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The Algorithm

@ Play all arms once to initialize bang-per-buck ratios for each arm
@ While B not exhausted, select K arms with K largest Ui ;

Theorem (Upper Bound on R 4(B) for Algorithm UCB-MB)

For the definition of confidence bounds
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Cmin — /(K + 1) log t/nj ;

Ui = ﬁ; a4

Algorithm UCB-MB achieves expected regret R 4(B) = O(NK* log B).

Proof Idea

o Step 1: Upper bound the number of times a non-optimal selection of arms is made
up to a fixed stopping time 7.4(B):

# suboptimal choices = O(NK? log T4(B))

@ Step 2: Relate algorithm UCB-MB and B to stopping time 7.4(B)
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Proof Idea
e Modify existing proof techniques’:
o Step 1: Assume fixed time horizon T = max(7.4(B), 7.4+ (B))
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Remarks
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7T. Uchiya, A. Nakamura, and M. Kudo. “Algorithms for Adversarial Bandit Problems with Multiple Plays". In: International Conference on
Algorithmic Learning Theory (2010), pp. 375-389; P. Auer et al. “The Nonstochastic Multi-Armed Bandit Problem”. In: SIAM Journal on Computing 32
(2002), pp. 48-77.
8T, Uchiya, A. Nakamura, and M. Kudo. “Algorithms for Adversarial Bandit Problems with Multiple Plays". In: International Conference on
Algorithmic Learning Theory (2010), pp. 375-389.
9p. Auer, N. Cesa-Bianchi, and P. Fischer. “Finite-Time Analysis of the Multiarmed Bandit Problem”. In: Machine Learning 47 (2002), pp. 235-256.
11/22



Adversarial MAB with Multiple Play and Budget Constraints [EERCWEIT I CRCH I I A

Lower Bound on the Regret

Theorem (Lower Bound on R 4(B) for Algorithm Exp3.M.B)

The weak regret of Algorithm Ezp3.M.B is at least

. (P —K/N)? [NB B(1-— K/N)
R 2 min <8\/W 77 f 5

This bound is of order Q((1 — K/N)?*\/NB/K).




Adversarial MAB with Multiple Play and Budget Constraints [EERCWEIT I CRCH I I A

Lower Bound on the Regret

Theorem (Lower Bound on R 4(B) for Algorithm Exp3.M.B)

The weak regret of Algorithm Ezp3.M.B is at least

. (P —K/N)? [NB B(1-— K/N)
R 2 min <8\/W 77 f 5

This bound is of order Q((1 — K/N)?*\/NB/K).

Proof Idea

@ Step 1: Derive auxiliary lemma. Select K out of N arms at random to be “good”
arms with ri(t) ~ Bern(1/2 + ¢); ¢i(t) = min Ww.p. 1/2+ ¢, ci(t) =1 w.p. 1/2 —¢



Adversarial MAB with Multiple Play and Budget Constraints [EERCWEIT I CRCH I I A

Lower Bound on the Regret
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—3/2

E.- [f(r, )] < Eu[f(r,c)] + BC’“T‘"\/—EU[NB*] log(1 — 4¢2),
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@ Step 2: Notice there exist (ﬁ) unique combinations of K tuples.

o Let C([N], K) denote the set of all such subsets'®

o Let E.[] denote the expected value w.r.t. uniform assignment of “good” arms.

10, Uchiya, A. Nakamura, and M. Kudo. “Algorithms for Adversarial Bandit Problems with Multiple Plays".

Algorithmic Learning Theory (2010), pp. 375-389.

In: International Conference on
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Proof Idea (cont’d.)
@ Step 2: Notice there exist (ﬁ) unique combinations of K tuples.

o Let C([N], K) denote the set of all such subsets'®
o Let E.[] denote the expected value w.r.t. uniform assignment of “good” arms.
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1 1
E.[Gal = 7+ Ear[Gal = S KE[TA(B)] + > Ea[Nae].
K) €C([N],K) ( ) a* €C([N],K)
10T Uchiya, A. Nakamura, and M. Kudo. “Algorithms for Adversarial Bandit Problems with Multiple Plays". In: International Conference on

Algorithmic Learning Theory (2010), pp. 375-389.
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Lower Bound on the Regret (cont'd.)

Proof Idea (cont’d.)
@ Step 2: Notice there exist (ﬁ) unique combinations of K tuples.

o Let C([N], K) denote the set of all such subsets'®
o Let E.[] denote the expected value w.r.t. uniform assignment of “good” arms.

E.[Gone] = (g +a) KE.[r4(B),]

B [64] = 5 KEae [rA(B)] + o [Nov],

1 1
EdGal= = Y. Ex[Ga]l= S KE[ra(B) + —5v
(k) a* C([N],K) ( ) o €C([N],K)

@ Step 3: Use previous lemma to bound E.[Gmax — GA]:

K 2eB /BK
E*[Gmax — GA] 2 €B (1 — N) — ? (4/3)

107 Uchiya, A. Nakamura, and M. Kudo. “Algorithms for Adversarial Bandit Problems with Multiple Plays™. In: International Conference on
Algorithmic Learning Theory (2010), pp. 375-389.

> Ear[Nae].
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Proof Idea (cont’d.)
@ Step 2: Notice there exist (ﬁ) unique combinations of K tuples.

o Let C([N], K) denote the set of all such subsets'®
o Let E.[] denote the expected value w.r.t. uniform assignment of “good” arms.

E.[Gone] = (g +a) KE.[r4(B),]

B [64] = 5 KEae [rA(B)] + o [Nov],

E.[Gu] = ﬁ S Erl6al = SKE (B + o WS Eeln
K a*EC([N],K) a* eC([N],K)

@ Step 3: Use previous lemma to bound E.[Gmax — GA]:

K 2eB /BK
E*[Gmax — GA] 2 €B (1 — N) — ? (4/3)

@ Step 4: Tune ¢ to optimize bound:

. 1 ci{f N
€ = min (4, m( K/N)UBK>

107 Uchiya, A. Nakamura, and M. Kudo. “Algorithms for Adversarial Bandit Problems with Multiple Plays™. In: International Conference on
Algorithmic Learning Theory (2010), pp. 375-389.




High Probability Bounds on the Regret
High Probability Bound on the Regret

Algorithm Exp3.P.M.B
o Modification of Algorithm Exp3.M.B:

N
>



High Probability Bounds on the Regret
High Probability Bound on the Regret
Algorithm Exp3.P.M.B

o Modification of Algorithm Exp3.M.B:
o Initialize parameter a = 2v/6+/(N — K)/(N — 1) log (NB/(Kcmind))-

N
>



High Probability Bounds on the Regret
High Probability Bound on the Regret

Algorithm Exp3.P.M.B
o Modification of Algorithm Exp3.M.B:
o Initialize parameter a = 2v/6+/(N — K)/(N — 1) log (NB/(Kcmind))-

o Initialize weights w; for i € [N] : w;(1) = exp (a'yKQ\/B/(NKcm;n)/:’)) .

N
>



Adversarial MAB with Multiple Play and Budget Constraints [RaTINcIes SN TV T SRR R e

High Probability Bound on the Regret

Algorithm Exp3.P.M.B
o Modification of Algorithm Exp3.M.B:
o Initialize parameter a = 2v/6+/(N — K)/(N — 1) log (NB/(Kcmind))-
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Theorem (High Probability Upper Bound on R 4(B) for Algorithm Exp3.P.M.B)
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