The probability that action a , in state s at time t will lead to state s' at time t+1 is

P a (s,s') = Pr(s t+1 = s' | s t = s, a t = a)
Each action a , from state s to state s' gives an immediate reward R a (s,s') 

Modeling uncertainty : Markov Decision Process MDP : 4-tuple (S, A, P a , R a )

Actions' result is uncertain : that is true in robotics ! Exploit a model of the environment/system dynamics :

The probability that action a , in state s at time t will lead to state s' at time t+1 is 

P a (s,s') = Pr(s t+1 = s' | s t = s, a t =

[

  Object identification (cell clustering) Prediction of motion (bayes. filtering) Occupancy grid : Probability of occupancy in each cell, P occ (x,y) 1 : occupied cell (black) 0.5 : unknown (gray) 0 : free cell (white) e.g. Frequency approach (counting) : P occ (x,y) = occ(x,y) / (empty(x,y) + occ(x,y)) compute one action (real time) Planning : compute a sequence of actions (eg. motion planning) Learning : compute a policy (state→action) + Cooperate/compete : add other agents in the decision Reacting vs. Planning vs. Learning Reacting : Bio-inspired behaviors, Connexionism Planning : STRIPS, PDDL, SAT, CSP, PRM .. Learning : Reinforcement L., (PO)MDP, RNN, DeepLearning + Cooperate/compete : add other agents in the decision Outline I. Decision making ? II. Classical architectures III. Learning based architectures IV. Decision in multi-robot systems V. Strategies for multi-robot exploration SenseBrooks 86] [Arkin 98]. Connecting sensors-motors, but deadlocks are possible ! in multi-robot systems V. Strategies for multi-robot exploration Learning architecture : non explicit knowledge repr. Neuronal networks, Reinforcement Learning, Markov Decision Process (MDP) .. of an action a in state s (s  S, a  A) Each time step t the agent selects an action a t , observes a reward r t , enters in new state s t+1 . Then Q(s,a) is updated : Converge to optimal policy that maximizes the expected cumulative reward (proof [Watkins, Dayan 92] ) Modeling uncertainty : Markov Decision Process MDP : 4-tuple (S, A, P a , R a ) Actions' result is uncertain : that is true in robotics ! Exploit a model of the environment/system dynamics :

  a) Each action a , from state s to state s' gives an immediate reward R a (s,s')  Problem : finding a policy  that maximizes a cumulative function of the random rewards → Reinforcement Learning a t =  (s t ) Modeling uncertainty : Markov Decision Process MDP : 4-tuple (S, A, P a , R a ) Actions' result is uncertain : that is true in robotics ! Exploit a model of the environment/system dynamics :The probability that action a , in state s at time t will lead to state s' at time t+1 is P a (s,s') = Pr(s t+1 = s' | s t = s, a t = a) Each action a , from state s to state s' gives an immediate reward R a (s,s')  Problem : finding a policy  that maximizes a cumulative function of the random rewards , Multi-Agent Systems, Addison Wesley, London, 1999Multi-Agent SystemsAutonomous agents that interact in a common environment in order to fulfill collective and/or individual objectives
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-Alternate [Tlig PhD, 2015] Local coordination at intersection

Cooperation between intersections

Decentralized (global) optimization → emergence of green waves parameters : temporal phases  i