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Full course DLU, 2023, Lecture Content
Advanced Artificial Intelligence Technologies and Applications

1. Al and the evolution of its principles. Evolving processes in Time and Space (Chl, 3-19)

2. From Data and Information to Knowledge. Fuzzy logic. (Ch1,19-33 + extra reading)

3. Atrtificial neural networks - fundamentals. (Ch2, 39-48). Computational modelling with NN. Tutl: NeuCom.

4. Deep neural networks (Ch.2, 48-50 + extra reading).

5. Evolving connectionist systems (ECOS) (Ch2, 52-78). Tutorial 2: ECOS in NeuCom.

6. Deep learning and deep knowledge representation in the human brain (Ch3) | m”:”::}m—- Ny

7. Spiking neural networks (Ch4). Evolving spiking neural networks (Chb) - T

8. Brain-inspired SNN. NeuCube. (Ch.6). Tutorial 3: NeuCube software (I1A) | ;:r:qzks;):ce Sp'iking' 7

9. From von Neuman Machines to Neuromorphic Platforms (Ch20 , 22) Neural Networks and
Brain-Inspired Artificial

10. Other neurocomputers: Transformers. Intelligence

11. Evolutionary and quantum inspired computation (Ch.7)

12. Al applications for brain data: EEG, fMRI (Ch.8-11)

13. Brain-computer interfaces (BCI) (Ch.14)

14. Al applications for audio-visual information (Ch.12,13). Al for language modelling.

15. Al in bioinformatics and neuroinformatics (Ch15,16, 17,18)

16. Al in finance and economics (Ch19)

17. Al applications for multisensory environmental data (Ch19). Revision of the course.

Course book: N.Kasabov, Time-Space, Spiking Neural Networks and Brain-Inspired Artificial Intelligence Springer, 2019,
https://www.springer.com/gp/book/9783662577134

Additional materials: https://www.knowledgeengineering.ai/china

ZOOM link for all lectures: https://usO5web.zoom.us/j/46587306627?pwd=eFNOeHRCN304K0FaZ0lgQmN1UUgydz09
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Chapter 19. Deep learning of multisensory streaming data

KasabovN., Feigin,V., Hou, Z. -G., Chen,Y., Liang, L., Krishnamurthi,R., ParmarP. (2014). Evolving spiking neuralnetworksfor
personalisednodelling, classificationand predictionof spatictemporalpatternswith a casestudy on stroke Neurocomputing,134,
269279 doi:

Three snapshotof a NeuCubemodel during training on temporalclimate and air pollution dataof 9
variables,measurean eachof 20 daysbeforea strokeeventhappenedo patientsfrom a selectedyrour
(the left 3 figures) The evolved connectivity in the 3D SNN model after training i spatictempora
structuralpatternsof connectionsarelearnedn the 3D dimensionalityof the model A dynamicfunctiona
patternlearnedn thefunctionalspaceof climatevariablechangegthe right mostfigure).
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A spatio-temporal rule extracted from a trained SNNcube on climate data relate to a high risk of stroke
for a group of individuals
IF SO2 changes around time T1) AND (Wind Speed changes around time T2)

AND  (TempMin changes around time T3) AND (Pressure changes around time T4)

AND  (AvTemp changes around time T5) AND (Humidity changes around time T6)

AND  (NO2 changes around time T7) AND (O3 changes around time T8) AND (Solar eruption around T9)
THEN (High risk of stroke for the individual X and the group she/he belongs to)
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http://dx.doi.org/10.1016/j.neucom.2013.09.049

Personalised prediction of risk for stroke days ahead

(N.Kasabov, M. Othman, V.Feigin, R.Krishnamurti, Z Hou et al - Neurocomputing 2014)

METHODS SYM MLP KNN WKNN | NEUCUBET
I day 35 30 40 50 95
earlier (%) | (70,40) | (50.10) | (50.30) | (70,30) | (90,100)

6 days 50 23 40 40 70
earlier (%) | (70.30) | (20.30) | (60.20) | (60,20) | (70,70) | |
11 days 50 25 45 45 70
earlier (%) | (50.50) | (30,20) | (60,30) | (60,30) | (70,70)
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A SNN predict stroke much earlier
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Multisensory Predictive Modelling of Time Series Data

Example: Predicting establishment of harmful species based on temporal
climate data streams

Phase VI: Verification and Validation
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Predicting extreme weather conditions using satellite image data
(AUT/KEDRI + Met Services N2Z)
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Figure 3. Overview of the implementation pathway to transform satellite imagery into end-user tools.
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