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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 varying-cost and uniform-cost settings that PBGI exhibits strong
performance on the Pest Control and Lunar Lander problems. On the Robot Pushing problem, LogEI
variants perform strongest, with PBGI-D performing second-strongest and matching or outperforming
all other baselines. See Figure 14 for an alternative visualization using mean and standard error.

potential mismatch between the objective and the prior in terms of degree of multimodality, as this
can be counteracted in part by its decay behavior, particularly compared to PBGI.

4.3 Empirical objectives

Finally, we benchmark PBGI policies on three empirical global optimization problems motivated
by applied challenges: Pest Control where d = 25 [31], Lunar Lander where d = 12 [15], and
Robot Pushing where d = 14 [42]. 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 handle 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 log-Gaussian process: details on
this unknown-cost PBGI variant, including its analytic form, are given in Appendix B.4.

From Figure 6, we see that the PBGI matches or outperforms baselines on Pest Control and Lunar
Lander, in both the varying-cost and uniform-cost settings. On the other hand, PBGI performs poorly
on Robot Pushing, where instead LogEI variants perform best and PBGI-D performs second-best;
the non-myopic BMSEI baseline also performs poorly. This mirrors behavior previously seen on
the Rosenbrock function, from which we suspect that a mismatch between prior and objective
multimodality may be at play here as well. Note also that unlike in the Bayesian regret experiments,
UCB’s performance is far from strongest. This may be in part because we tune UCB using the
schedule of Srinivas et al. [39], which is derived specifically for Bayesian regret, and may be
less-ideal for other settings. In comparison, PBGI-D works reasonably well on five of the six cases.

5 Conclusion

In this paper, we introduced a new acquisition function class for cost-aware Bayesian optimization,
the Pandora’s Box Gittins index, based on an unexplored connection between Bayesian optimization
and the Pandora’s Box problem from economics. We observed promising performance from two
variants of this acquisition function class on both cost-aware problems which are the focus of this
work, and, additionally, on classical uniform-cost problems. Performance gains tended to be largest
on higher-dimensional and multi-modal problems. Our work constitutes a first step toward integrating
ideas from Gittins index theory, including insights from generalizations of Pandora’s Box, and related
areas such as queueing theory, into Bayesian optimization.
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the Rosenbrock function, from which we suspect that a mismatch between prior and objective
multimodality may be at play here as well. Note also that unlike in the Bayesian regret experiments,
UCB’s performance is far from strongest. This may be in part because we tune UCB using the
schedule of Srinivas et al. [39], which is derived specifically for Bayesian regret, and may be
less-ideal for other settings. In comparison, PBGI-D works reasonably well on five of the six cases.
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Finally, we benchmark PBGI policies on three empirical global optimization problems motivated
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Robot Pushing where d = 14 [42]. 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 handle this challenge and illustrate how our acquisition
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this unknown-cost PBGI variant, including its analytic form, are given in Appendix B.4.
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the Rosenbrock function, from which we suspect that a mismatch between prior and objective
multimodality may be at play here as well. Note also that unlike in the Bayesian regret experiments,
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variants perform strongest, with PBGI-D performing second-strongest and matching or outperforming
all other baselines. See Figure 14 for an alternative visualization using mean and standard error.

potential mismatch between the objective and the prior in terms of degree of multimodality, as this
can be counteracted in part by its decay behavior, particularly compared to PBGI.

4.3 Empirical objectives

Finally, we benchmark PBGI policies on three empirical global optimization problems motivated
by applied challenges: Pest Control where d = 25 [31], Lunar Lander where d = 12 [15], and
Robot Pushing where d = 14 [42]. 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 handle 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 log-Gaussian process: details on
this unknown-cost PBGI variant, including its analytic form, are given in Appendix B.4.

From Figure 6, we see that the PBGI matches or outperforms baselines on Pest Control and Lunar
Lander, in both the varying-cost and uniform-cost settings. On the other hand, PBGI performs poorly
on Robot Pushing, where instead LogEI variants perform best and PBGI-D performs second-best;
the non-myopic BMSEI baseline also performs poorly. This mirrors behavior previously seen on
the Rosenbrock function, from which we suspect that a mismatch between prior and objective
multimodality may be at play here as well. Note also that unlike in the Bayesian regret experiments,
UCB’s performance is far from strongest. This may be in part because we tune UCB using the
schedule of Srinivas et al. [39], which is derived specifically for Bayesian regret, and may be
less-ideal for other settings. In comparison, PBGI-D works reasonably well on five of the six cases.

5 Conclusion

In this paper, we introduced a new acquisition function class for cost-aware Bayesian optimization,
the Pandora’s Box Gittins index, based on an unexplored connection between Bayesian optimization
and the Pandora’s Box problem from economics. We observed promising performance from two
variants of this acquisition function class on both cost-aware problems which are the focus of this
work, and, additionally, on classical uniform-cost problems. Performance gains tended to be largest
on higher-dimensional and multi-modal problems. Our work constitutes a first step toward integrating
ideas from Gittins index theory, including insights from generalizations of Pandora’s Box, and related
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Step 1: rate each box separately Step 2: act on box of best rating

c2:Y2 c3:Y3 cn:Ync1:Y1 …

Optimal policy: Gittins

11

c:Y
Gittins index: 

G(c:Y)

G(c1:Y1) G(c2:Y2) G(c3:Y3) G(cn:Yn)…

:r G(:r) = r Gittins policy: if box of 
max Gittins index is… 
• closed: open it 
• open: select it

higher is 
better

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

act on it
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open c:Y
r larger small

select :r

c:Y
Gittins index: 

G(c:Y) :r G(:r) = r

G(c:Y)
indifference point

Key question: which is 
better as a function of r?
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:r

G(c:Y)

???

The Gittins index of ??? 
is the value of r such that 
we’re indifferent between 
“act on ???” and “select :r”

G(???)

evaluate stochastic 
options by calibrating 
to deterministic options
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Definition: G(c:Y) is solution r to 

EI(Y, r) = c
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Decision process: 
• Advance one Markov chain every step 
• Get reward based on its current state 
• Stop when one Markov chain terminates

Goal: maximize E[total reward]

Optimal policy: advance Markov chain 
whose state has greatest Gittins index
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:r

evaluate stochastic 
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to deterministic optionss

G(s)
The Gittins index of state s 
is the value of r such that 
we’re indifferent between 
“act on s” and “get r now”
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Goal: minimize probability 
of very long response time

Tail scheduling

P[T > t]

Goal: minimize average 
response time (or # jobs)

Mean scheduling

E[T]

classic Gittins application 
[Sevcik 1971; von Olivier, 1972; 

Klimov, 1975; Gittins, 1979]
Gittins seems 
inapplicable…
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T = response time

SRPT: minimizes E[T]Serve short jobs 
before long jobsMinimize E[T]?

shortest remaining 
processing time

M/G arrivals: 
• arrival rate λ 
• size distribution Z

age known, 
size unknown

… using ages and 
size distribution Z
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Job scheduling as MCS

27

Decision process: 
• Advance one Markov chain every step 
• Get reward based on its current state 
• Stop when one Markov chain terminates

Goal: maximize E[total reward]

Job scheduling:
• All transitions incur reward −1
• Terminal state = “job complete”
• Minimizing E[time to first completion]

Want to minimize, for all k, 
E[time to kth completion]
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Markov chain represents 
information model
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Markov chain represents 
information model

transition probabilities = info about jobs in general
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suboptimality bound 
for G/G arrivals 

[Hong & Scully, 2023]
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many—see [Grosof, 2023]

suboptimality bound 
for G/G arrivals 

[Hong & Scully, 2023]
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Goal: minimize probability 
of very long response time

Tail scheduling

P[T > t]

Moment generating function fact:
<latexit sha1_base64="qH9BU46OWCJT2lGeKUz4oc00Klg="></latexit>

P[T > t]→ Ce↑ω t (t ↓↔)
↗

E[e(1↑ϵ)ω T ]→ C
ϵ

(ϵ↓ 0)

“discounting” 
with 𝜸 > 1

On completion, job pays cost 1, 
which inflates during time T
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• Multiple actions within each process, 
i.e. MDP selection (a.k.a. bandit superprocesses)

• “Restless” process state changes occurring 
even when not actively advanced

• Model inference, or another path to 
a data-driven version of Gittins

e.g. Pandora’s box 
with optional inspection 

more generally, 
weakly coupled MDPs
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Gittins from empirical job size data

37

Shefali Ramakrishna

Amit Harlev

Gittins index estimated from 50 samples

Discrete sizes: empirical works 
[Ramakrishna et al., 2024]

Continuous sizes: empirical still works 
[Ramakrishna et al., in submission]
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… we serve k jobs at once?

… jobs arrive over time (arbitrary)

… jobs arrive over time (Poisson)

… Poisson arrivals affected by job in service?

… different jobs have different holding costs?

… holding costs change over time (arbitrary)?

… holding costs change over time (convex)?

… holding costs change during service?

restless bandit

branching bandit

… and with discounted 
costs/rewards

or inflated!
exponential
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always opening it
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E[Y]

c:Y :rvs.

Choices are hard if they depend on context

48

select :r

E[cost(r)]

G(c:Y)

open c:Y

H(c:Y)
r

grab c:Y

Optimal open vs. grab choice 
depends on “context” r

Laura Doval

Randomize open vs. grab for robustness to all r 
[Scully & Doval, 2024; Chawla et al., 2026]


