained on the full TUH dataset, indicating that there is even more room for
improvement to achieve better results.

7.3.4 Computation Time in Training

We utilised a Tesla P100 GPU with 16 GiB of memory to compare the training
performance of two neural network configurations of the KAN-EEG model: a larger
network with 764-256 neurons and a smaller network with 32-16 neurons per layer
respectively. Using a batch size of 64, the training time per epoch for the larger
network averaged 4 minutes and 12 seconds, while the smaller network completed
an epoch in 1 minute and 1 second. Regarding GPU memory consumption, the
more extensive network required approximately 8.8 GiB, whereas the smaller network
used only 1.6 GiB. These results underscore the efficiency of this neural network
architecture, which is crucial for real-time applications. In contrast, SNNs often
require significantly more training time, especially when analysing extended sequences
with many timesteps. The KAN-EEG model’s fast training performance makes it
well-suited for real-time scenarios.

7.4 Discussion

We pioneer the application of shallow KANs to EEG data, leveraging this model’s
unique structure and capabilities inspired by the Kolmogorov-Arnold representation
theorem. The proposed architecture not only achieves a higher accuracy in the in-
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Table 7.3 – Out-of-sample generalisation results AUROC on the RPAH dataset.

Year LTC-FPTT
Herbozo Contreras et al. (2024a)

ConvLSTM
Yang et al. (2022b) KAN-EEG ⋄ KAN-EEG ⋆ KAN-EEG †

2011 0.88 0.90 0.75 0.95 0.93
2012 0.92 0.91 0.64 0.90 0.88
2013 0.92 0.89 0.62 0.89 0.88
2014 0.78 0.73 0.61 0.80 0.78
2015 0.79 0.82 0.56 0.91 0.89
2016 0.81 0.85 0.55 0.86 0.84
2017 0.80 0.68 0.59 0.72 0.71
2018 0.80 0.72 0.56 0.80 0.79
2019 0.80 0.78 0.62 0.81 0.79

Overall 0.83 0.82 0.60 0.85 0.83
⋄ Architecture I-764-256-O (see Table 7.2): 2 Layers (764 and 256 neurons).
⋆ Architecture I-32-32-O (see Table 7.2): 2 Layers (32 and 32 neurons).
‡ Architecture I-32-16-O (see Table 7.2): 2 Layers (32 and 16 neurons).

Table 7.4 – Out-of-sample generalisation results AUROC on the EPILEPSIAE dataset.

Pat-ID LTC-FPTT
Herbozo Contreras et al. (2024a)

ConvLSTM
Yang et al. (2022b) KAN-EEG ⋄ KAN-EEG ⋆ KAN-EEG †

1 0.88 0.88 0.63 0.84 0.79
2 0.82 0.88 0.49 0.58 0.55
3 0.84 0.85 0.60 0.85 0.77
4 0.82 0.89 0.31 0.71 0.58
5 0.79 0.72 0.58 0.73 0.72
6 0.78 0.69 0.42 0.64 0.60
7 0.78 0.81 0.53 0.75 0.76
8 0.79 0.81 0.63 0.88 0.82
9 0.81 0.92 0.65 0.90 0.88
10 0.81 0.68 0.43 0.57 0.49
11 0.81 0.81 0.82 0.96 0.95
12 0.81 0.74 0.48 0.75 0.59
13 0.83 0.86 0.33 0.78 0.63
14 0.83 0.85 0.65 0.84 0.82
15 0.83 0.71 0.58 0.81 0.82
16 0.83 0.85 0.77 0.93 0.91
17 0.83 0.83 0.44 0.65 0.63
18 0.83 0.82 0.52 0.82 0.68
19 0.84 0.91 0.74 0.88 0.87
20 0.84 0.68 0.34 0.71 0.65
21 0.84 0.83 0.47 0.83 0.71
22 0.84 0.95 0.62 0.74 0.70
23 0.85 0.84 0.60 0.89 0.84
24 0.84 0.83 0.76 0.85 0.82
25 0.84 0.62 0.56 0.75 0.73
26 0.84 0.84 0.38 0.67 0.57
27 0.84 0.86 0.60 0.71 0.70
28 0.84 0.91 0.70 0.88 0.88
29 0.84 0.72 0.51 0.79 0.76
30 0.85 0.88 0.43 0.75 0.62

Overall 0.83 0.81 0.55 0.78 0.73
⋄ Architecture I-764-256-O (see Table 7.2): 2 Layers (764 and 256 neurons).
⋆ Architecture I-32-32-O (see Table 7.2): 2 Layers (32 and 32 neurons).
‡ Architecture I-32-16-O (see Table 7.2): 2 Layers (32 and 16 neurons).
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sample dataset but can also be generalized across different scalp-EEG, as smaller
KANs can outperform much larger MLPs in terms of data fitting and partial differ-
ential equation solving, owing to faster neural scaling laws Liu et al. (2025). By ap-
plying KANs to EEG data, we expect to unlock new potentials in seizure prediction
models, given its ability to learn compositional structures and optimise univariate
functions Liu et al. (2025). This novel application could yield more accurate and
interpretable predictions, advancing the field of neural network-based seizure predic-
tion. The model’s resilience against catastrophic forgetting will also ensure stable
and continuous learning, a critical requirement for medical applications involving
long-term EEG monitoring. To this extent, our next steps will include deploying this
architecture on memristor devices. Recent studies have demonstrated the potential of
incorporating KAN network with neuromorphic hardware. Given that memristors are
a key component in developing neuromorphic platforms, this approach offers exciting
opportunities for deploying such models on non-conventional hardware Peng et al.
(2024). Furthermore, approaches to incorporate KAN to neuromorphic frameworks
would be to introduce learnable activation functions by replacing the soma of the
LIF-based SNN. Alternatively, hybrid ANN-SNN architectures could be explored,
where the KAN component serves as the artificial neural network backbone while the
spiking component provides event-driven, neuromorphic processing.”

7.4.1 Scope and Model Limitations

This research serves as a proof of concept to evaluate whether the KAN model,
which utilises a learnable activation function, can form a viable AI-based approach
for seizure detection. However, further exploration into the optimal architectural
design for improved performance is still needed. Although we have demonstrated
that shallow networks tend to have better generalisation and robustness, as described
in Table 7.2. The current scope is limited to seizure detection, but we will incorporate
insights from these architectures for seizure prediction. Deployability has not been
considered within this investigation. However, based on the architecture model, its
aim can be tested in future studies. One notable drawback we found in our work
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was a linear increase in memory consumption with increasing input data. Therefore,
future studies should focus on addressing these challenges.

The data used in this model is in the frequency domain, which utilised a pre-processing
step to transform the raw signals into a format suitable for analysis. This additional
pre-processing imposes limitations, especially in real-time applications, as it can intro-
duce latency and increase computational demands, making the model less practical for
real-world scenarios that require rapid or continuous data processing. Consequently,
this limitation affects the model’s usability in time-sensitive or resource-constrained
environments, such as portable or embedded systems.

7.5 Conclusion

This work has introduced the KANs as a novel approach for epileptic seizure detec-
tion using EEG signals. By leveraging its unique architecture and learning prop-
erties, which feature learnable edge activation functions rather than fixed node ac-
tivations, we have demonstrated the potential to achieve comparable accuracy and
higher accuracy in both in-sample and out-of-sample seizure detection compared to
traditional MLP models. Our results indicate that KANs are a viable alternative
to MLP-based models for seizure detection applications, requiring smaller network
sizes while maintaining robust performance. The significant advancements presented
in this work highlight the potential of KANs to improve clinical outcomes for pa-
tients with epilepsy by providing a more accurate, efficient, and interpretable tool
for seizure detection, thereby enhancing decision-making, treatment planning, and
overall disease management.



Chapter 8

Concluding Remarks

8.1 Thesis Contributions

The central objective of this thesis is to establish foundational principles for neuro-
morphic neuromodulation, with a specific focus on artificial intelligence as the control
layer for responsive neurotherapies. Using epilepsy as a clinically relevant case study,
this work examines how neuromorphic AI can enable fully embedded closed-loop
neurostimulation under strict constraints in latency, power, memory, privacy, and
long-term autonomy.

Building on this foundation, the thesis presents a unified software pipeline for seizure
analysis that enables robust on-device operation, demonstrating strong out-of-sample
generalisation across large-scale, heterogeneous EEG datasets while reducing reliance
on extensive optimisation and manual annotation. A major architectural advance is
the introduction of liquid-time-constant dynamics and dendrite-inspired computation
into spiking neural networks, culminating in a unified framework. Across multiple
clinical datasets, this approach improves AUROC and related metrics by approxi-
mately 5 to 10% over state-of-the-art baselines, while reducing memory consumption
to the kilobyte scale, lowering energy requirements by three to five orders of mag-
nitude, and decreasing both training and inference complexity, establishing a clear
pathway toward efficient neuromorphic intelligence.
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In parallel, this thesis explores compact and learnable function representations that
deliver strong performance at significantly reduced computational cost, offering a
practical pathway for integration into neuromorphic systems where memory, power,
and latency are primary constraints.

Finally, this work addresses autonomous patient-specific adaptation on the edge by in-
troducing neuromorphic learning mechanisms that support online and few-shot learn-
ing under severe resource constraints, enabling personalised, self-responsive closed-
loop detection and prediction systems without reliance on cloud-based computation.

Together, these contributions define a clear pathway from conceptual foundations to
deployable neuromorphic intelligence, spanning generalisable seizure analysis, low-
power architectures, compact function learning, and on-device adaptation for closed-
loop neurostimulation.

8.2 Future Research Directions

This thesis establishes neuromorphic computing as a viable foundation for next-
generation seizure detection, prediction, and closed-loop neuromodulation. Building
on the models, frameworks, and system concepts introduced throughout this work,
several important directions for future research emerge, spanning hardware transla-
tion, adaptive intelligence, biologically grounded modelling, and clinical deployment.

Neuromorphic Systems for Real-World Deployment

A critical next step is the transition from algorithmic validation to the end-to-end
realisation of a neuromorphic system. While this thesis demonstrates hardware-
compatible models and validates feasibility on commercial platforms such as Rasp-
berry Pi and AKIDA, future work should establish a dedicated deployment pathway
for the proposed architectures, moving beyond proof-of-concept toward purpose-built
systems for clinical neurotechnology. Long-term evaluation under continuous opera-
tion, addressing stability, fault tolerance, and safety, will be essential for real-world
translation.
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An important direction in this context is the progression from FPGA-based prototyp-
ing to application-specific integrated circuit ASIC implementations. FPGA platforms
enable rapid architectural exploration but primarily serve as an intermediate step to-
ward custom silicon. Advancing to ASIC design is essential to realise the power,
area, and latency advantages required for clinically viable implantable and wear-
able systems. Future work should therefore prioritise hardware–algorithm co-design
that integrates the Liquid-Dendrite and neuromorphic learning frameworks with dig-
ital and mixed-signal architectures, enabling efficient mapping of neuronal dynamics,
synaptic plasticity, and online learning rules into silicon.

The benefits observed in this thesis should not be attributed solely to either the
hardware platform or the spiking/neuro-inspired algorithms in isolation. Rather,
they arise from different levels of hardware-algorithm interaction across the thesis.
In chapter 3-5, the models are primarily evaluated on conventional digital platforms,
including GPU-based experimentation and Raspberry Pi deployment. In these cases,
the observed benefits are mainly algorithmic, arising from compact spiking and neuro-
inspired model structures that reduce model complexity, parameter count, and com-
putational demand. However, these platforms do not fully exploit the event-driven
nature of spike-based computation. In contrast, chapter 6 more directly demonstrates
hardware-algorithm co-design, as the proposed approach is mapped onto a low-power
neuromorphic chip capable of exploiting sparse/event-driven execution.

Continual and Personalised Learning on the Fly

This thesis introduces adaptive learning paradigms for seizure detection and predic-
tion based on few-shot edge learning under strict resource constraints, as exemplified
by deployment on neuromorphic platforms such as Akida. Building on this founda-
tion, future research should extend these ideas toward lifelong, personalised neuro-
morphic learning, addressing fundamental challenges including catastrophic forget-
ting, stability–plasticity trade-offs, and robust adaptation under highly imbalanced
seizure data distributions.

Neural Encoding for Neuromorphic Time-Series Processing



8.2 Future Research Directions 167

An important and largely underexplored opportunity lies in the design of neural en-
coding mechanisms for time-series data. Much of the neuromorphic literature has
focused on encoding strategies developed for vision tasks, where spatial structure
dominates. In contrast, neural signals such as EEG exhibit highly non-stationary
and non-deterministic temporal dynamics that require fundamentally different repre-
sentational approaches. Future work should therefore investigate encoding schemes
tailored to continuous-time signals, with particular emphasis on domains such as audio
as an intermediate test-bed, where rich temporal structure and multi-hertz dynamics
provide a natural bridge toward more complex neural data. Developing encoding
strategies specifically for time-series modalities may unlock significant gains in both
performance and energy efficiency for neuromorphic seizure analysis.

Toward Closed-Loop Neuromorphic Neuromodulation

A long-term goal of this research is the realisation of fully autonomous closed-loop
neuromodulation. Future work should move beyond isolated detection or prediction
modules toward unified neuromorphic frameworks that integrate sensing, learning,
decision-making, and stimulation. Such systems have the potential to support per-
sonalised, adaptive therapies that operate entirely on-device, minimising latency, pre-
serving data privacy, and enabling long-term scalability in clinical settings. Achieving
this vision will require sustained interdisciplinary collaboration across neuroscience,
hardware design, and clinical practice, ensuring that algorithmic advances remain
aligned with translational and regulatory realities.
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