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Gittins policy: if box of 
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Theorem: [Weitzman, 1979] 
the Gittins policy is optimal

act on it
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Figure 4: Bayesian regret curves, shown using medians, as well as quartiles to indicate experiment
variability. We see in the cost-aware setting that both PBGI variants exhibit comparable performance
to baselines for d = 8, and decisively outperform baselines in d = 16 and d = 32. This behavior is
roughly-mirrored in the uniform-cost setting, with two notable distinctions: (a) UCB also exhibits
strong performance for d = 16 matching PBGI and PBGI-D, and (b) all methods perform comparably
to random search for d = 32 under uniform costs.

et al. [3], Section A into a one-dimensional Bayesian optimization problem with a non-stationary
prior, and observe that EIPC indeed has substantially worse performance than PBGI.

The PBGI acquisition functions depends on f | y1, .., yt through its mean and standard deviation
at each point. We plot this in Figure 3. This shows for large � that PBGI can resemble expected
improvement, whereas for small � it is nearly linear, similar to the upper confidence bound (UCB)
acquisition function whose dependence is exactly linear. For small �, one can thus view PBGI as
giving a way to automatically tune UCB’s confidence parameter in a careful way depending on c(x).

4 Experiments

We now empirically evaluate the Gittins-index-based acquisition function on cost-aware problems.
We also evaluate on the same problems with a spatially-constant cost function, a setting we term
uniform costs—this facilitates comparisons with classical, cost-unaware baselines. In both cases,
mirroring practical settings, we work with a deterministic, algorithm-independent evaluation budget.

We implement all methods in BoTorch [4] using Matérn Gaussian processes. To check whether our
results are sensitive to hyperparameter variations, all experiments were repeated with alternatives
given in Appendix C. Each experiment was repeated for 16 seeds to assess variability. Experimental
details are in Appendix C.

We evaluate both PBGI variants of Section 3.3, namely ↵
PBGI with � = 0.0001, and ↵

PBGI-D with
� = 0.5. To ensure that performance differences are not primarily due to tuning, we deliberately use
the same �-and-�-values on all problems, even though per-problem tuning could be advantageous.

For cost-aware problems, we compare with expected improvement per unit cost (EIPC) and budgeted

multi-step expected improvement (BMSEI), which was proposed by Astudillo et al. [3] and has
state-of-the-art cost-aware performance. To understand what happens if we simply ignore the cost
function, we also compare against ordinary (that is, uniform-cost) expected improvement (EIPC-U).
For uniform-cost (that is, cost-unaware) problems, we compare with expected improvement (EI),
Thompson sampling (TS), upper confidence bound (UCB) [33], knowledge gradient (KG) [13], and
multi-step expected improvement (MSEI) [21]. These were chosen because they are standard, and
because acquisition function optimization succeeds for them on our problems, reducing confounding.
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Figure 5: Synthetic benchmark regret curves, shown using medians, as well as quartiles to assess
variability. All objective functions are defined with dimension d = 16. We see in the cost-aware
setting that PBGI and PBGI-D perform strongest on the heavily-multimodal Ackley function, match-
ing the non-myopic BMSEI baseline. On the Levy function, PBGI-D instead matches, and for some
cost budgets outperforms, the EIPC baseline, significantly outperforming BMSEI. In contrast, on the
unimodal Rosenbrock function, PBGI and PBGI-D only perform best for small cost budgets, and
eventually end up matching BMSEI, and for large cost budgets, end up outperformed by EIPC, whose
myopic behavior takes advantage of unimodality. Uniform-cost results are similar: PBGI performs
well on Ackley and Levy, but is outperformed by most baselines and PBGI-D on Rosenbrock.

4.1 Bayesian regret

For our first experiment, we examine how well the proposed acquisition functions perform on random
functions sampled from the prior. To quantify the effect of problem difficulty, we vary the dimension
of the domain X = [0, 1]d, and consider d 2 {8, 16, 32}. Results, in terms of empirical regret curves
and their associated quartiles, are shown in Figure 4. Additional results for d = 4, which show both
PBGI variants and all baselines achieving similar performance, are in Appendix C.

Due to the space limit, we present only the results using smoothness ⌫ = 5/2 and length scale
 = 0.1 here. Experiments with other smoothness values and larger length scales are documented in
Appendix C.

In the low-dimensional case of d = 8, most uniform-cost and cost-aware approaches achieve similar
performance. Once we increase dimension to d = 16, we see bigger differences: here, both PBGI
variants achieve a modest improvement compared to expected improvement per unit cost. Strikingly,
both PBGI variants are also competitive in the uniform-cost setting—in spite of being designed for
cost-aware problems. This can be explained via the curse of dimensionality: as dimension increases,
the problem begins to look more like the uncorrelated Pandora’s Box problem where using Gittins
index is Bayesian-optimal. Eventually, however, the problem becomes too difficult for meaningful
progress to be made without substantial computational resources for optimizing acquisition functions,
as seen for the uniform-cost problem with d = 32, where no method outperforms random search.

4.2 Synthetic benchmarks

Next, we consider standard synthetic global optimization benchmark functions. To represent a variety
of geometric properties, we examine the Ackley, Levy, and Rosenbrock functions. A visualizaton of
the two-dimensional versions of these functions is given in Appendix A.

Figure 5 presents results for d = 16. Additional results for d = 4, 8 showing that PBGI and all
baselines perform similar, are in Appendix C. We see that the behavior of different acquisition
functions varies according to the the function. On the Ackley function, PBGI and PBGI-D outperform
most baselines, except for the non-myopic BMSEI policy in the cost-aware setting. In contrast, on
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Figure 6: Empirical benchmark regret curves, shown using medians, as well as quartiles to show
variability. We see in both the cost-aware and uniform-cost settings that PBGI exhibits stronger
performance on the Pest Control and Lunar Lander problems, while PBGI-D together with the EI
and EIPC baselines performly strongly on the Robot Pushing problem. Note that in the cost-aware
variant of Robot Pushing, the non-myopic BMSEI baseline performs poorly, potentially mirroring the
behavior previously seen on the unimodal Rosenbrock function in Figure 5.

the Levy function, the dynamic-� only outperforms the EIPC baseline on small-enough cost horizons,
and PBGI worse than PBGI-D the cost-aware setting: the same also holds for the BMSEI baseline,
indicating that using multi-step lookahead actually reduces performance here—we will return to this
momentarily in the context of the Rosenbrock function. We conclude that the constant-� variant can
in principle offer stronger performance than the dynamic-� variant, as long as � is not too-suboptimal,
while the dynamic-� variant is less-performant but more robust to hyperparameter choice.

We also examine performance on the unimodal, banana-shaped Rosenbrock-function. Here, both
expected improvement variants perform the strongest, matching the dynamic-� PBGI variant and
multi-step lookahead baselines, and outperforming the constant-� variant. This can intuitively be
explained by the one-step optimality of expected improvement, which better-exploits the unimodal
objective, while PBGI and multi-step-based acquisition functions are more conservative. We conclude
that the dynamic-� variant may be a better choice in settings where there is a potential mismatch
between the objective and the prior in terms of unimodality.

4.3 Empirical objectives

Finally, we benchmark PGBI policies on three empirical global optimization problems motivated by
applied challenges: Pest Control where d = 25 [27], Lunar Lander where d = 12 [12], and Robot

Pushing where d = 14 [35]. Detailed descriptions of these problems and associated cost functions
are in Appendix C. Note that, for Lunar Lander and Robot Pushing, the cost functions used are not
automatically-differentiable. To avoid this challenge and illustrate how our acquisition function can
be used when the cost function is unknown, we apply unknown-cost PBGI and baseline variants,
where the costs are modeled using a second independent Gaussian process for these objectives: the
analytical form of unknown-cost PBGI variant is given in Appendix B.3.

From Figure 6, we see that the PBGI outperforms baselines on Pest Control and Lunar Lander, in both
the cost-aware and uniform-cost settings. On the other hand, PBGI performs poorly on Robot Pushing,
where instead expected improvement and PBGI-D perform best, and the non-myopic BMSEI baseline
performs poorly. This mirrors behavior previously seen on the unimodal Rosenbrock function,
from which we suspect unimodality-like behavior may be at play here as well. Note also that the
performance gap between PBGI and UCB is substantially bigger here than on the Bayesian regret or
synthetic problems: this may be in part because we tune UCB using the schedule of Srinivas et al. [33],
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