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MovielLens 25M dataset

25 million ratings for 62, 000 movies rated by 162, 000 users
Each movie tagged with one or more genres
20 such genres — bandit arms
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*Maxwell and Konstan. The movielens datasets: History and
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MovielLens 25M dataset

25 million ratings for 62,000 movies rated by 162, 000 users
Each movie tagged with one or more genres
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1; computed as average rating of genre ¢
¢; ~ Unif |0, 1] cost of sampling i
“Maxwell and Konstan. The movielens datasets: History and

context. Acm transactions on interactive intelligent systems
(tiis) (2015)
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Core Contributions and Conclusion

e \ariants of MAB-CS

e Cost and quality regret minimization algorithms
o PE
o PE-CS

e Experimental Validation of PE and PE-CS
e Analysis of PE and PE-CS

e Instance specific lower bounds
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Extra Materials



Applications

Mention 3 applications including LLM Routing, Network Hardware allocation, and
recommendation systems
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Algorithm 1: Pairwise Elimination (PE) for a known reference arm ¢

Inputs: Bandit Instance v, Horizon 7', Reference Arm ¢, Subsidy Factor « .
Initialize: Samples n; = 0, Empirical Means i = 0, Current Rounds wy = 0,
Vk € [K]U{/¢}, PE Episode i = 1, Time t = 1.
while ¢ < T do
if i ¢ {None, (} then
ki,w,i <+ PE(n, fi,w,T,i, 0, a) // receive arm to be sampled,
updated round numbers, and updated episode number

else

B ki < ki_1 // sample winning arm for remaining budget
| A(t+1),n(t+ 1),t < sample_and_update(k, fi(t), n(t),t) // in Appendix
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N B W N =

S o R

12
13

Function 1: Pairwise Elimination Function PE()

Function PE( n: Sample Vector, fi: Empirical Means, w: Round Numbers, T': Horizon,
i Episode, (: Reference Arm, o: Subsidy Factor ):
A 27%

2log(TA?)
CE T

for k € {i,/} do
\\ if n;, < 7 then

; A 2
5 log(2TA )
T

if (1— ) (fie +B) < fu; — 3 then

elseif i, + 8 < (1 — «) (fie — ) then

unchanged, Update episode to that of next candidate arm

else

Lreturn k,w,i // ki=k, round numbers w and ep. ¢ unchanged

Lreturn 1, w, None // Declare ¢ as winner, set episode to None

return: + 1, w,7+ 1 // Sample next candidate arm, Rounds w

w; < w; +1 // Increment round only for arm ¢ being evaluated
return 7, w, ¢ // Move to next round within same episode
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Algorithm 2: Pairwise Elimination for Cost Subsidy Problem (PE-CS).

Inputs: Bandit Instance v, Horizon T', Subsidy Factor c.
Initialize: Samples n; = 0, Empirical Means /i, = 0, Current Rounds wy = 0 V& € [K]|,
BAI Active Arms A = [K]|, Arm ¢ = None, PE Episode i = 1, Time ¢t = 1.
1 whilet < T do

2 | iflen(A) > 1 then
3 ki,w, A<« BAI(n, i, w, T, A) // receive arm to be sampled,
updated round numbers, and updated active arms

4 if len(A) = 1 then

5 ¢+ A[0] // set £ to be identified best arm

6 continue // ignore sample recommendation k;

7 else if ¢ ¢ {None, (} then

8 ki,w,i < PE(n, fi,w,T,i,{, ) // receive arm to be sampled,
| updated round numbers, and updated eplisode number

9 else

10 | ki < ki // sample winning arm for remaining budget

11 | pa(t+1),n(t+1),t < sample_and_update(ky, fi(t), n(t),t) // in Appendix B
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Theorem 3.2 (Instance dependent upper bound on cumulative cost and quality regret for PE). For
bandit instance v, over horizon T, the expected cumulative cost regret E [Cost_Reg (T, v)| and qual-
ity regret E [Quality_Reg (T, V)| of the PE algorithm are upper bounded respectively as,

*

32lag (TAG ;) r 18 N 43
1 + max 5 i Aée"‘ Z——Q— AL, + —— max AC ;
1<a* Vi 2P ? . N= . ? A a* @ W ’
2 1=1 Q »2 /
N~ b "~ .4
Contribution from arm £ under Contribution from arm £ under Contribution from episodes >a”™
nominal termination in PE episode a™ mis-termination in PE episode <a™  in case of mis-termination during ep a”
a1 32log (TAY ;) — 43 43 N
Z AQ,i i A ’ + Z & B A2 max A P
i=1 Q1 1 Q i . '
- N - N " N
Contribution from arms © < a™ under Contribution from arms © < a™ under Contribution from episodes >a”™
nominal termination in PE episode a™ mis-termination in PE episode <a™ in case of mis-termination during ep a*

235



Theorem 3.2 (Instance dependent upper bound on cumulative cost and quality regret for PE). For
bandit instance v, over horizon T, the expected cumulative cost regret E [Cost_Reg (T, v)| and qual-
ity regret E [Quality_Reg (T, V)| of the PE algorithm are upper bounded respectively as,

*

32lag (TAG ;) r 18 N 43
1 + max 5 i Aée"‘ Z——Q— AL, + —— max AC ;
1<a* Vi 2P ? . N= . ? A a* @ W ’
2 1=1 Q »2 /
N~ b "~ .4
Contribution from arm £ under Contribution from arm £ under Contribution from episodes >a”™
nominal termination in PE episode a™ mis-termination in PE episode <a™  in case of mis-termination during ep a”
a1 32log (TAY ;) — 43 43 N
Z AQ,i i A ’ + Z & B A2 max A P
i=1 Q1 1 Q i . '
- N - N " N
Contribution from arms © < a™ under Contribution from arms © < a™ under Contribution from episodes >a”™
nominal termination in PE episode a™ mis-termination in PE episode <a™ in case of mis-termination during ep a*

236



a*—1
et e 32log (T A?) Y 43 " 32 » 43
- max . -5
C.1* 2 C,1* Z 3, 2 2
A€A A — DG, AZ. AL
Contribution from 7 under nominal Contribution from 7™ under
termination in PE-stage episode a™ mis-termination in PE-stage episode <a™
32 log (TAz) 32 43
5 t -+
T E : AC,i 1< ) +  max AC,i 5+ 2
Ai i>a*, i€ K] Aa* A a*
i>a*,1€[K]\{i"} N .S
Contribution from high-cost arms Contribution from PE-stage episodes >a”
with a proper end to the BAI-stage in case of mis-termination during ep a
11 32
+
tmax Ag; | 25—+ E 55
: 5 2 2
16[1{] Amin ]-‘,éz* A]

B o
Contribution from improper
end to BAI stage

237



a®—1 2 a*—1
32log (TA ;) 43 + 32 43
E Agi+ A ’ + E B + max Ag; A2 A2
P Q2 i=1 @ tamEcli] | a* Q,a*
Contribution from 7 < a™ under nominal Contribution from Contribution from PE-stage episodes >a™
termination in PE-stage episode a ™ ¢ < a’ under in case of mis-termination during ep a™
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PE-stage episode <a™

2los (TA- 13 32

| Z . ’ A7 felE] ™\ AL Z <
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Consistent Policy

7 1s consistent if for all bandit instances
v, in instance class &, for all arms ¢ # a*,

2 [n:(T)] = o (T7) ¥y > 0




Reg (T, v, )

Instance v hardness

Specialized policy m

Consistent policy «

v agnostic L.B. (any )

v dependent L.B. (consistent )

*Derived from Fig. 16.1.
Bandit Algorithms.
Tor Lattimore and Csaba 240

QoyaAanacy/Ar



Theorem 3.1 (Lower bound for known reference arm setting). Under any consistent policy m the
expected number of samples of a low cost arm and of the reference arm { are lower bounded as,
Efn(T)] 2 Efne (1) _ 21— 0a)’

lim inf orarms i1 < a*, liminf ————= > max
T—oo logT — A%’ f ' T—ooo logT i<a* A2

Where T' denotes the problem horizon and the rewards of all K arms are Gaussian distributed with
variance o® = 1. Low cost is a term used relative to the cost of optimal arm a*.
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Theorem 3.3 (Lower bound for subsidized best reward setting).
Under any consistent policy 7, the expected number of samples of low cost
arms, high cost arms, and the best reward arm ¢* are lower bounded respec-
tively as,

| f———=—= > S xas f ——= > . e

P Cer T&L; N I er @ ot
E n;« (T 1 1 _

hTHi,io%f [I:)gf(l“ ) > 2(1 - 04)2 max {Aé—a’?é%x le[zfgtn Bg = (L— a)Amin]}‘

Where Ay = p* — max;z;= ju; is the smallest conventional gap, T' denotes the horizon and the
rewards of all K arms are Gaussian distributed with o* = 1.
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