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Multiple-Play Multi-Armed Bandits
m K arms: each associated with a reward random variable Xj with mean p.
B ASSUMe g > -+ > un > - > K-
mFort=1,...,T:
m Pulls N arms among € {1,2,...,K}.
m Collects reward X ; from N pulled arms.

m Denote action a; € Nf: if arm k is pulled then ax ; = 1; or otherwise ax ; = 0.
meg,a=(01,1,0,...)
m S A =N

m Goal: maximize total reward; or minimize the regret

E[Reg(T)] = —

Y S~~~
Optimal Algorithm’s
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EDGE COMPUTING

~

Shareable Finte-Capacity Arm S

m Each arm has two unknowns: (a) Edge Computing [2]
m “per-load” reward mean ux and integer reward capacity my.

(b) Wireless Network [1]
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Shareable Finte-Capacity Arm

m Each arm has two unknowns:
m “per-load” reward mean ux and integer reward capacity my.

m If ax; plays pull the arm k with my capcity, then the reward from this arm

: ax Xt ake<m ik
Rkj — m|n{ak7t7 mk}XkJ — k7t k,t? k,t ~ k ; 3/Lk
My Xk t, @kt > Mk =
3
m X is the “per-load” reward random variable. B Al |
]
£
©
Pk |- R
=

# plays a

3/6



Shareable Finte-Capacity Arm

m Each arm has two unknowns:
m “per-load” reward mean ux and integer reward capacity my.

m If ax; plays pull the arm k with my capcity, then the reward from this arm

. a1 X) ag;<m ki
Rkj — mln{akyh mk}XkJ — k7t k,t? k,t ~ k ; 3/Lk
My Xk t, @kt > Mk =
8
m X is the “per-load” reward random variable. B Al |
m Optimal allocation: E
Pk |- B
=
a <m1, co,mi_1,N— Z mk, ...,O) . 2 5 4 s

# plays a
where L := min {n D e My > N}., the smallest number of top arms
covering N plays. 3/6



Learn Reward Capacity my
m Sample Complexity Minimax Lower Bound (Gaussian): for any estimator m;

_ ofmE log (1/49)

=
2
Mk

Explorations can have any number of plays pulling the same arm.

4/6



Learn Reward Capacity my
m Sample Complexity Minimax Lower Bound (Gaussian): for any estimator m;
S o2m2 log (1/40)

=
2
Mk

Explorations can have any number of plays pulling the same arm.
‘full-load” Dyt mypuk

“per-load” fix ¢ (N [k )

m Individual exploration (IE, ax : < myx) = “per-load” reward empirical mean ik ;

m United exploration (UE, ax; > my) = “full-load” reward empirical mean o ;

m Estimator: m; =
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m Individual exploration (IE, ax : < myx) = “per-load” reward empirical mean ik ;

m United exploration (UE, ax; > my) = “full-load” reward empirical mean o ;

m Estimator: m; =

m Estimator’s Sample Complexity Upper Bound: 7 ; IEs and vk UEs

49m2 log(2/0)

Tk,ty Lkt < >
Hk

4/6



Regret Minimization for MP-MAB with Shareable Arms

m Regret Lower Bound

liminf ——> %2
mlgo log T

1 212 22
E[Reg Z A[_k ZAk’LU my AL7L+1U my

+ .
K(ukop) = (my — my+1)242

k=L+1 1

TV
estimate reward mean estimate reward capacity
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Regret Minimization for MP-MAB with Shareable Arms

m Regret Lower Bound

1
lim inf —L€9L )] E[Reg Z A[_k Z Ak7L02mi n AL7L+102mE
2 _ 2,2
T—oo  log T Pyt ) =k (mp—mg+1)2p
estimate reward mean estimate rev‘v;rd capacity

B OrchExplore Algorithm: Parsimonious IEs + UEs

m Regret Upper Bound

K L1
imsup SReON] g Brk 4wy 49w mf
Tooo  logT o MG ) = (m, — i, + 122
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Simulations
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(a) orchExplore vs. Others

(b) Price of learning my

(c) Implicitly learn my
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Thank you!

Full paper at arXiv:2206.08776
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http://arxiv.org/abs/2206.08776
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