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Task 2
Continuous and discrete systems: models and verification

I Mathematical modelling of Cyber-physical systems or biological
systems involves different classes of mathematical models going
from finite state automata to differential equations which may also
involve distributed computations.
I The coupling of these classes of models requires a great care.
I All these elements make the application of formal methods
challenging (for verification or controller synthesis)
2.2 Systems and interconnections
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Figure 2.2 – A network of 3 components with I = {1, 2, 3} and a connectivity relation
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Fig. 1: Di↵erent flavors of Boolean networks reprogramming.
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Figure 3: Block diagram of a neural feedback control system.
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Cooperation with DataSense for learning-based systems to improve
explicability, verification, specification

