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Recap & Today’s Outline

e Overestimation bias e Double Q-Learning

e Double estimator e Policy Gradient methods



Why Does it Work

Lemma 1. Let X = {X,..., Xy} be a set of random variables and let u* = {u, ..., uy;} and
puB = {uB, ... . uB} be two sets of unbiased estimators such that E{u{} = E{uP} = E{X,},

foralli. Let M e {j| E{X,;} = max; E{X;}} be the set of elements that maximize the expected

values. Let a* be an element that maximizes p*: 2 = max; ps*. Then E{uf.} = E{X,} <
max; B{X;}. Furthermore, the inequality is strict if and only if P(a* ¢ M) > 0.

Proof. Assume a* € M. Then E{u2.} = E{X .} ' max; E{X;}. Now assume a* ¢ M and

choose j € M. Then E{uZ.} = F{X,-} < E{X;} ' max; E{X;}. These two possibilities are

mutually exclusive, so the combined expectation can be expressed as
E{ub} = P(a* € M)E{u5.|a* € M} + P(a* ¢ M)E{u5.|a* ¢ M}
= P(a* € M)max E{X;} + P(a* ¢ M)E{u>.|a* ¢ M}
< P(a* € M)max F{X;} + P(a* ¢ M)max E{X,} = max F{X;} ,




Double Q-Learning

e Idea: Don’t use same Q estimator for action selection
and value estimation

[ How do we separate action selection and value estimation? }

e Use two estimators

Ql (Sta Af) — Ql (Sta At)_*_& {Rt—i—l +7Q2 (St+17 arginax Ql (SH—la GJ)) _Ql(stv At)]



Double Q-Learning

Algorithm parameters: step size a € (0,1], small ¢ > 0
Initialize Q1 (s, a) and Q2(s,a), for all s € 87, a € A(s), such that Q(terminal,-) = 0
Loop for each episode:
Initialize S
Loop for each step of episode:
Choose A from S using the policy e-greedy in Q1 + Q-
Take action A, observe R, S’
With 0.5 probabilility:

Q1(S. 4) « Qu(S, 4) +a (R +7Qs(S', argmax, Q1(S,a)) — Q1(S, 4))
else:
Qa(S, 4) « @a(S, 4) + o R+1Q1 (5", argmax,, Q>(5',0)) — Qa(S, 4))

S =g
until S is terminal

[ How do we get two estimators in deep Q-Learning? }




Overestimation: Roulette Example

Expected profit
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N—
320 I \[ e Polynomial decay
GO « = = = o g sm s | P T IT
1 5 x 10% 10° 5 x 10* 10°
Number of trials Number of trials

— Q
-+ = Double Q

6 Double Q-Learning, van Hasselt, NeurlPS 2010



Towards Double DQN

Theorem 1. Consider a state s in which all the true optimal
action values are equal at Q. (s, a) = V,(s) for some V. (s).
Let Q¢ be arbitrary value estimates that are on the whole un-
biased in the sense that Y, (Q:(s,a) — Vi(s)) = 0, but that
are not all correct, such that ==Y (Qq(s,a)—Vi(s))? = C
for some C' > 0, where m > 2 is the number of actions in s.

Under these conditions, max, Q:(s,a) > V,.(s) + ,/%.

This lower bound is tight. Under the same conditions, the
lower bound on the absolute error of the Double Q-learning
estimate is zero. (Proof in appendix.)

Even if value estimates are on avg correct, estimation errors of any
source can drive the estimates up and away from true optimal values

7 Deep RL with Double Q-Learning, van Hasselt et. al., AAAl 2016



Impact of Double Estimator
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Overestimation: ALE
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Impact on Performance

Value estimates
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Atari: DQN vs. Double DQN

SCOr€pormalized =

SCOICagent — SCOTCrandom
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Video Pinball
Atlantis

Demon Attack
Breakout
Assault

Double Dunk
Robotank
Gopher

Boxing

Star Gunner
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Krull
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Policy Gradients
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Examples
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http://www.youtube.com/watch?v=GlwgeUmhWIM
https://www.google.com/url?sa=i&url=https%3A%2F%2Fstock.adobe.com%2Fsearch%3Fk%3Dgroup%2Btyping&psig=AOvVaw1mofIYASLPzpbozVofEfcQ&ust=1719549120332000&source=images&cd=vfe&opi=89978449&ved=0CBUQ3YkBahcKEwiwrvLn-fqGAxUAAAAAHQAAAAAQBA
https://www.youtube.com/watch?v=GlwgeUmhWIM
http://www.youtube.com/watch?v=KJ15iGGJFvQ
https://www.google.com/url?sa=i&url=https%3A%2F%2Fstock.adobe.com%2Fsearch%3Fk%3Dgroup%2Btyping&psig=AOvVaw1mofIYASLPzpbozVofEfcQ&ust=1719549120332000&source=images&cd=vfe&opi=89978449&ved=0CBUQ3YkBahcKEwiwrvLn-fqGAxUAAAAAHQAAAAAQBA
https://www.youtube.com/watch?v=KJ15iGGJFvQ
http://www.youtube.com/watch?v=Tg0Dyu3iQek
https://www.google.com/url?sa=i&url=https%3A%2F%2Fstock.adobe.com%2Fsearch%3Fk%3Dgroup%2Btyping&psig=AOvVaw1mofIYASLPzpbozVofEfcQ&ust=1719549120332000&source=images&cd=vfe&opi=89978449&ved=0CBUQ3YkBahcKEwiwrvLn-fqGAxUAAAAAHQAAAAAQBA
https://www.youtube.com/watch?v=Tg0Dyu3iQek
http://www.youtube.com/watch?v=jymFj7bNsKg
https://www.google.com/url?sa=i&url=https%3A%2F%2Fstock.adobe.com%2Fsearch%3Fk%3Dgroup%2Btyping&psig=AOvVaw1mofIYASLPzpbozVofEfcQ&ust=1719549120332000&source=images&cd=vfe&opi=89978449&ved=0CBUQ3YkBahcKEwiwrvLn-fqGAxUAAAAAHQAAAAAQBA
https://www.youtube.com/shorts/jymFj7bNsKg
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Summary & Announcements

Summary

©)

Double Q-learning and
double DQN

Policy gradient motivation
Policy gradient theorem
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Announcements
o Assignment 2
m Demo straw poll
o Paper presentation (10% weight)
m [o be held week of Nov 4 and/or
Nov 11
e Only for those crediting
List of (suggested) papers
Paper selection deadline this
Saturday, 26 Oct, 11.55 pm
m If no selection, randomly assigned



