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/ \ 1. We will select different tasks to evaluate the design control policies.
R _ . 2. The ADS testing approaches will be evaluated on various ADS.
Evolutionary computation (EC)
Cyber-physical systems (CPSs): 1. EC is inspired by models of natural
1. Integrate computation, networking, and physical processes genetics and evolutionary processes.
through constantly interacting with the physical environment, 2. EC is used widely in complex optimization
2. A typical CPS consists of physical, communication, computation, problems and for continuous optimization.
and control components. 3. Evolutionary algorithms include genetic
3. Computation component is the core of the whole system and algorithms, evolutionary programming,
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CPS design is challenging: Observation Reinforcement learning (RL) _
1. CPS is designed to automatically perform different tasks under r Un = O U _l S — 1. RL is concerned with learning optimal Safety Comfort Algorithm
dyna.mlc physmal envwor\ments, which s complex and uncertain.  Evdronment . agen S T polllaes throggh agents interacting with - Collision, Changing rate of Accuracy,
2. The increasing complexity ar\d uncertalnt.y of CPS often come up o= T T w0 8 unknown enwrgnments. | Time to _Cf)”'s'on' acceleration. Precision.
with unexpected and unpredictable behaviors of the systems. [ J °© 2 Qatput 2. RL has been widely used in problems that Collision Stability Recall,
3. Coordination among multiple agents in a CPS or different CPSs is I, it Layer | - 7l ‘4 require dynamiF adaption. | Probability, F1-score,
important for decision-making in complex tasks. Hidden Layers 3. Deep RL combines RL and deep learning,
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\_ Figure 1. CPS design challenges - Expected 1. CPS design approach thatcan 1. Novel multi-agent control 1. Novel testing strategies that can X ! .
Outputs take advantage of EC and RL. policies that can coordinate adapt to dynamic environments t% °‘|?"°
S 2. Novel hybrid algorithms that multiple agents for complex and generate test cases for CPSs. s | TH° ootate /' DRL solution:
Clojetyes b combine EC and RL. tasks. 2. Novel Test optimization approach. =) o= Deep Q-learning
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1. We proposal to utilize evolutionary computation (EC) and 3. ADS is usually composed of Gontrol Electrarics budeets [llg &S
reinforcement learning (RL) techniques to design novel control multiple components to coordinate & [0 W References
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