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&)tation
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ﬂcroduction

e In reinforcement learning (RL), agents learn to act by trial and error, gradually
improving their performance at the task as learning progresses.
e In many realistic domains, however, it may be unacceptable to give an agent

complete freedom.
o e.g. industrial robot arm learning to assemble a new product in a factory

e In domains like this, safe exploration for RL agents is important
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ﬂcroduction

e To deal with these problem, Constrained Markov Decision Process (CMDP) is used.

MDP = (S, A, P, R, 1) CMDP — (S, A, P,R,u,C,d)
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S: AEH 218 (State Space)
o Al s 218t (Action Space)
e P(s” s,a): &Eff 20| =& (Transition Probability)

I 5+ (Reward Function) Adding constraint cost functions C;(s, a, s') and constraint limits d;
(Initial State Distribution)
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Purpose of CMDP: 24t 2|CHSF Q! Aok ZH OF=
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T 8= (trajectory) Incorporating constraints into optimization: J¢, () < d; t=0
¥ 0l IR} (Discount Factor)



ﬂcroduction

e Although optimal policies for finite CMDPs with known models can be obtained by
linear programming, methods for high-dimensional control are lacking.

e Therefore, This paper shows the method that solve CMDP for high-dimensional
problem.

e Proposed method provides bounds on the difference in rewards or costs between

two policiest and 1’ .
o Guarantees reward increase and constraint satisfaction.



Preliminaries

MDP F<:

« AnMDPis atuple:
(Sa A: R: P: p}}

« 5:Setof states

» A:Set of actions

« R:5x A xS — R:Reward function

« P(s'|s,a):S x A xS — [0,1]: Transition probability

« [u:Starting state distribution

Value Functions:

« On-policy Value Function:
VT(s) =E. ;[R(T) | s = s]
« On-policy Action-Value Function:
Q" (s,a) =E.x[R(T) | 50 = 8,a9 = a

« Advantage Function:

A" (s,a) = Q" (s,a) — V7"(s)

Stationary Policy:
« Apolicym: S — P(A) maps states to probability distributions over actions.
« m(a|s): Probability of selecting action a in state s.

« Goal: Find a policy 7 that maximizes the performance:

J(m) =Erxr [

1

’}"rt-R(St y Ot St+1)]

Discounted Future State Distribution:

« d"(s): Probability of visiting state s under policy 7:

T(s) = (1-9) Y7 P(si = s | )

iy v o] M thol- Kakade, Sham and Langford, John.
T J:QI 14 JD ll I Approximately Optimal Approximate

. ) .. ' Reinforcement Learning. Proceedings of
- Difference in performance between policies 7 and the 19th International Conference on
Machine Learning, pp. 267-274, 2002.
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J(@) = J(m) = 1— [A7(s,a)]
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« Where:

« a ~ T:Action sampled from policy 7’ in state s.



Method
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