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k-Armed Bandit
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notation

* A;: the action selected on time step t
* Ry: corresponding reward to A

* q.(a): q.(a) =E[R; | Ay = a]
* Q:(a): estimated value of action a attime t Q.(a) = q.(a)



Action-Value Methods

* the sample-average method

sum of rewards when a taken prior to ¢ Zf;} Ri-1a,—q

Q¢(a) =

number of times a taken prior to ¢ Zz;i 14,—¢

* What If the denominator Is zero?
* law of large numbers



Action-Value Methods (cont.)
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Action-Value Methods (cont.)
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Action-Value Methods (cont.)
¢ — greedy or greedy ?
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Incremental Implementation

® Normal method ® |ncremental Implementation
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Qn+1 = —ZRz'
t—1 n
_ TR, -14— i=1
Recall: Q:(a) = Z?’_i_lz e | n—1
2i=1 LAi=a = (Rn + ZR@?)
1=1
n—1
— %(Rn—l—(n—l)nilz‘%)
0 LR+ Ro+ -+ Ry | =
" n—1 ' = E(RnJr(”—l)Qn)
_ %(Rn—l—nQn—Qn)



Incremental Implementation (cont.)

NewEstimate < OldEstimate + StepSize [Target — OIdEstimate].

o |Target — OldEstima,te] : error



Tracking a Nonstationary Problem

NewkEstimate < OldEstimate + StepSize {Ta,rget — OldEstimate].
« exponential, recency-weighted average

Qn+1 =




conditions required to assure convergence

/ Zan(a) = 0 and Zai(a) < 0. \

the steps are large the steps become
enough to eventually small enough to
overcome any initial assure convergence
conditions
1
* ay(a) =~ an(a) =a

n



Optimistic Initial Values

* encouraging exploration (not a generally useful approach )
* a simple trick on stationary problems
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Upper-Confidence-Bound Action Selection

* ¢ — greedy method’s problem
 UCB Action Selection

: logt
A =
¢ arginax [Qt(a) +c N, (a)

|

* Disadvantage . nonstationary problems

 —




Upper-Confidence-Bound Action Selection (cont.)

15} UCB GC= 2 ) : r :
NW:WJ’ Mn,.wdhywjrmemm b Fpug o TV e
it e-greedy € =0.1
i,
Average | |
reward
05F
°ry
i 25 %0 70

Steps



Gradient Bandit Algorithms

* H;(a): numerical preference for each action a
* ;(a): the probability of taking action a at time t

th (a)

SF )

* Pr{A;=a} = mie(a)

o Hi;—|—1(At) = Ht(At) —+ Oﬂ(Rt — Rt) (1 — ﬂ't(At))
* Hiti1(a) = He(a) — oe(Rt — Rt)m(a), Va # Ay

e Hi(a)=0,Va



Gradient Bandit Algorithms (cont.)
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Gradient Bandit Algorithms (cont.)
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Gradient Bandit Algorithms (cont.)

8]E[Rt aﬂ-t(b)
9H,(a 27& )é)Ht(a)/Wt( )
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Gradient Bandit Algorithms (cont.)

Hii1(a) = Hy(a) + agijgﬂ

OE|Ry]

8Ht(a) — E[(Rt — Rt) (1a:At — ’nt(a)ﬂ .

Hyiy1(a) = He(a) + (Rt — Ry) (La=a, — me(a)), Va



Gradient Bandit Algorithms (cont.)
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Assoclative Search (Contextual Bandits)
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Assoclative Search/Contextual Bandits (cont.)

each action affects only the immediate reward

k-armed bandit problem

Assoclative search

each action affects only the immediate reward

full reinforcement learning problem

action affects next situation as well as the reward
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summary

* £ —greedy methods

* Upper-Confidence-Bound Action Selection
* Optimistic Initial Values

* Gradient Bandit Algorithms
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Thanks



