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MOTIVATION SETTING PRELIMINARIES

Linear Bandits (LBs, Abbasi-Yadkori et al., 2011): Generalized Kernelized Bandits (GKBs, ours): CANONICAL EXPONENTIAL FAMILY
expected reward linear in an unknown d-dimen- | | unknown function f* in RKHS with known kernel

: . : : : . L yf(x) —m(f(x))
sional parameter vector 0™: k + apply a known inverse link function p: p(y|x; f) = exp B
g(7

Ely:|xe; 0%] = f*(x¢) = (x¢,0%) Elys|x¢;0%] = pn(f*(x¢)), f5(x) = {5 k(x,-))
m is 3 times differentiable and convex

Generalized Linear Bandits (GLBs, Filippi et al., G KB == G LB — KB TR CIISRRER: /1 = 5

2010): apply a known inverse link function yu: E[y|x: f] = u(f(x)), Var[y|x; f] = - J; <};))
.
Ely|xi:0*] = u(f*(x1)) = u((x2,6%)) :
v Different noise models (exponential family) GLB RKHS AND INFORMATION GAIN
X Finite-dimensional d < o0 only pn((x¢, 0)) Kernel k induces a countable-dimensional
g feature mapping ¢ s.t. f(x) = {a, ¢(x))
. . 00
Kernelized Bandits (KBs, Chowdhury and Go- i€ Rog : Weighted kernel and feature:

palan, 2017): unknown function f* in reproducing = N
kernel Hilbert space (RKHS) with known kernel &: o(x; f) = A/ o(T) "L f(x)) (%)

x,: 0% = *(x, *(x) = (£* k(x. - GKB  pu(f*(x¢t)) -
Pl 07) = xS0 = (R Q= jieRag x5 ) = 8(7) VA GOR e, X T G0)

X Subgaussian noise model only 1 N
v Infinite-dimensional d = o0 e Weighted info gain: 5 log det( AT Ky (X; f))

+ h(y, T))

K:(\: f) = AL+ (k(xi,x5: ). .
ASSUMPTIONS t(Asf) (< J f))z,ye[[t—l]]

Weigh ' tor:
ASSUMPTIONS ON RKHS ASSUMPTIONS ON THE REWARD * Weighted covariance operator

t—1
07 (- _ Py AN T

f* belongs to RKHS H with known kernel k: | Reward y; sampled as y; ~ p(:|x; f): Vilds f) = Z O(xs; f)o(xs: f) + AL

e Asm 3.1 (Bounded norm): || /*| < B e Asm 3.3 (Bounded noise): |¢;| == |y; — pu(f*(x))| < R 5=l

e Asm 3.2 (Bounded kernel): sup k(x,x) < K | ® Asm 3.4 (Self-concordance, Russac et al., 2021): det()\_l‘/;()\; f)) _ det()\_th()\; f))

EX i(f(x))] < Refn(f(z))

SELF-NORMALIZED BERNSTEIN-LIKE DIMENSION-FREE CONCENTRATION INEQUALITY

We need a concentration bound: Self-normalized . . Properties .
o . Concentrations Condition  Dim-free =~ Empirical =~ Heterosc. = Technique
* Bernstein-like: handle effectively the
heteroskedasticity of the noise ¢; Eggi et ?}-CﬁOOS) L (2011) Eoeggmg ‘)/‘ ; ; Ereec(lime}\r/l[
e Di ion-f : d d di- asl- Yadkori et al. oeffding seudo-Max
Dimension-free; no dependence on di- oy o o Copatan (017) | Hociicns v ; X Daeudo-Mox
: y Faury et al. (2020) Bernstein X v v Pseudo-Max
nite) N . Zhou et al. (2021) Bernstein X X X Freedman
* Empirical: dependence on the weighted  Zjemann (2025) Bernstein X v/ X PAC-Bayes
covariance operator V;(}; /) (is random) 5 work Bernstein v v v Freedman

2(p+1)2 3RK log ™ (p+1)°
| 30

Vi=1: HStHf/’t—l()\) < Bi(0; f) = (\/73 log det(A—1V;(\)) + \/§) \/Iog “ w.p.1—9

t—1 N t—1 27274 1\3 2 2
where: S, — Z €5 (Xs), Vi(A) = ;0§¢(X3)¢(XS)T + M, p = max {0, [log (SR K )(\t 1) log (1 4 K}\R ))W}

s=1

ALGORITHM: GKB-UCB

ALGORITHM REGRET ANALYSIS
For every round t € [T7]: If > Q(K?), wp.1—68: R(GKB-UCB,T) = Z ((f*(x*) — p(f*(xy))) <
1. Maximum Likelihood Estimate: te[T]
t—1
A . o Ysf(xs) Fm(f(xs)) Ao - 1 1 T
freammmin 6= 2 gy Rl 0 ((1 + R.BK) (ﬁB (M) log by 4 B 1og ) V(P
2. Optimistic Decision Selection: (f;,x;) € fjgtg( ;)ni}ecx pu(f(x)) Maximal weighted information gains: Complexity index:
t—1 1 ~
where: g;(f):= Z ’u(f(xs»gb(xs) + A Y¢(f) =  max 5 log det( A K (\; f)) o 1
a9 et C A (x)
Ci(6) = {feH N9e(F) = 96 (F)[pm1 o py < VAB + (1) 7' By (5; f)} Tt(H) = sup ()
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