Lecture 9: Towards Policy Iteration & Value Iteration

Instructor: Raunak Bhattacharyya




Recap

e IPE

e Model-free PE
e IS and Incremental

e Return to DP



Plan

e Value function recursive definition & policy improvement

e Using the optimal value function

e Greedyfication & policy iteration



Value Function Recursion
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Policy Improvement

Let 7 and 7’ be any pair of deterministic policies such that, for all s € 8,

G (8,7 (5)) = vr(s)

Then the policy #’ must be as good as, or better than, 7.

U (8) 2 vr(8)

5 Section 4.2, Sutton & Barto
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Policy Improvement
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Optimal Value Functions

v«(s) = maxvg(s), forall s € 8.
T

gi(8yd) = max qr(s,a), for all s € 8§ and a € A(s)
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Example: Can Collecting Robot
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Example: Can Collecting Robot
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From Optimal Value Functions to Policies
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Greedy Policy: Policy Improvement

7 (8) = argmaxg.(s,a)
a
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Policy Iteration

E

Policy Iteration (using iterative policy evaluation) for estimating 7 =~ 7,

1. Initialization
V(s) € R and 7(s) € A(s) arbitrarily for all s € 8; V (terminal) =0

2. Policy Evaluation
Loop:
A+0
Loop for each s € 8:
v+ V(s)
V(s) < 2o p(s's7]5,7(s)) [r - ’)V(S,)]
A+ max(A, v —V(s)])
until A < # (a small positive number determining the accuracy of estimation)

3. Policy Improvement
policy-stable < true
For each s € §:
old-action < m(s)
m(s) + argmax, . . p(s', s, a) [r++V(s)]
It old-action # w(s), then policy-stable + false
It policy-stable, then stop and return V = v, and 7w = m,; else go to 2

Section 4.3, Sutton & Barto
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Demo: Policy Iteration

GridWorld: Dynamic Programming Demo
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ReinforceJS, Andrej Karpathy
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Example: Jack’s Car Rental
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Example: Jack’s Car Rental
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Bellman Optimality Equations
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Value lteration

Value Iteration, for estimating m =~ w,

Algorithm parameter: a small threshold 6 > 0 determining accuracy of estimation
Initialize V (s), for all s € 8T, arbitrarily except that V (terminal) = 0

Loop:

| A«0

| Loop for each s € 8:

| v+ Vi(s)

| V(s) +~maxg ), .p(s',7|s,a) [I’ +V(s")]

| A +— max(A, v —V(s)|)

until A < 6

Output a deterministic policy, ™ = m,. such that
m(s) = argmax, Y . . p(s',r|s.a)[r + V()]

18 Section 4.4, Sutton & Barto
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