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lJ Introduction

-- SLBKB = —-= SLEKB
The Contextual Bandit Problem: Synthetic Data Generation: o — =80
A problem in sequential learning, wherein a bandit algorithm must select an arm, or Every round, contexts are generated for each arm froma 100
action, to obtain a reward with limited initial knowledge of its structure. In contextual Gaussian distribution: the mean is uniformly sampled from 00
bandits, the bandit algorithm is also presented with contexts for every arm that may the context space before the simulation. Additionally, before . .
influence the reward. The performance of bandit algorithmsis measured through the simulation, every arm is queried 10,000 to assign the < 5__ '
(cumulative) regret: the difference between the expected reward of the best arm with the best cumulative reward as the best constant- 3 b
constant-action algorithm and the selected bandit algorithm. action algorithm for the regret computation. ) = @
Sparsity and the SI-BO Algorithm: Experimental Conditions: w0 = =
In practical domains, the context vectors often lie in a high-dimensional ambient - Bandit Environments: linear, Branin (non-linear) R e = |
space, while the reward function often lies in a low-dimensional space. The SI-BO - Isotropic Kernels: RBF, Matern, Rational Quadratic ) .
bandit algorithm [1] capitalizes on this distinction by employing a two-phase 0 20 0 TS0 1000 1250 1500 1750 2000 0 20 M0 TS0 1000 1250 1500 1750 2000
framework: first identifying the underlying subspace first and then applyinga SI-BKB Behaves Similarly to SI-BO: Round € Round ¢
Bayesian bandit algorithm to the subspace. The erratic plateau of the subspace identification phase and
Bayesian Optimi the decay of the Bayesian optimization phase are clearly
identifiable. The average regret of the SI-BKB lies within 10 of SI-BKD Algorithm S1-BO Algorithm
Subspace the SI-BO algorithm. The consistency in behavior persists " :%— \P‘«B‘F:.;“n'.. =+
Identification | across bandit environments. W RO Kermel o i :;lcxr:*'::m\
Violation of No-Regret: % w0 E o
None of the simulated conditions exhibited a regret trend % E "
that approach zero regret. é » %
2 Ew
Research Sub-Questions: Regret Does Not Deteriorate under High Sparsity: ? 5
- How can the framework of SI-BO be extended to create a novel algorithm SI-BKB? In some cases, the regret in the final 100 rounds improves = P
- Does SI-BKB offer comparable empirical performance to SI-BO? under high sparsity. Kernels that are less suitable for the
- What trade-offs emerge between the initial subspace identification costand the estimation of infinitely smooth functions (Matern, RQ) show “ w
long-term optimization benefits? substantial improvement. - A - s b > - - p T T p
Sy (= ke 7 Spnity 0 A )

RBF Kernel at 88% Sparsity RBF Kernel at 92% Sparsity

4 ] Empirical Results

2 | Gaussian Processes |

UCB Algorithms: Y
select the arm with the largest o
overestimate of the reward, using
uncertainty.

Overestimate computation?

Use the posterior mean and variance of the
Bayesian predictive distribution using GP
regression [2].

ian Inference

Computational Inefficiency: instead of
using all past observations, select a subset
of “inducing points” (the BKB bandit
algorithm)[3]. B ]

QJ Theoretical Analysis (SI-BKB)

SI-BKB Upper Regret Bounds

are sub-exponential with respect to Brief Summary of Proof

i i i Durationof ~ Approx. Error  Regret bound of
the ambient dimension. Bounds are Subspace caual to T BKE on the
comparable to SI-BO. Learning learned subspace

RT<
Sub-exponential Bounds: \ I
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The BKB regret bound is on the true T T
subspace and, thus, does not Ok d* log?(1/8)) + V2 Rukn(T, g, #)
depend on the ambient dimension.

Misalignment Costs

are dominated by the regret bounds

of the BKB on the true reward

function on the horizon: Rexs = O(VT log T}

éJConclusion

1. The SI-BKB algorithm achieves comparable performance to SI-BO both
theoretically and empirically.

2. SI-BKB and SI-BO perform well even under high sparsity constraints
across all kernels.

Future Improvements:

- extending the subspace learning framework to other non-GP bandit
algorithms

- performing subspace learning and Bayesian optimization simultaneously.
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