Gradient-Bandit Algorithms

* Let H:(a) be a learned preference for taking action a
. et
Pridi=a} = SOy eHe(d) = m(a)

Note that this allows us to work with unnormalized preferences and turn
them into probabilities!

Same idea as using potentials in graphical models
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Derivation of gradient-bandit algorithm

In exact gradient ascent:

OF [Ri]

Ht-l—l(a) = Ht(a) + 8Ht(a) y (1)

where:

E[R:] = Z m¢(b)q«(b),
b

OE[R:] O
OH:(a)  OH:(a)

where X; does not depend on b, because ) _, gzzgsg = 0.
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where here we have chosen X; = R; and substituted R; for g.(A;),
which is permitted because E[R;:|At] = g.(A¢).

For now assume: g:,igsg = 7¢(b)(1a=p — me(a)). Then:
=E|[(R: — Rt)ﬂ't(At)(la:At — m¢(a)) /me(Ar)]
=E[(R: — Re) (1aza, — me(a))] -

Hep1(a) = He(a) + (Re — Re) (1a—p, — me(a)), (from (1), QED)



Thus it remains only to show that

0 m(b)
OH:(a)

= 7¢(b) (]-a:b — ﬂt(a)).

Recall the standard quotient rule for derivatives:

%, [f(x)] _ Adg(x) — f(x) 5
Ox | g(x) |

Using this, we can write...



8f(><) ag(x)
Quotient Rule: 88 [f(x)] _ g(x) — f(X)
X

g(x) g(x)?
aﬂ't(b) )
9H:(a) ~ oHe(a) "t P
9 oHe(b)
8Ht(a) Sk eti(e)
HeHt(b) c (b) O eHt(c)
8Ht(a) Zc 1 th( ) — e’ (5) Z Ht(a)

- 5 (Q.R.)
(Zlc(:l th(C))

B la:ber(a) Zlc(:l oHi(c) _ gHi(b) gHe(a) o -

— 9er _
(Zlc(:l th(C))2

He (b) eHe(b) gHe(2)

la:be

Sk eth(a) (Zlé:l th(c))2
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= 7¢(b) (La=p — m(a)). (Q.E.D.)




Softmax (Boltzmann) Exploration

* Let H:(a) be a learned preference for taking action a
. et
Pridi=a} = SOy eHe(d) = m(a)

Consider H/(a) = Q(a)/T
This is Boltzmann or softmax exploration!
If the temperature T is very large (towards infinity) - same as uniform

If temperature T goes to 0, same as greedy
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