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Reinforcement Learning

Markov Decision Process (MDP):
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What does agent learn?
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Max vs Softmax: action selection strategy

max Q(s, a) TsoptQ(s, a)
a; a2 Az Q4 a1 a2 Az A4
e Greedy action-selection strategy! e More explorations
e Optimal actions are chosen. e Suboptimal actions can be chosen.

e No explorations. e Less exploitations
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Generalized Value Iteration

[Littman & Szepesvari, 1996]

Q*(s,a) = R(s,a) +v [, T(s'|s,a) max, Q*(s',a’)ds’
Q(s,a) = R(s,a) + [, T(s'|s,a) @ Q(s',)ds’

initialize Q,, repeat:

Qiy1(s,0) < R(s,a) +7 [, T(s']5,0) @ Qu(s',-)ds’
until convergence

convergence if: K® ;= sup |(’§‘§)@C(2(S’)') _@% Q/)(lf, )| <1
@,@’ S,°) — Sy )| oo

Bellman will be a v-contraction
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[Asadi & Littman, 2017]

@/ ® — max, @(s, a) \/
. ~
) = mean Q(s, ) J
| X) = median Q(s, ") \/
; and their convex combinations
~ S eBR(=9)Q(s, a)
boltzs Q(s,) = X
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MMy, —o0o(|1,2,3,4]) =4

mme—100(|1,2,3,4|) = 3.9861

mmy—10(|1, 2, 3,4]) = 3.8614

mmy—2(|1,2,3,4]) = 3.3794

mmg,—1([1,2,3,4]) = 3.0539
)= 2.5

mme—o(|1,2,3,4

lim mm,(x) = max(x)
wW—> 0O

lim mm,,(x) = mean(x)
w—0



Contraction Mapping
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Properties

Non-Expansion

Differentiable

Limits: goes to max, mean, min.
Policy to achieve the value can be extracted.

The maximum entropy such policy is Boltzmann (!), with some beta.
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GVI Planning Algorithm

Input: initial Q(s,a) Vs € SVa € Aand§ € Rt
repeat
diff < 0
for each s € S do
for each a € Ado

Qcopy — Q(Sa a’)
Q(s,a) + XyecsR(s,a,8")
+vP(s,a,8") X Q(% )
diff < max {diff, |Qopy — Q(s,a)|}
end for
end for

until diff < ¢
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Al'l Examp 1 e [Asadi & Littman, 2017]

r=+0.12

r=+0.12

Qri1(s,a) < R(s,a) +7 Y, T(s'|s,a) @ Qu(s',-)ds’ 0.66
p=0.

~

At+1 = éjt—l—l(s()? ) - Qt(s()? ) p=0.99

r=+0.03
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Deep Q-Learning with Mellowmax

[Kim, Asadi, Konidaris & Littman, 2019]

0 <+ 60+ a(R( , @) A(s’, 5 0) — @(s, a; 9))V9Q\(S,CL; 0)
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A Regularization Perspective

[Geist et al., 2019]

Q(s,a) = R(s,a) +~ [,, T(s'|s,a)mm,Q(s, -)ds’
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Conclusion

e Mellowmax provides an alternative to Boltzmann exploration or
epsilon greedy:

e Better convergence guarantees
¢ Rich value-dependent exploration.

e Useful smoothness behavior.
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