Transfer Learning and Knowledge Transfer Between
Humans and Machines with Brain-Inspired Spiking Neural
Networks for Adaptable and Explainable AI
Nikola Kasabov
FIEEE, FRSNZ, FINNS, DVF RAE UK
Professor of Knowledge Engineering and Founding Director KEDRI –
Auckland University of Technology, NZ
George Moore Chair of Data Analytics, Ulster University
Honorary Professor of Teesside University UK and the University of Auckland NZ
Doctor Honoris Causa Obuda University, Budapest
Honorary Member of the Computer Societies of Bulgaria, Greece and Scotland

nkasabov@aut.ac.nz

nk.kasabov@ulster.ac.uk

Abstract
The talk argues and demonstrates that:
1) Brain-inspired spiking neural network (BI-SNN) architectures can be used for
transfer learning, similarly to how the brain manifests transfer learning.
2) Humans can “transfer” their knowledge to a BI-SNN and also extract
knowledge from BI-SNN in forms of graphs and symbolic fuzzy rules. This
enables incremental knowledge transfer between humans and machines in an
adaptive, evolving, interactive way to create open and explainable AI.
3) The presented approach is illustrated on an exemplar brain-inspired SNN
architecture NeuCube (free software and open source available from
www.kedri.aut.ac.nz/neucube).
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1. Incremental Learning (IL) and Transfer Learning (TL)
Traditional batch-mode learning: A model is created on existing data for existing tasks
and not adapted to new data or new tasks.
Incremental learning (IL): A model is created on existing data for existing tasks and it can
continuously learn new data for the same tasks or/and new tasks.
Transfer learning: A type of IL, where a model is created on existing data for existing
tasks and it can continuously learn new data and new tasks by partially utilising
previously learned knowledge.
Multitask learning: Can be with a shared knowledge between tasks in the model or
without.
Knowledge transfer: Transfer human knowledge to a system, let the system learn from
data and extract new knowledge from it.
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Methods of TL for Computational Intelligence CI
• Inductive vs transductive TL
• Unsupervised vs supervised vs semi-supervised TL
• A large number of related papers and studies, e.g.:
1. R. Caruana, “Multitask Learning,” Machine Learning,vol. 28, no. 1,pp. 41-75, 1997.
2. S. J. Pan and Q. Yang, "A Survey on Transfer Learning," in IEEE Transactions on Knowledge and
Data Engineering, vol. 22, no. 10, pp. 1345-1359, Oct. 2010, doi: 10.1109/TKDE.2009.191.
3. J. Lu, V. Behbood, P.Hao, H.Zuo, S. Xue, G. Zhan, Transfer learning using computational
intelligence: A survey, Knowledge-Based Systems, 80 (2015) 14-23.
4 A. M. Azab, J. Toth, L. S. Mihaylova and M. & Arvaneh, "A review on transfer learning
approaches in brain–computer interface," Signal Processing and Machine Learning for BrainMachine Interfaces, pp. 81-98, 2018.
5. D. Wu, V. J. Lawhern, W. D. Hairston and B. J. Lance, "Switching EEG headsets made easy:
Reducing offline calibration effort using active weighted adaptation regularization," IEEE
Transactions on Neural Systems and Rehabilitation Engineering, vol. 24, no. 11, pp. 1125-1137,
2016.

Problems and challenges:
1. Methods so far are applicable to vector–based data, rather than spatio-temporal data.
2. TL methods are developed for CI, rather than human– machine knowledge transfer.
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Our goal: Create brain-inspired TL methods that enable knowledge transfer
between humans and machines for open and explainable AI
(Example: www.darpa.mil/program/explainable-artificial-intelligence)
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2. TL in the human brain is always in time and space.

Knowledge transfer between humans.
TL in the brain: The process of learning new
categories of data and tasks by partially utilising
already learned categories/tasks in the neuronal
connections and adjusting other connections.
TL: Spatially evolved overlapping structures in time
for learning new tasks (e.g. multiple languages
evolve in overlapping brain areas)

Multiple languages are learned as TL in
evolving and overlapping brain areas
(world.edu)

TL of temporal data at different time scales:
- Nanoseconds: quantum processes;
- Milliseconds: spiking activity;
- Minutes: gene expressions;
- Hours: learning in synapses;
- Many years: evolution of genes.
TL of memory types :
- short term (membrane potential);
- long term (synaptic weights);
- genetic (genes in the nuclei).
nkasabov@aut.ac.nz

Knowledge in the brain evolves in space and in time. Spatial areas (e.g. Brodmann
areas), allocated for certain functions, containing millions of neurons are connected
through millions of synaptic connections as a result of TL in time.

(Brodmann areas)
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The cognitive brain is a spatio-temporal system for TL
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TL of spatio-temporal patterns learned through Image recognition
and motor action
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Deep serial processing of visual stimuli in humans for image classification and action.
Location of cortical areas: V1 = primary visual cortex, V2 = secondary visual cortex, V4 = quartiary visual cortex,
IT = inferotemporal cortex, PFC = prefrontal cortex, PMC = premotor cortex, MC = motor cortex.

(from L.Benuskova, N.Kasabov, Computational neurogenetic modelling, Springer, 2007)
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TL of speech and language

(from L.Benuskova, N.Kasabov,
Computational neurogenetic modelling,
Springer, 2007)

Common brain activation areas in bilingual
subjects (Crinion et al, Science, 2006)

The basic model of language processing during the simple task of repeating the word that has been heard is the
Wernicke-Geschwind model (Mayeux and Kandel 1991). A language task involves transfer of information from the
inner ear through the auditory nucleus in thalamus to the primary auditory cortex (Brodmann’s area 41), then to the
higher-order auditory cortex (area 42), before it is relayed to the angular gyrus (area 39). From here, the information is
projected to Wernicke’s area (area 22) and then, by means of the arcuate fasciculus, to Broca’s area (44, 45), where the
perception of language is translated into the grammatical structure of a phrase and where the memory for word
articulation is stored. This information about the sound pattern of the phrase is then relayed to the facial area of the
motor cortex that controls articulation so that the word can be spoken.
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How humans transfer knowledge between each other?
Hyper-scanning. Can we model multiple brain synchronization?

?

?
LAstolfi, J Toppi, FDe Vico Fallani, G Vecchiato, F Cincotti, C. Wilke, HYuan, D Mattia, S Salinari, B He, and F Babiloni, I, Imaging the
Social Brain by Simultaneous Hyperscanning During Subject Interaction, EEE Intell Syst. 2011 Oct; 26 (5): 38–45.
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Studies on hyper-scanning
B.Kelsen, A.Sumich, N.Kasabov, S.Liang and G.Wang, What has social neuroscience
learned from hyperscanning studies of spoken communication? A systematic review.
Neuroscience&Biobehavioural Reviews, Elsevier, 3 Oct 2020.
https://www.sciencedirect.com/science/article/abs/pii/S0149763420305650:

Experimental design communication methods: (A) Turntaking, (B) Knowledge-sharing, (C) Cooperation, problemsolving, and creativity, (D) Naturalistic discussion.
nkasabov@aut.ac.nz
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3. IL in SNN
Spiking neuron models as brain-inspired artificial neurons

- Hodgkin- Huxley
– Integrate-and-fire (LIF) ------------------------------->
– Spike response model (Gerstner)
– Izhikevich model
– Probabilistic and neurogenetic models (Kasabov)
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Methods for learning in SNN
Unsupervised learning: Spike-Time Dependent Plasticity (STDP)
(Abbott and Nelson, 2000).

•
•
•

•

Hebbian form of plasticity in the form of long-term potentiation (LTP) and
depression (LTD)
Effect of synapses are strengthened or weakened based on the timing of presynaptic spikes and post-synaptic action potential.
Through STDP connected neurons learn consecutive temporal associations
from data.
Variations of the STDP
Pre-synaptic activity that
precedes post-synaptic firing
can induce LTP, reversing this
temporal order causes LTD
∆t=tpre -tpost
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Methods for supervised learning in SNN
Rank order (RO) learning rule (Thorpe et al, 1998)

w ji = m order ( j )
0
if fired


order ( j )
ui (t ) = 
w
m
else

ji i
 j| f ( j )t
PSP max (T) = SUM [(m order (j(t)) wj,i(t)], for j=1,2.., k; t=1,2,...,T;
PSPTh=C. PSPmax (T)
- Earlier coming spikes are more important (carry more information)
- Early spiking can be achieved, depending on the parameter C.
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Incremental supervised learning in eSNN of vector-based data

Kasabov, Evolving connectionist systems, Springer, 2007
Kasabov, N. Evolving connectionist systems for adaptive learning and knowledge discovery: Trends and Directions, Knowledge Based Systems, 2015,
(2015), http://dx.doi.org/10.1016/j.knosys.2014.12.032.
J. L. Lobo, J. Del Ser, A. Bifet, N. Kasabov, Spiking Neural Networks and online learning: An overview and perspectives, Neural Networks, 121 (2020), 88-110,
https://doi.org/10.1016/j.neunet.2019.09.004
J. L. Lobo, I.Laña, J. Del Ser, M.N.Bilbao, N.Kasabov Evolving Spiking Neural Networks for online learning over drifting data streams, Neural Networks, 108,
1-19 (2018).

J L. Lobo, Izaskun Oregi, Albert Bifet, Javier Del Sera, Exploiting the Stimuli Encoding Scheme of Evolving Spiking Neural Networks for Stream Learning,
Neural Networks, 2019
P. S. Maciag, N. K. Kasabov, M. Kryszkiewicz, R. Bembenik, Air pollution prediction with clustering-based ensemble of evolving spiking neural networks and
a case study on London area, Environmental Modelling and Software, Elsevier, vol.118, 262-280, 2019, https://doi.org/10.1016/j.envsoft.2019.04.012
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Incremental supervised learning in dynamic eSNN (deSNN) of temporal
or spatio-temporal data
Kasabov, N., Dhoble, K., Nuntalid, N., G. Indiveri, Dynamic Evolving Spiking Neural Networks for Online Spatio- and Spectro-Temporal Pattern Recognition, Neural Networks, v.41, 188-201, 2013

Combine:

(a) RO learning for weight initialisation based on the first spikes:

w ji = m order ( j )
(b) Learning further input spikes at a synapse through a drift – positive and negative.
wj,i(t) = ej(t)・Drift

- A new output neuron may be added to a respective output repository for every new input pattern.
- Two types of output neuron activation:
- deSNNm (spiking is based on the membrane potential)
- deSNNs (spiking is based on synaptic similarity between the newly created
output neuron and the existing ones)
- Neurons may merge.
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TL with simple fuzzy rule extraction from evolving fuzzy neural
networks and eSNN
Evolving Fuzzy Neural Networks
–

E.g.: EFuNN, DENFIS
rule(case)
nodes

eSNN and deSNN
v

Inputs

outputs
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L2i
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Kasabov, N., and Song, Q., DENFIS: Dynamic
Evolving Neural-Fuzzy Inference System and its
Application for Time Series Prediction, IEEE
Transactions on Fuzzy Systems, Vol. 10, 2, April,
(2002) 144-154

Human created rules can be inserted in a
FNN, the FNN can learn from data and new
rules can be extracted.
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Rule 0: IF (v is SMALL) THEN Ci
Rule 1: IF (v is LARGE) THEN Cj
S. Soltic and N. Kasabov (2010), Knowledge extraction from
evolving spiking neural networks with rank order population coding.
Int. J. Neural Syst., Vol. 20, No. 6, 2010, 437–445.
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4. TL in BI-SNN. NeuCube.

SNNcube
eSNN

- Input data is encoded into spatio-temporal events as spike trains;
- A 3D SNN has spatially located neurons following a 3D spatial brain template, e.g
Talairach, MNI, MRI, fMRI etc. .
- Unsupervised learning is spatio-temporal, adaptive and incremental. resulting in evolved
connectivity
- Supervised learning is evolving creating new output neurons
- Allows for knowledge representation as spatio-temporal patterns, interpreted as rules,
graphs, associations, ….
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The NeuCube Architecture

Kasabov, N., NeuCube: A Spiking Neural Network Architecture for Mapping, Learning and Understanding of Spatio-Temporal
Brain Data, Neural Networks, vol.52, 2014.
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Spike encoding methods
A spike is generated only if a change in the input data occurs beyond a threshold
Silicon Retina (Tobi Delbruck, INI, ETH/UZH, Zurich ), DVS128: Retinotopic
Silicon Cochlea ( Shih-Chii Liu, INI, ETH/UZH, Zurich): Tonotopic

Threshold-based encoding – retinotopic
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Tonotopic organization of the cochlea:
https://sites.google.com/site/jayanthinyswebite

www.kedri.aut.ac.nz

Selection and optimisation of spike encoding method
((B.Petro, N.Kasabov, R.Kiss, Selection and optimisation of spike encoding methods for spiking neural
networks, algorithms, IEEE Transactions of Neural Networks and Learning Systems, April 2019,
DOI:10.1109/TNNLS.2019.2906158) )

Four encoding methods are analyzed: one stimulus estimation [Ben’s Spiker algorithm (BSA)] and three
temporal contrast [threshold -based, step-forward (SF), and moving-window (MW)] encodings.
BSA can follow smoothly changing signals if filter coefficients are scaled appropriately.
SF encoding was most effective for all types of signals as it proved to be robust and easy to optimize.
Signal-to-noise ratio (SNR) can be recommended as the error metric for parameter optimization.
Free software: https://github.com/KEDRI-AUT/snn-encoder-tools (Balint Petro, BU Hungary)
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Spike encoding as data compression and noise suppression
subject
id

04847

07510

Method

data type

bits/sym
bol

decoding
error

Accuracy(
K-NN)

GAGamma

Integer

4.96

0.07

87.41 ±
4.80%(16)

BSA

Integer

1.33

0.15

84.50 ±
4.47%(3)

Integer

1.95

0.23

54.16 ±
5.77%(1)

Random

Integer

3.63

−

52.58 ±
4.79%(1)

No encoding

Float

32.0

−

89.55 ±
4.60%(1)

GAGamma

Integer

4.97

0.06

76.00 ±
5.89(8)

BSA

Integer

1.28

0.15

74.08 ±
6.71%(8)

Temporal
Contrast

Integer

1.82

0.26

52.75 ±
5.84%(2)

Random

Integer

3.63

−

52.58 ±
4.79%(1)

No encoding

Float

32.0

−

79.11 ±
3.99%(5)

Temporal
Contrast

N.Sengupta, N. Kasabov, Spike-time encoding as a data compression technique for pattern
recognition of temporal data, Information Sciences 406–407 (2017) 133–145.
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Brain Atlases/Templates used to create a BI-SNN structure
Talairach Atlas – Talairach Daemon
http://www.talairach.org/daemon.html
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Deep transfer learning in NeuCube

Creation of Neuron
Connections During
The Learning

The More Spike
Transmission, The
More Connections
Created

Spike Trains
Entered to the
SNNc
Neuron Spiking
Activity During the
STDP Learning
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www.kedri.aut.ac.nz/neucube/

N. Kasabov, N. Scott, E.Tu, S. Marks, N.Sengupta, E.Capecci, M.Othman,M. Doborjeh, N.Murli,R.Hartono, J.Espinosa-Ramos, L.Zhou,
F.Alvi, G.Wang, D.Taylor, V. Feigin,S. Gulyaev, M.Mahmoudh, Z-G.Hou, J.Yang, Design methodology and selected applications of
evolving spatio- temporal data machines in the NeuCube neuromorphic framework, Neural Networks, v.78, 1-14, 2016.
http://dx.doi.org/10.1016/j.neunet.2015.09.011.
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Dynamic clusters evolve during deep unsupervised learning

Example: Three steps visualization of dynamic clustering in a BI-SNN model, corresponding to 26 EEG
channels recorded from 21 control subjects (top row) and addicts (lower row) during unsupervised
STDP learning. The total number of time frames is 21 samples × 75 EEG time points = 1575 data points
(study of response to drugs of addicted subjects).
Maryam Doborjeh*, Zohreh Doborjeh, Nikola Kasabov, Molood Barati and Grace Y. Wang, Deep Learning of
Explainable EEG Patterns as Dynamic Spatiotemporal Clusters and Rules in a Brain-Inspired Spiking Neural Network,
Sensors, 2021
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TL as evolving time-space clusters and information exchange between them
- Clusters of highly connected neurons around input neurons- spatial feature space;
- A dynamic graph of spiking activity exchange across the feature clusters – temporal feature
space
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Evolving Spatio-Temporal Rule (STR) representation in BI-SNN –
“opening the Cube”
Time-Space Rules (TSR) represent ordered sequences of discrete events E={E1, E2,..., En} in
time/space:
Ei =(Fi, Si, Ti, Pi),
where: Ei is an event (action/cognition); Fi is a function (e.g. cognitive function if known for this area of
the brain); Si is the location in the Cube where the activity takes place; Ti is the time of the event; Pi is
probability of the event (e.g. how many neurons spiked).
Example:
IF (event E1: function F1, location around S1, time about T1, probability about P1)
AND (strength W1,2 between event E1 and event E2)
(event E2: function F2, location around S2, time about T2, probability about P2)
AND (strength W2,3,)
(event E3: function F3, location around S3, time about T3, probability about P3)
AND ...
. ...................
(event En : function Fn, location around Sn, time about Tn, probability about Pn)
THEN (A Task/Class is performed/recognized).

Such STR representation can be as deep as needed (e.g. from tens to millions of linked events
in time-space) depending on the granularity in space and time.
The rules evolve/change from new data and new tasks through TL.
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Evolving fuzzy STR extracted through unsupervised and
supervised learning the Cube and deSNN

Example of fuzzy STR representation in a trained SNN classifier
IF (area (Xi,Yi,Zi) in the Cube with a cluster radius Ri is activated at time about T1) AND
(area (Xj,Yj,Zj) with a cluster radius Rj is activated at time about T2) AND
(area (Xk,Yk,Zk) with a cluster radius Rk is activated at time about T3) AND
(no other areas of the SNNcube are activated)
THEN (The output class prototype is number 4 from class 1).
TL: When new tasks are introduced, their fuzzy STR utilize some patterns learned in the Cube from
previous tasks/classes.
nkasabov@aut.ac.nz

Different Templates Can be Used to Structure a BI-SNN
- General templates (e.g. Talairach, MNI, etc.)
- Personalised MRI structured BI-SNN and learning algorithms for personalized modelling, analysis, and
prediction of EEG signals, S Saeedinia, MJahed-Motlagh, ATafakhori & N Kasabov, Scientific Reports, 11,12064 (2021)
- Using encoded vs real value signals
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Improved TL through integration of time-, space- and direction in
personalised BI-SNN
A new learning rule is introduced: Orientation influenced STDP -

Method

Data

Temporal

BSA+oiSTDP+KNN

fMRI+DTI

yes

BSA+STDP+KNN

fMRI

Yes

BSA+KNN

fMRI

Sparse Autoencoder
[45]+KNN(E) [44]
PCA [44]+KNN(E) [44]

Multidimensional
Yes

Accuracy(%)

oiSTDP

Cohen’s κ

72.3±12.3

0.44±0.25

no

69.4±13.9

0.38±0.28

no

No

64.2±12.4

0.22±0.26

fMRI

No

no

56.1±7.2

0.01±0.11

fMRI

no

No

56.1±11.3

0.13±0.18

ICA [44]+KNN(E) [44]

fMRI

no

No

62.8±12.3

0.26±0.23

RBM [44]+KNN(E) [44]

fMRI

no

no

36.2±4.9

−0.23±0.11

LSTM [45]

fMRI

yes

no

45.7±9.6

−0.15±0.14

GRU [45]

fMRI

yes

no

45.2±7.5

−0.018±0.13

Sengupta, N., McNabb, C. B., Kasabov, N., & Russell, B. R. (2018). Integrating Space, Time, and Orientation in Spiking Neural
Networks: A Case Study on Multimodal Brain Data Modelling. IEEE Transactions on Neural Networks and Learning Systems,
29(11). doi:10.1109/TNNLS.2018.2796023
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5. TL and knowledge transfer between humans and
machines.
Spatio-temporal mapping and TL of EEG data
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Modelling transfer learning between humans through hyper-scanning
Example: Modelling brain synchronisation through finger following experiment and EEG measurement

- Left finger
movement of
Participant 1

--Right finger
follower of
Participant 2

Results and findings:
(1) The difference between brain connectivity and brain spiking activity measured as EEG between two
persons is smaller after a synchronisation/training, manifested mainly in the frontal and the parietal lobes
(The experiment was conducted by Zohreh and Maryam Doborjeh, M.Billinghurst, Amir)
(2) Can we use this approach to improve teaching and learning:
Mojgan Hafezi Fard, Krassie Petrova, Maryam Doborjeh, Nikola Kasabov, Using EEG Data and NeuCube for the Study of Transfer of
Learning, The 2020 IEEE Int. Conference on Computational Science and Computational Intelligence, (CSCI'20: December 16-18, 2020,
Las Vegas, USA), https://www.american-cse.org/csci2020/, Publisher: IEEE CPS - https://www.computer.org/conferences/cps.
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Extracting fuzzy STR from a trained NeuCube for the GAL task - single subject
STR: IF (event E1) AND (event E2 ) …THEN (Action)

IF(Ecue-onset : FcueS{cue-onset},
onset,
tcue-onset,
P>0.8)
AND(Emotor-planning :
Fmotor-planning,
Smotor-planning,
tmotor-planning, P>0.8)
AND(Emovement-onset : Fmovement-onset, Smovement-onset,tmovement-onset, P>0.8)
AND(Etouch-object : Ftouch-object, Stouch-object, ttouch-object, P>0.8)
AND(Ehold-object : Fhold-object, Shold-object, thold-object, P>0.9)
AND(Erelease-object : Frelease-object, Srelease-object,trelease-object, P>0.8)
AND(Erest : Frest, Srest, trest, P>0.8)
THEN(Q = Qgrasp-and-lift).

where Si = {Posterior Lobe, Temporal Lobe, Limbic Lobe, Frontal Lobe, Anterior Lobe,
Occipital Lobe, Midbrain, Parietal Lobe}

K.Kumarasinghe, N.Kasabov, D.Taylor, Deep Learning and Deep Knowledge Representation in Spiking Neural
Networks for Brain-Computer Interfaces, Neural Networks, vol.121 (2020),169-185, doi:
https://doi.org/10.1016/j.neunet.2019.08.029.
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TL of EEG data of 3 wrist movements by a single subject

(a)

(b)

(c)

(d)

(a) Connectivity of the SNN cube trained with first two tasks/classes – model M1;

(b) SNN after the third class data is learned incrementally as model M2;
(c) The shared connections between the two models;
(d) New connections in model M2 for classification of class 3 data (threshold 0.8).

N.Kasabov, Y.Tao, M.Doborjeh, E.Tu, J.Yang, Transfer Learning and Knowledge Representation of Time-Space Data
Using the NeuCube Brain-Inspired Spiking Neural Network Architecture (paper under review).
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TL of multiple tasks by multiple subjects
N.Kasabov, Y.Tao, M.Doborjeh, E.Tu, J.Yang, Transfer Learning and Knowledge Representation of Time-Space
Data Using the NeuCube Brain-Inspired Spiking Neural Network Architecture (paper under review).

Multiple subjects – multiple tasks

Single subject- 4 tasks/classes
nkasabov@aut.ac.nz

BI-SNN for BI-BCI in robot control and neurorehabilitation
(with Prof. Zeng-Guang Hou, CASIA, Beijing China)

http://www.nzherald.co.nz

https://www.kedri.aut.ac.nz

FaNeuRobot: A Brain-Like Motor Controlling Framework for Prosthetic Control using
Automata Theory, Cognitive Computing & NeuCube Evolving Spiking Neural Network
Architecture
K. Kumarasinghe, M. Owen, N. Kasabov, D. Taylor, Chi Kit Au, Proc. IEEE Robotics Conference, Sydney, May
2018.
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TL for Affective Computing on multimodal data
Wael Alzhrani, Maryam Doborjeh, Zohreh Doborjeh and Nikola Kasabov, Emotion Recognition and
Understanding Using EEG Data in a Brain-Inspired Spiking Neural Network Architecture. Proc. IJCNN 2021.
C.Tan, M.Sarlija, N.Kasabov, NeuroSense: Short-Term Emotion Recognition and Understanding Based on
Spiking Neural Network Modelling of Spatio-Temporal EEG Patterns, Neurocomputing, 2021.

C. Tan; G. Ceballos; N. Kasabov; N. Samaniyam, FusionSense: Emotion Classification using Feature Fusion of
Multimodal Data and Deep learning in a Brain-inspired Spiking Neural Network, Sensors, MDPI, Sept. 2020
nkasabov@aut.ac.nz

TL in humans and machines through neuro-feedback
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TL and knowledge representation from cognitive fMRI data

Only three snapshots of learning of 8-second fMRI data in a NeuCube model when a subject is reading a negative sentence
(time is in seconds) (the left 3 figures); Internal structural pattern represented as spatio-temporal connectivity in the SNN
model trained with 8-second fMRI data stream; a functional pattern represented as a sequence of spiking activity of clusters
of spiking neurons in a trained NeuCube model (the right most figure).
STK representation extracted from a trained SNN model related to modelling fMRI data when a person is reading a
negative sentence
IF
E1: Vision, in the Spatial Visual Processing area, at time T1,
AND E2: Decision making function, in the Decision making and working memory, at time T2,
AND E3: Logical and Emotional Attention function, in the Attentional brain area, at time T3
AND E4: Emotional functions, in the Emotional brain area, at time T4
AND E5: Emotional memory formation function, in the Memory brain area, at time T5
AND E6: Perception function, Perception brain area, at time T6.
THEN (a person is reading a negative sentence)

With more fMRI data added related to new tasks/classes, new rules are extracted that make use of
previously learned patterns.
nkasabov@aut.ac.nz

TL of multimodal brain data in a BI-SNN

Spatial
information

TL of simultaneously collected EEG and fMRI data is an open problem:
- different time scales (msec of EEG vs sec for fMRI)
- different spatial resolution (cortical vs whole brain)
What about adding gene expressions (expressed in a time scale of minutes)?
nkasabov@aut.ac.nz

6. SNN Implementations
Flexible software/hardware implementations of
SNN, that can use different platforms:
-

von

Neumann architectures, using bit
information
representation(forst
ABC
machine by Atanassov and Berry)

-

Neuromorphic architectures, using spikes
(bits at times).

-

Quantum computers, using q-bits (bits in a
superposition).

-

Hybrid implementation

N. Sengupta et al, (2018), From von Neumann architecture and Atanasoffs ABC to Neuromorphic Computation and Kasabov’s NeuCube:
Principles and Implementations, Chapter 1 in: Advances in Computational intelligence, Jotzov et al (eds) Springer 2018.

nkasabov@aut.ac.nz

Implementation of SNN on neuromorphic hardware systems
Carver Mead (1989): A hardware model of an IF neuron:
The Axon-Hillock circuit;
INI Zurich SNN chips (Giacomo Indiveri)
FPGA SNN realisations (McGinnity, Ulster and NTU);
The IBM True North (D.Modha et al, 2016): 1mln neurons
and 1 billion of synapses.
Silicon retina (the DVS) (ETH, Zurich, Toby Delbruck))
The Stanford U. NeuroGrid (Kwabena Boahen et al)
China (CAS, Beijing, Shanghai, Shenzhen)
High speed, very low power consumption, massive
parallelism, fault tollerance.

nkasabov@aut.ac.nz

SpiNNaker machines

Furber, S., To Build a Brain,
IEEE Spectrum, vol.49,
Number 8, 39-41, 2012.

•

SpiNNaker board
(864 ARM cores)

HBP platform
– 1M cores
– 11 cabinets (including server)

•

Launch 30 March 2016
–
–
–

SpiNNaker chip
(18 ARM cores)

then 500k cores
112 remote users
6,103 SpiNNaker jobs run

SpiNNaker racks
(1M ARM cores)
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Neurotechnology and Self-Repair SNN Hardware
Intelligent Systems Research Centre, Ulster University, UK
SPANNER: A Self-Repairing Spiking Neural Network Hardware Architecture, J. Liu, J Harkin, LP Maguire, LJ McDaid, J Wade
Bio-inspired fault detection circuits based on synapse and spiking neuron models, JLiu, YHuang, YLuo, JHarkin, LMcDaid

90+ academic,
post-doc, PhD
researchers

Astro-Neuron Network
Many synapses to one Astrocyte

Neuro-transmitter (Glutamate) is released across the
cleft and binds to the receptors of the postsynaptic
terminal.

Self-repair in Astrocyte-Neuron
Networks

PR
After depolarization of postsynaptic neuron, a type of
+
endocannabinoid (2-AG) is synthesized and released
PR+

PR=0

from dendrite. 2-AG feeds back to the pre-synaptic
terminal in two ways:

Indirectly
2-AG binds to CB1Rs of
the astrocyte cell.

A computational study of astrocytic glutamate influence on
post-synaptic neuronal excitability, Bronac Flanagan, LJ
McDaid, John Wade, KongFatt Wong-Lin, Jim Harkin

Autonomous Learning Paradigm for Spiking Neural
Networks, Junxiu Liu, Liam McDaid, Jim Harkin, Shvan
Haji Karim, Anju P. Johnson, David M. Halliday, Andy
Tyrrell, Jon Timmis, Alan G. Millard, James Hilder
AstroByte: A multi-FPGA Architecture for Accelerated Simulations of Fault-tolerant Spiking Astrocyte-Neuron
Networks, Shvan Haji Karim, Jim Harkin, Liam McDaid, Bryan Gardiner, Junxiu Liu
J.

Wade, L. McDaid, J. Harkin, et. al, “Self-Repair in a Bidirectionally Coupled Astrocyte-Neuron (AN) System based
on Retrograde Signalling,” Frontiers in Computational Neuroscience, 6(76), pp. 1–12, 2012.
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Naeem M, McDaid L, Harkin J, Wade J, Marsland J, “On The Role of Astroglial Syncytia in Self-Repairing Spiking Neural
Networks”, IEEE Transactions Neural Networks & Learning Systems, 2015.

Quantum (or quantum inspired) computation for SNN
Quantum information principles: superposition; entanglement, interference, parallelism
(M.Planck, A.Einstein, Niels Bohr, W.Heisenberg, E. Rutherford)
• Quantum bits (qu-bits)
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•
•



2

+ 

2

=1

Quantum vectors (qu-vectors)
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• Quantum-inspired SNN: Both spikes and features are represented as q-bits.
• Quantum inspired algorithms for the optimisation of SNN (Defoin-Platel, Schliebs, Kasabov)
Applications:
– Specific algorithms with polynomial time complexity for NP-complete problems (e.g.
factorising large numbers, Shor, 1997; cryptography)
– Search algorithms ( Grover, 1996), O(N1/2) vs O(N) complexity)
– Quantum associative memories
S. Schliebs, M.Defoin-Platel, N.Kasabov, On The Probabilistic Optimization Of Spiking Neural Networks, Int. J. of Neural Systems, Vol.
20, No. 6 (2010) 481–500, World Scientific Publisher.
N. Kasabov, H.N.A. Hamed, Quantum-inspired Particle Swarm Optimisation for Integrated Feature and Parameter Optimisation of Evolving
Spiking Neural Networks. International Journal of Artificial Intelligence, Volume 7, Number A11, Page 114-124, 2011. ISSN: 0974-0635,
2011

nkasabov@aut.ac.nz

Flexible software implementations of NeuCube
The NeuCube development environment for SNN system design

nkasabov@aut.ac.nz

www.kedri.aut.ac.nz/neucube/

Current and future NeuCube Implementations
Current implemnations:

Open
source
Hardware-specific versions:

Future developments:
- Qi-NeuCube
- NeuCube chip

www.kedri.aut.ac.nz/neucube/

www.neucube.io

Cloud

NeuCube and DVS on mobile platforms - fast TL for moving object recognition
- Autonomous vehicles
- Surveillance systems
- Cybersecurity
- Military applications

nkasabov@aut.ac.nz

www.kedri.aut.ac.nz/neucube/

Moving object recognition using retinotopic mapping and TL in NeuCube and
DVS spike encoding

30000 moving digits in 8 fonts
and sizes

NeuCube with 4262 neurons from V1 and V2

L.Paulin, A.Abbott, N.Kasabov, A retinotopic spiking neural network system for accurate recognition of
moving objects using NeuCube and dynamic vision sensors, Frontiers of Comp. Neuroscience, 2018.
nkasabov@aut.ac.nz

www.kedri.aut.ac.nz
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NeuCube Users and the KEDRI group

nkasabov@aut.ac.nz

7. Discussions and further directions
Advantages of BI-SNN:
1. Time is in a BI-SNN model and the model “lives” in Time.
2. Self-organised, evolvable structure (no fixed number of
layers/neurons, etc.)
3. Event based (asynchronous), fast, incremental, potentially “lifelong” learning.
4. Temporal (spatio-temporal) associations learned.
5. Interpretability, e.g. rule representation and evolution
6. Flexible software/hardware implementations
7. Neuromorphic hardware – low computational power,
fault tolerance

Problems and limitations of BI-SNN
•
•
•
•

Sensitive to parameter values
Large number of parameters to be optimised
No rigid theory yet.
Does TL help or interferes with learning new knowledge?

N.Kasabov, Time-Space, Spiking Neural Networks and Brain-Inspired
Artificial Intelligence, Springer (2019)
nkasabov@aut.ac.nz

“ Времето е в нас и
ние сме във
времето“
“Time lives inside
us and we live inside
Time.’
Vasil
LevskiApostola
(18371873)
Bulgarian
educator
and
revolutionary

Future BI-SNN: Integration of principles from NI, BI and CI
New BI-SNN
methods that
integrate
multimodal
principles and
information

NI

BI
CI,
Mathematics,
Physics,
Chemistry,
Engineering

•

Quantum

•

Molecular - neurogenetic

•

Single neuron

•

Neuronal clusters

•

Cognitive

•

Symbolic

•

Higher level processing

•

Consciousness

Ethical problems:

https://www.mindthegap.ai
nkasabov@aut.ac.nz

nk.kasabov@ulster.ac.uk

New Data
Technologies
Transparent AI

•

Real time
event
prediction
systems

•

Embedded
systems

•

Mental health
evaluation
systems

•

Neurological
prosthetics

•

Environmental
prognostic
studies

Thank you!

nkasabov@aut.ac.nz

nk.kasabov@ulster.ac.uk

