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In�reinforcement�learning�(RL),�agents�learn�to�act�by�trial�and�error,�gradually

improving�their�performance�at�the�task�as�learning�progresses.

In�many�realistic�domains,�however,�it�may�be�unacceptable�to�give�an�agent

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

In�domains�like�this,�safe�exploration�for�RL�agents�is�important
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To�deal�with�these�problem,�Constrained�Markov�Decision�Process�(CMDP)�is�used.
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S:�상태�집합�(State�Space)

A:�행동�집합�(Action�Space)

P(s′∣s,a):�상태�전이�확률�(Transition�Probability)

R(s,a,s′):�보상�함수�(Reward�Function)

μ:�초기�상태�분포�(Initial�State�Distribution)

C:�제약�비용�함수들�(Constraint�Cost�Functions)

d:�제약�상한�값들�(Constraint�Limits)

π:�정책

τ:�경로�(trajectory)

γ:�할인�인자�(Discount�Factor)

Purpose�of�MDP:�보상�최대화 Purpose�of�CMDP:�보상�최대화�및�제약�조건�만족



Although�optimal�policies�for�finite�CMDPs�with�known�models�can�be�obtained�by

linear�programming,�methods�for�high-dimensional�control�are�lacking.

Therefore,�This�paper�shows�the�method�that�solve�CMDP�for�high-dimensional

problem.

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

two�policies�π�and�π′.
Guarantees�reward�increase�and�constraint�satisfaction.
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TRPO로부터�영감을�받아,�Surrogate�함수로써�CPO를�표현함
TRPO의�정책�업데이트�함수:�KL-divergence�제한을�통해�새로운�정책이�기존�정책에서�크게�변하지�않도록�제약을�둠

CPO의�정책�업데이트�함수:�TRPO의�신뢰�영역�최적화�방법을�제약�조건이�있는�상황(CMDP)에서�적용한�방법

Method


