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Very Large MDPs

: OCG
Example from ML: Atari games N S’fg:g\ép e
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States: all possible screen images (+ <t 55 128 colors210x 160 irels) = 5-,?/\4\
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Actions:  joystick movement, button
Reward:  winning game points

@ reinforcement learning instead ot model checking
using deep neural network as tunction approximators

— get good strategy, but lose all optimality guarantees
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Q-Learning
Large MDP given implicitly, e.g. via interface

— init() — initial state

— acts(s) — actions of state s

— sample(s,a) — randomly select successor s’ and get reward r
— term(s) — is s a goal or S, state?

but not

—distr(s,a)  — get tull distribution info for action a
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Q-Learning

Model checking algorithms:
maintain vectors x[s] or x;[s]

Q-learning:
maintain function Q:S X A - R

with Q(s, a) indicating the "quality" of action a tfrom s
— i.e. an approx. of the goal probability or expected reward
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updating the Q-function with
the newly found rewards as you go

" do simulation runs up to goal or S, state,



Q-Learnin Joxt
g EC@G} C1+f2‘\“\r—$* '-»—Hmi

Algorithm for one episode (simulo’rion run): chuourleds Gry(Gylir )
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2. with probability €, select unitormly random a from actS(S)
with probability 1 — €, select a := arg maxg/cqe5(5) @ (S, @),
3.1,s' = sample(s, a) | Q*P“"JN‘MM
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Q-Learning

Q-learning algorithm:
1. Pertorm n learning episodes iy
2. Return maxgeqces(s,) Q(S1, a) as approx. for Rpyax (¢ G)

and Spax = { s P arg MaXgeqcts(s) @ (S, a) } as optimal scheduler
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But when to stop?



SMC vs. PMC vs. Learning

Statistical
Model Checking

Probabilistic
Model Checking

Reintforcement
Learning (via
Q-learning)

Memory usage
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Deep Learning

Neural networks
are tfunction approximators.
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store Q-function

output layer
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in (deep) neural network input layer |
hidden layer 1 hidden layer 2
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+ fixed memory usage independent of MDP size
— no more lim,,_,,, convergence, 5
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learning behaviour very unpredictable



SMC for MDPs OTHes: P@ 6)=2
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What about SMC tor MDPs? § nondeterminism: must

— LSS: lightweight scheduler sampling optimise, not estimate

‘- Pertorm SMC tor M randomly - ldentity scheduler by
® chosen schedulers, return max/min € single integer o
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\ﬁ‘? W“é::; hep-bouded rofe)
a = (H(o.s) mod |acts(s)|)-th element of acts(s)
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+ O(1) memory usage like original SMC —0
— distance tfrom best scheduler found to optimal scheduler unknown
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