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In 1979, Weitzman introduced Pandora’s box problem as a framework for sequential search with
costly inspections. Recently, there has been a surge of interest in Pandora’s box problem, partic-

ularly among researchers working at the intersection of economics and computation. This survey

provides an overview of the recent literature on Pandora’s box problem, including its latest ex-
tensions and applications in areas such as market design, decision theory, and machine learning.

1. INTRODUCTION: THE CANONICAL PANDORA’S BOX PROBLEM

In many economic situations, search problems involve multiple options with un-
known rewards. Gathering more information can reduce uncertainty about an op-
tion’s reward but at a cost. The goal is to obtain a high-quality reward while min-
imizing the cost. For example, a company seeking to hire job candidates may need
to conduct expensive onsite interviews to better assess candidate quality. Similarly,
a student choosing between multiple university offers might need to visit campuses
to gain a clearer understanding of their preferences for each institution.
The foundational model of optimal search, known as Pandora’s box problem,

was first established by Weitzman [1979]. The problem consists of a searcher who
can choose a prize from one of the n boxes. Each box contains a prize with an
unknown value drawn from a distribution known to the searcher a priori. The value
distributions of the boxes are independent from each other but may be different.
The searcher can perform a sequence of actions, either opening a box or selecting
a box. Opening box i incurs a cost ci, revealing the prize value vi inside, while
selecting box i yields a payoff of vi and terminates the search process. Importantly,
the box must first be opened in order to be selected. The searcher devises an
adaptive policy, which determines the next action based on previous actions and
outcomes. The objective of the searcher is to maximize their expected utility, which
is defined as the expected selected prize value minus the total inspection costs. As
an illustration, we use the following running example by Weitzman.

Example 1 [Weitzman 1979]. Consider two boxes A and B, where A has a
reward of 55 or 100 each with probability 0.5 and a cost of 15, and B has a reward
of 0 or 240, with probabilities 0.8 and 0.2, respectively, and a cost of 20.

Consider a potential strategy for the searcher as follows. The searcher opens box
B first. If the reward is 240, the searcher selects the reward and terminates the
search. If the reward is 0, the searcher continues on to open box A and takes the
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maximum reward observed (here the reward of box A). Using this strategy, for
instance, when the reward of the first box is 0 and the reward of the second box is
100, the searcher opens both boxes, paying a total cost of 20 + 15 = 35, and gains
value max(0, 100) = 100 resulting in a utility of 100 − 35 = 65. Similarly, we can
calculate the searcher’s utility in other cases and use the probability of each case
to find the expected utility, which for this strategy is 78.

1.1 Optimal Solution and Deferred-Value Interpretation

At first sight, the solution space for Pandora’s box problem seems extremely com-
plicated. In fact, since the optimal policy could be fully adaptive (opening different
boxes depending on the history of the boxes that have already been opened and
their values), it is not even clear that the optimal policy for Pandora’s box problem
can be described in polynomial space as a function of the input size. Surprisingly,
Weitzman proves that not only is the optimal solution to Pandora’s box problem ef-
ficiently describable, it is highly structured. Specifically, the optimal policy, named
as Pandora’s rule by Weitzman, is greedy and order non-adaptive (meaning that
the inspection order of the boxes is determined apriori, although the policy can
adaptively terminate the process). Given any box i, a reservation value σi can be
computed based only on the prize value distribution and the cost for the particular
box in question and is not dependent on the value or cost of other boxes.1 The
optimal policy orders the boxes by nonincreasing reservation value and selects the
largest observed value once this value exceeds the reservation values of all remain-
ing boxes. Going back to Example 1, as Weitzman shows, although box A has a
higher expected value, lower cost, higher minimum value, and lower variance and
may seem a better option to try first, surprisingly, it has a lower reservation value
and box B will be the first box to open in the optimal solution. Intuitively, by
opening box B first, the searcher gains more information about future actions –
one can verify that if the searcher opens box A first, the next best action is to open
box B regardless of the observed value from box A.
Almost forty years after the introduction of the problem and its optimal solution,

Kleinberg et al. [2016] provide a new interpretation of Pandora’s rule that opens
the path to new directions in understanding search problems with cost. While
Weitzman uses a local improvement argument to prove the optimality of Pandora’s
rule, Kleinberg et al. reduce Pandora’s box problem to a related search problem
where the values of items are revealed for free. Specifically, Kleinberg et al. de-
fine the deferred-value of a box i as the minimum between the prize value vi and
the reservation value σi. They then prove that the expected maximum deferred
value upper bounds the utility of any policy for Pandora’s box problem. Finally,
using specific structural properties of Pandora’s rule, they show that the expected
utility from Pandora’s rule is exactly the expected maximum deferred value.2 As
an illustration, in Example 1, the reservation value for boxes A and B are 70 and

1The reservation value σi solves the equation ci = E[max(vi − σi, 0)], where the expectation is
over the value distribution of box i. The reservation value turns out to be a special case of indices
proposed by Gittins [1979]. See Gittins [1979], Weber [1992], and Gittins et al. [2011] for more

detail on the Gittins index.
2The reduction of Kleinberg et al. is closely related to the idea of “prevailing charges” in Weber

[1992]’s proof of the Gittin’s index theorem. The deferred value reduction of Kleinberg et al. has
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140 respectively, therefore, the deferred value distribution of box A is 55 or 70,
each with probability 0.5 and B is 0 with probability 0.8 and 140 with probability
0.2. The expected maximum of these deferred value distributions with no cost is
0.2 × 140 + 0.8(0.5 × 55 + 0.5 × 70) = 78, which is exactly equal to the maximum
expected utility in Example 1.

Since the re-introduction of Pandora’s box problem by Kleinberg et al. to the the-
oretical computer science community and especially the community working at the
intersection of economics and computation, many variants, extensions, and appli-
cations of the original model have been considered. For the rest of the survey, we
summarize these directions and highlight some of the common themes and tech-
niques.

2. VARIANTS AND EXTENSIONS

In this section, we overview variants and extensions of Pandora’s box problem
that have been considered in recent literature. Motivated by the characteristics of
specific search applications, these variants and extensions either relax or restrict key
aspects of the original model. For instance, there may be multiple ways to inspect a
box (Section 2.1), the searcher’s value for the boxes can be correlated (Section 2.4),
the cost of inspection may not be additive (Section 2.5), and the searcher may be
able to choose more than one item (applied across many variants, often combined
with other modifications to the model). In terms of restrictions, the searcher may
not be able to inspect in any order they want (Section 2.3), they may not be able to
select a previously inspected option that they passed on (Section 2.2), and they may
not have exact knowledge about their value distribution for a box (Section 2.4).
Before diving into the specific variants, we will first discuss variations on the

objective function and solution concepts that will be used throughout the rest of
the section. Firstly, the objective function of the search problems can either be
formulated as utility maximization (each box has a non-negative value and the goal
is to maximize the selected value minus total cost) or loss minimization (each box
has a non-negative price and the goal is to minimize the selected price plus total
cost), and both objectives have been studied since the inception of the optimal
search problem [DeGroot 1970, Chapter 3]. For exact optimization, the two objec-
tives are equivalent; however, approximating the optimal loss is often easier than
approximating the optimal utility. When discussing the variants, we consider the
more commonly used utility maximization objective as the default objective, except
when otherwise explicitly stated.
In terms of solution concepts, it may not be possible to efficiently describe or

compute the optimal policy among all possible policies for certain variants. To
overcome this, it is helpful to focus on more limited classes of policies with better
descriptive or computational properties. The three most commonly considered
solution concepts are as follows:

— Fully adaptive policy: the most general class of policies, where the action of

antecedents in Armstrong and Vickers [2015] and has been independently discovered by Armstrong

[2017] and Choi et al. [2018].
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the policy can depend on previous actions and the values it has seen.

— Order non-adaptive policy: the class of policies where the inspection order
of the boxes is predetermined before the value of any box is revealed. However,
the stopping rule, i.e., when the policy terminates the process, may be adaptive.

— Fully non-adaptive policy: the class of policies where both the inspection
order and the stopping rule are non-adaptive. In particular, the policy would
always inspect all boxes that are specified in the inspection order.

2.1 Alternative Inspection Methods

In many search applications such as student choosing universities or consumer
search, there may be several different inspection methods (e.g., online research
vs. visiting in person), and inspection may not be required before selecting a box.
Models in this subsection relax the original model to allow such variations in meth-
ods of inspection.
The most well-studied thread under this relaxation is the nonobligatory inspec-

tion model. In this model, instead of having to inspect before selecting a box,
the searcher can alternatively claim the box closed without inspection and get the
expected value of the box. This model has been introduced independently in dif-
ferent communities (wireless network, stochastic testing, search theory) and under
different names [Guha et al. 2008; Chang and Liu 2009; Attias et al. 2017; Doval
2018]. In particular, Doval [2018] formulated the nonobligatory inspection model
explicitly as a generalization to the original Weitzman’s Pandora’s box problem and
popularized the model in the economics and computation community. Recently, a
steady line of work [Guha et al. 2008; Doval 2018; Beyhaghi and Kleinberg 2019;
Fu et al. 2023; Beyhaghi and Cai 2023] resolved both the computational complexity
and approximability of the problem.
The literatures on complexity, structure and approximability of the non-obligatory

inspection model progressed in conjunction and are deeply intertwined. Guha et al.
[2008]3 first show a significant structural result: the optimal policy claims a unique
box closed across all decision branches. Using their structural result, Guha et al.
show that the competitive ratio of committing policies (order non-adaptive policies
where the searcher commits ahead of time to whether they will inspect each box
prior to selecting it) is exactly 0.8. Independently, Beyhaghi and Kleinberg [2019]
show that the competitive ratio of committing policies is at least 1− 1/e ≈ 0.63 by
a reduction to stochastic submodular maximization, which can also be applied to
more general models as we will discuss later.
Doval [2018] provides evidence both for the complexity of the optimal policy and

the existence of additional structure. In particular, Doval shows that the optimal
policy may be order-adaptive, while showing that the optimal policy has a two-
phased structure (where the inspection order only changes once) under additional
assumption on the value distribution.4

3Guha et al. [2008] studied the problem under the context of stochastic probing in wireless

networks. The wider community was unaware of their work until recently.
4Specifically, Doval [2018] considers the binary prize environment, where the value of each box i
is supported on {L,Hi}, where the low value in the support is shared between all boxes, but the

high value in the support may be distinct for each box.
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Finally, Fu et al. [2023] prove that the problem is NP-hard, which confirms
intuition in previous literature. In terms of structural results, Fu et al. [2023]
and Beyhaghi and Cai [2023] show that in the general setting, the optimal policy
is two-phased and can be fully specified through an initial inspection order and a
threshold for each box.5 As a consequence, the decision version of the problem
is in NP (since one can prove the optimal utility is above a certain threshold by
succinctly describing the policy that obtains this utility). Further, Fu et al. and
Beyhaghi and Cai provide a PTAS for the nonobligatory inspection model.
In the nonobligatory inspection model, there are two ways of inspecting a box:

pay the full cost and inspect the box or claim the box closed without inspection.
However, there may be other options that lie in between: perhaps a smaller cost
is needed to reduce the variance of the value distribution. The remaining variants
in this subsection addresses the “in between” inspections. Kleinberg et al. [2016]
consider an alternative model where there are multiple stages of inspection, and
the searcher could only claim the value in the box after all stages of inspections are
completed. As the searcher progresses through the stages, more information about
the value is revealed, and more cost is incurred. The searcher can stop examining
the model further at any stage. Kleinberg et al. find that the optimal policy for this
staged inspection setting is a generalized form of Pandora’s rule, where a reservation
value can be computed for a box at any stage, and the searcher always inspects the
box with the highest reservation value (given its current stage).
In a similar spirit, Ke and Villas-Boas [2019] consider a model where information

is revealed gradually, but the searcher can claim the box (or stop) at any point. In
addition, in their model, the discovery process is continuous rather than discrete,
and the value of each box is binary supported.6 They find that even in the case
when there are two boxes and a fixed-valued outside option, the solution space may
be complicated; they characterize the optimal policy under conditions such as when
the outside option is below or above certain thresholds.
Aouad et al. [2020] introduce a model where the searcher has two ways of opening

a box: fully open and partially open. Similar to Kleinberg et al. [2016], a box must
be fully opened before the value can be claimed. However, unlike the model in
Kleinberg et al., the searcher can fully open a box without partially opening the box
first. Aouad et al. prove that the best committing policy 7 is (1− 1/e)-competitive
to the optimal utility using an analysis inspired by Beyhaghi and Kleinberg [2019].
Moreover, they show that any committing policy or its negation (flipping which
box should be partially opened versus not partially opened) is 1/2-competitive to
the optimal utility. Aouad at al. also design a simple threshold-based committing
policy that is near optimal when the number of items is sufficiently large.
Finally, as a direct extension to the non-obligatory inspection model, Beyhaghi

[2019] introduces Pandora’s box problem with alternate inspection model, where the
searcher has k different methods for inspecting each box (including not inspecting

5The results in Fu et al. [2023] and Beyhaghi and Cai [2023] build on the structural results in

Guha et al. [2008] and [Doval 2018].
6Note that the support for different boxes could be different, but the value of each box only has
two possibilities.
7As defined in our discussion of the non-obligatory inspection model.
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at all), and the searcher can select at most one method for each box. [Beyhaghi
and Kleinberg 2019; Beyhaghi 2019] prove that committing policies7 are (1− 1/e)-
competitive in this model.

2.2 Search Without Recall

Even before Weitzman’s seminal paper, the economics literature studied both the
optimal search problem with recall (the searcher can select alternatives that they
have seen in the past) and without recall (the searcher has to select the item or forgo
it forever) [DeGroot 1970, Chapter 3]. Hybrid settings where recall is uncertain have
also been considered [Karni and Schwartz 1977]. In modern literature, the version
of Weitzman’s Pandora’s box problem without recall is studied under the name
Committed Pandora’s box [Fu et al. 2018].
Kleinberg et al. [2016] first showed that a simple threshold-based policy for

Committed Pandora’s box with arbitrary (possibly adversarial) constraints on in-
spection order achieves at least 1/2 of the optimal utility by a reduction to prophet
inequalities (an online selection model that is similar to Committed Pandora’s box,
but without inspection costs). The connection between (variants of) Committed
Pandora’s box and (variants of) prophet inequalities is repeatedly exploited by
subsequent work.8

Fu et al. [2018] and Segev and Singla [2021] provide a general framework for
deriving polynomial time approximation schemes (PTAS) and efficient polynomial
time approximation schemes (EPTAS) for stochastic optimization problems, re-
spectively. As an application of their framework, Fu et al. show that Committed
Pandora’s box problem with free order selection (the searcher has the full freedom
to pick the inspection order) has a PTAS by a direct reduction. Segev and Singla
show that, in fact, Committed Pandora’s box problem has an EPTAS by first reduc-
ing the problem to free order prophet inequality,8 which has an order non-adaptive
optimal policy, and then applying their framework.
Esfandiari et al. [2019] study Committed Pandora’s box problem under adver-

sarial order and where the searcher is allowed to collect multiple prizes subject to
general feasibility constraints (e.g., cardinality, knapsack or matroids constraints).
In addition, in their model, the prize values and costs are drawn from a joint dis-
tribution, and the cost is only revealed after opening the box. Esfandiari et al.
prove that all variants of Committed Pandora’s box problem they consider can be
reduced to a corresponding prophet inequality problem with known competitive ra-
tios. Further, they extend Committed Pandora’s box with adversarial order (with
the objective of selecting one prize per round) to the contextual bandit setting and
obtain a 1/2-competitive policy based on the reduction to prophet inequalities.

2.3 Restricted Order of Inspection

As we have discussed in Section 2.2, both free order (no restriction) and adversarial
order (complete restriction) are standard assumptions for online selection problems
and have been considered in the context of Pandora’s box problem. Motivated by
applications such as funding research development, a more general question can be

8 See Lucier [2017] and Correa et al. [2019] for in-depth discussions on prophet inequalities and

variants.
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asked: what if there are some restrictions on the searcher’s inspection order?
Boodaghians et al. [2020] initiate the study of partial order constraints such as

tree or DAG like order restrictions for Pandora’s box problem. In the case of (single
selection) Pandora’s box problem with tree or forest like order constraints, where a
box can only be opened once its parent box is opened, Boodaghians et al. show that
an order-dependent version of the reservation value can be computed for each box,
and the optimal policy always opens the remaining box (if any) with the largest
reservation value.9 On the other hand, for variants where multiple selections are
allowed (e.g., under matroid feasibility constraints or more general constraints), or
when the order constraint is DAG like (where a box can be opened only if one of its
predecessor boxes is opened), Boodaghians et al. show that finding a fully adaptive
policy that achieves ϵ fraction of the optimal utility is NP-hard. They also propose
a relaxed definition of approximately optimal policies and analyze the adaptivity
gap between fully adaptive policies and fully non-adaptive policies.

2.4 Beyond Independence and Distribution Assumptions

This section considers relaxations on two of the constraints in the original model:
the independence of the searcher’s valuation among boxes, and the knowledge of
the distributions (or even having sample access to the distributions). Since Chawla
et al. [2020] introduced both relaxations in the same paper, the study of these
variations is often interweaved and thus presented here in a single section. Depend-
ing on whether the valuations are independent or correlated and whether historical
samples are available (distributional learning setting) or the search is a repeated
process without historical samples (online learning setting), there are four different
variants that are discussed in this section.

Chawla et al. [2020] study the correlated value and distributional learning set-
ting, mainly under the loss minimizing objective. Specifically, the prices in the boxes
are drawn from an arbitrarily correlated joint distribution; moreover, the searcher
is limited to poly(n) samples from the joint distribution, where n is the number of
boxes. Chawla et al. show that approximating the loss of the optimal fully adaptive
policy within any sublinear factor requires exponential samples. Then, they effi-
ciently find an order non-adaptive policy that is a constant approximation to the
best order non-adaptive policy. Moreover, unless P = NP, one cannot efficiently
find a fully adaptive policy that exceeds the best order non-adaptive policy. Chawla
et al. also show that if their model has the utility maximization objective instead,
no computationally efficient fully adaptive policy can even be a constant approxi-
mation to the best order non-adaptive policy. As a direct follow-up to Chawla et al.,
Gergatsouli and Tzamos [2023] show that a generalized version of Weitzman’s pol-
icy is constant-competitive against the best order non-adaptive policy. Compared
to the linear programming rounding approach in Chawla et al., Gergatsouli and
Tzamos’s construction of a competitive order non-adaptive policy is more explicit
while obtaining an improved competitive ratio.
Gergatsouli and Tzamos [2022] study the correlated value model under the more

9Interestingly, the authors mention that Pandora’s box problem with forest like order constraint
is closely related to the branching bandit process studied in [Weiss 1988; Keller and Oldale 2003],

and their optimal policy has a similar structure.
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restrictive setting of online learning and show that when the prices of the boxes are
selected by an oblivious adversary in each round, results of Chawla et al. extend
to both the full information setting (values of all the boxes are revealed after each
round) and bandit setting (only values of the boxes that the policy opened are
observable).

Guo et al. [2021] study the independent valuation and distributional learning
setting, and prove that the searcher could obtain an ϵ-additive approximation to

the optimal utility with high probability given Õ(n
3

ϵ3 ) samples. Fu and Lin [2020]10

improve this sample complexity to Õ( n
ϵ2 ). Finally, Atsidakou et al. [2022] and

Gatmiry et al. [2022] study the independent valuation and online learning setting.
Atsidakou et al. extend the original Pandora’s box model (with loss minimizing ob-
jective) to the contextual bandit setting, where each round comes with potentially
different sets of boxes. At the beginning of each round, the context and cost of the
boxes are revealed up front, while the distribution of values in the boxes remains
unknown (and can be different from round to round). Atsidakou et al. prove that
as long as the context can be used to estimate the reservation value of the box,
sub-linear regret against the optimal policy with full distributional knowledge (i.e.,
Pandora’s rule) is achievable for both the full information and bandit setting. Gat-
miry et al. [2022] study the online Pandora’s box problem (with utility maximizing
objective) where the boxes have unchanging prize value distributions that are un-
known to the searcher. The value distributions are independent but not necessarily
identical. Gatmiry et al. prove that in the bandit setting, the searcher can achieve
O(poly(n)

√
T ) regret by an algorithm that estimates and then shrinks a confidence

interval on each box’s reservation value, where T is the number of time steps.

2.5 Beyond Additive Costs

For many applications that motivate Pandora’s box problem, such as students se-
lecting universities and job search, the cost of inspection may not be additive. For
instance, students who visit universities in nearby locations back to back may ex-
perience lower costs compared to having three separate trips to those universities.
Berger et al. [2023] extend Weitzman’s Pandora’s box problem by considering more
general classes of cost functions such as submodular, XOS, or sub-additive func-
tions. Their main result shows that the optimal policy for Pandora’s box problem
is order non-adaptive for submodular cost functions. On the other hand, when the
cost function is XOS or sub-additive, adaptivity is required for the optimal policy.
They also show that even for the more restrictive class of submodular cost func-
tions, approximating the utility of Pandora’s box problem requires an exponential
number of queries to the cost function.

3. APPLICATIONS

In this section, we overview applications of Pandora’s box problem in combinato-
rial optimization (Section 3.1), mechanism design (Section 3.2), delegation (Sec-
tion 3.3) and matching markets (Section 3.4). The elegant structure of optimal or

10Although published out of order, Guo et al. [2021] preceeds Fu and Lin [2020] and is cited as

prior work in all versions of Fu and Lin [2020].
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approximately-optimal solutions to Pandora’s box problem plays a crucial role in
addressing domain-specific problems where information acquisition is costly.

3.1 Combinatorial Optimization

Kleinberg et al. [2016] and Singla [2018] applied the structures and tools from
Pandora’s box problem in a wider range of combinatorial optimization problems,
such as the costly counterpart of maximum weighted matching, maximum knap-
sack, minimum vertex cover, minimum set cover, minimum facility location, and
minimum prize-collecting Steiner tree. Kleinberg et al. initiated this thread by
applying their no-cost reduction explained in Section 1.1. Later, Singla [2018] ex-
panded upon this reduction technique and applied it to a broader range of problems.
Singla provides a general transformation for converting frugal algorithms (a type of
greedy algorithm) into policies for solving combinatorial counterparts of Pandora’s
box problem, where the searcher can choose multiple boxes subject to feasibility
constraints on the selected set. This transformation applies in both utility maxi-
mization and loss minimization settings.

3.2 Mechanism Design

We overview several mechanism design papers with costly information acquisition
that utilize the structure of optimal or approximately optimal solutions to Pandora’s
box problem. These papers consider a few different scenarios between sellers and
buyers, with a costly investigation process on one side of the market or the other.
Crémer et al. [2007] consider an auction scenario for selling a single item, where

the set of buyers is not exogenous or determined in advance, and the seller needs to
go through a costly sequential process to inform potential buyers about the auction.
They show that in the case of independent buyers’ valuations, the seller’s problem
can be reduced to Weitzman’s model, where the distribution of each box is the
Myerson virtual value distribution for each buyer.
Kleinberg et al. [2016], also focus primarily on the sale of an item to buyers.

However, unlike the previous scenario, the buyers are informed about the auction
but need to incur inspection costs to determine their values. Using their reduction
from costly information acquisition to optimization with no cost (discussed in Sec-
tion 1.1) as a key element, they devise a descending price auction that achieves the
same efficiency as a first price auction with modified value distributions but no cost
of inspection, resulting in a small price of anarchy (approximate optimality). Later,
Alaei et al. [2021] extend the revenue maximization setting of Kleinberg et al. to
the nonobligatory inspection model. They provide mechanisms, both for selling a
single item and multiple copies of an item, that are approximately optimal even
when the buyers arrive in an adversarial order. Subsequently, Wu et al. [2022] also
consider revenue maximization in a nonobligatory inspection setting; however, they
particularly focus on the role of bundling the items in optimizing revenue. They
study two different markets; the first with one mature and one new product, and the
other with two new products. The valuation uncertainty only exists for new prod-
ucts. They show that in a market with one mature and one new product, bundling
encourages search, while in a market with two new products, it discourages search.
Orthogonally, Fu and Lin [2020] use the correspondence between the descending
price auction in a costly information acquisition setting and the first price auction
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in the classic setting, developed by Kleinberg et al., to provide sample complexity
bounds for auction design with costly inspections.

Armstrong [2017] examines a scenario in which buyers intend to purchase a prod-
uct, such as a book from an online marketplace, from one of several available sellers.
A buyer learns their value and the price of a product upon inspection unless the
seller advertises their price, in which case the price is known a priori. When a
buyer purchases a product, they get utility equal to their value for the product
minus the price and inspection cost set by the seller. From a buyer’s perspective,
their search problem is exactly equivalent to the canonical Pandora’s box problem,
and they are modeled to be employing Pandora’s rule. Consequently, the reduc-
tion of Kleinberg et al. [2016] and Armstrong and Vickers [2015] also applies to
Armstrong’s setting with prices and can be used to calculate a buyer’s expected
utility. Armstrong instead focuses on analyzing the seller’s strategy decisions (set-
ting product prices, using advertising to guide consumer searches, and determining
the consumer’s search costs) and their implications, both when a monopolist seller
owns multiple products and when there are multiple sellers. Armstrong presents
a detailed discussion of the factors that influence which sellers raise or lower their
prices given the buyer’s inspection order. In addition, Armstrong explores why it
might be profitable for a seller to obfuscate the searcher by increasing its own in-
spection cost and examines the equilibria of the buyer-seller optimization problem.
Choi et al. [2018] examine a pricing game where a group of sellers with substi-

tutable items compete with each other while buyers have partial information about
their values. In the first step, the sellers simultaneously announce their prices. In
the second step, the buyers go through a costly search process among sellers de-
pending on the announced prices and their partial information about their values.
The authors characterize buyers’ optimal behavior and analyze the pricing game
among the sellers.
Chen et al. [2022] propose a three-step mechanism for manufacturers outsourcing

their production to suppliers to reduce procurement costs. First, suppliers submit
price bids for contracts. Second, buyers investigate ways to reduce production costs,
subject to a limit on the number of investigations. Third, the buyer awards the
contract to the supplier with the lowest updated bid. The second step, which is
a costly investigation process, is equivalent to a variant of Pandora’s box problem
where there is a limit on the number of boxes that can be opened. Although Weitz-
man shows that, generally, Pandora’s rule may not be optimal given the limitation
on the number of inspections, Chen et al. identify sufficient conditions for Pandora’s
rule to be optimal for buyer investigation, in which case the structural properties
of Pandora’s rule can be used to design the optimal three-step mechanism.

3.3 Delegated Search

Delegation in search problems refers to the process of a principal assigning a search
problem to an agent, who possesses the necessary resources but may have interests
that differ from those of the principal. A key question when considering a delegated
search problem is how much the principal loses when they delegate the search to
an agent. This quantity is referred to as the delegation gap. Although the theory
of delegation was introduced in economics much earlier by the work of Holmstrom
[1978] and Holmstrom [1984], one of the early papers that use ideas from Pandora’s
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box problem to design optimal delegated search mechanisms is by Postl [2004]
who establishes a condition that ensures there is no loss in the delegation for the
same-cost two-box version of the problem. Later, Kleinberg and Kleinberg [2018]
use a model introduced in Armstrong and Vickers [2010] and incorporate ideas
from Pandora’s box problem to create nearly optimal delegated search mechanisms.
One of the models they study is a costly information acquisition delegated search
problem with binary options. This model involves a set of options, each with
a probability of being feasible for the principal and a cost to investigate. They
design a search mechanism with a limited delegation gap. Bechtel et al. [2022] later
expand on the binary case to include matroid feasibility constraints. However, they
prove that there is no constant-factor delegation gap beyond the binary model. To
overcome this, they explore other variations, such as the shared-cost model, where
the principal can choose how to split the costs with the agent before the delegation.
They demonstrate that the shared-cost model has a constant-factor delegation gap
for specific constraints.

3.4 Matching Markets

Immorlica et al. [2020] explore a generalization of Pandora’s box model within the
context of matching markets, specifically focusing on many-to-one markets such as
student-college mappings. In these scenarios, students must undergo a costly infor-
mation acquisition process to determine their values for each college, while colleges
maintain a publicly known ranking system for students. The authors introduce
regret-free stability as a refined solution concept that builds upon the traditional
stability definition in matching market literature, ensuring optimal information ac-
quisition for students, and they demonstrate the existence of such a solution.
In a single-student model, the problem simplifies to the original Pandora’s box

problem, making Pandora’s rule the optimal solution for the student’s search. How-
ever, when multiple students are involved, the available college options for each
student depend on the valuations of their peers. This interdependency between
students’ information acquisition choices is resolved by using approximate cutoffs
(i.e., the lowest admissible student ranking for each college). With these cutoffs,
students can independently tackle Pandora’s box problem for the set of colleges
where their rank meets the cutoff, ultimately achieving regret-free stability.

4. DISCUSSION: COMMON STRUCTURAL AND TECHNICAL THEMES

Although the variants and applications discussed in Sections 2 and 3 often extend or
utilize Pandora’s box problem in orthogonal directions, several concepts and ideas
appear to be relevant across numerous variants and applications.
In the study of Pandora’s box problems, a common theme is analyzing the rela-

tive power of simple policies, which typically refers to order non-adaptive policies,
and comparing them to fully adaptive ones. This comparison is similar to the con-
cept of the adaptivity gap in combinatorial optimization. The variants discussed
in Section 2 can be categorized into three classes: order non-adaptive policies being
as powerful as fully adaptive policies, having a constant competitive ratio, and ex-
hibiting a super-constant gap between them. The original Pandora’s box problem
and some models with restricted order of inspection (Section 2.3), beyond additive
cost (Section 2.5), and search without recall (Section 2.2) possess optimal order

ACM SIGecom Exchanges, Vol. 21, No. 1, June 2023, Pages 20–34



31 · H. Beyhaghi and L. Cai

non-adaptive policies, placing them in the first class. In contrast, various models
involving alternative inspection methods (Section 2.1) may not have optimal or-
der non-adaptive policies, but they are constant-competitive against the best fully
adaptive policy, falling into the second category. Additionally, the optimal policy
in these cases may require limited adaptivity. More sophisticated models with re-
stricted order of inspection (Section 2.3) and correlated distribution (Section 2.4)
belong to the third class, as they exhibit a super-constant utility gap between order
non-adaptive and fully adaptive policies.

In essence, for different Pandora’s box problem variants, the adaptivity gap serves
as an indicator of the problem’s structural complexity. A large adaptivity gap,
combined with an impossibility result in approximating the optimal fully adaptive
policy, can motivate researchers to focus on approximating the optimal order non-
adaptive or fully non-adaptive policy instead.
Another common technical theme is the reduction of a variant of Pandora’s box

problem with cost to a related problem without cost. This reduction is most direct
in Pandora’s box problem without recall setting (Section 2.2), where many variants
can be reduced to different variants of the prophet inequality problem. In the latter
problem, the searcher’s values for the boxes are drawn from known distributions
and must select a box without recall, but revealing the value does not come at a
cost. For the original Pandora’s box problem with recall, Kleinberg et al. [2016]
first used a cost-to-no-cost reduction in their alternative proof of optimality for
Pandora’s rule. Interestingly, a similar reduction can also be applied to Pandora’s
box problem with alternative inspection methods (Section 2.1) and the more general
combinatorial optimization setting (Section 3.1). The presence of cost in Pandora’s
box problem complicates the design of optimal or approximately optimal policies
(approximating values and costs separately may not lead to approximately-optimal
utility). Consequently, the reduction from cost to no cost often serves as a useful
tool in revealing the structure of the optimal policy or facilitating the design of an
approximately optimal policy.

5. CONCLUSION AND FUTURE DIRECTIONS

The recent growing body of research on Pandora’s box problem, presented in this
survey paper, has introduced numerous variations and applications, indicating sub-
stantial potential for future exploration and investigation.
The alternative and generalized models of Pandora’s box overviewed in Section 2

are far from exhaustive (especially those related to order restriction (Section 2.3),
correlated value distributions (Section 2.4), and non-additive cost functions (Sec-
tion 2.5)), and warrant further investigation. In addition, the relationship between
Pandora’s box variants and broader stochastic optimization problems (e.g., Markov
chains, multi-armed bandits) has been noted in multiple studies and can benefit
from a systematic analysis. We also anticipate the emergence of future models that
deviate from existing variants, exploring different aspects of the searcher’s decision-
making. For example, current models do not incorporate behavioral economic find-
ings, such as risk and loss aversion. Empirical evidence from Bhatia et al. [2021]
demonstrates that these factors align more closely with human decision-making
behavior in costly information acquisition settings. In another potential variant,
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the searcher may have a long time horizon with the boxes emerging and disappear-
ing in an online fashion. Alternatively, there may be random signals from global
events (e.g., the emergence of new technology) that provide information for all or a
large segment of the boxes (e.g., a readjustment to the skills of applicants or their
distribution).
In the application domain, Pandora’s box model is relevant to most applications

where the cost of information acquisition is significant, including those that are
not mentioned in Section 3, such as voting and advertisement. In voting scenarios,
both the candidates and the voters may engage in costly investigations; e.g., the
candidates optimize their investment of targeted campaigning to select populations,
while the voters may face a similar trade-off as in canonical examples of Pandora’s
box model, where they choose between selecting well-known candidates and in-
vestigating their preference alignment with the less well-known ones. Similarly,
in advertisement applications, the advertisers go through a costly investigation to
select what populations to target and what advertisement methods to use. Other
potential applications include models of labor, product, and financial markets with
costly information acquisition. In addition, most existing applications employ the
canonical Pandora’s box model. Recent work on the variants proposed in Section 2
offers a wider range of modeling choices, and may enable greater realism for some
applications.
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F. Echenique, Eds. ACM, 27–28.

Aouad, A., Ji, J., and Shaposhnik, Y. 2020. The pandora’s box problem with sequential in-

spections. Available at SSRN 3726167 .

Armstrong, M. 2017. Ordered consumer search. Journal of the European Economic Associa-

tion 15, 5, 989–1024.

Armstrong, M. and Vickers, J. 2010. A model of delegated project choice. Econometrica 78, 1,
213–244.

Armstrong, M. and Vickers, J. 2015. Which demand systems can be generated by discrete

choice? Journal of Economic Theory 158, 293–307.

Atsidakou, A., Caramanis, C., Gergatsouli, E., Papadigenopoulos, O., and Tzamos, C.
2022. Contextual pandora’s box. CoRR abs/2205.13114.

Attias, C., Krauthgamer, R., Levi, R., and Shaposhnik, Y. 2017. Stochastic selection prob-
lems with testing. Available at SSRN 3076956 .

Bechtel, C., Dughmi, S., and Patel, N. 2022. Delegated pandora’s box. In EC ’22: The 23rd
ACM Conference on Economics and Computation, Boulder, CO, USA, July 11 - 15, 2022,

D. M. Pennock, I. Segal, and S. Seuken, Eds. ACM, 666–693.

Berger, B., Ezra, T., Feldman, M., and Fusco, F. 2023. Pandora’s problem with combinatorial

cost. CoRR abs/2303.01078.

Beyhaghi, H. 2019. Approximately-optimal Mechanisms in Auction Design, Search Theory, and
Matching Markets. Cornell University.

ACM SIGecom Exchanges, Vol. 21, No. 1, June 2023, Pages 20–34



33 · H. Beyhaghi and L. Cai

Beyhaghi, H. and Cai, L. 2023. Pandora’s problem with nonobligatory inspection: Optimal

structure and a PTAS. In Proceedings of the 55th Annual ACM Symposium on Theory of
Computing, STOC 2023, Orlando, FL, USA, June 20-23, 2023, B. Saha and R. A. Servedio,

Eds. ACM, 803–816.

Beyhaghi, H. and Kleinberg, R. 2019. Pandora’s problem with nonobligatory inspection. In
Proceedings of the 2019 ACM Conference on Economics and Computation, EC 2019, Phoenix,

AZ, USA, June 24-28, 2019, A. Karlin, N. Immorlica, and R. Johari, Eds. ACM, 131–132.

Bhatia, S., He, L., Zhao, W. J., and Analytis, P. P. 2021. Cognitive models of optimal

sequential search with recall. Cognition 210, 104595.

Boodaghians, S., Fusco, F., Lazos, P., and Leonardi, S. 2020. Pandora’s box problem with
order constraints. In EC ’20: The 21st ACM Conference on Economics and Computation,

Virtual Event, Hungary, July 13-17, 2020, P. Biró, J. D. Hartline, M. Ostrovsky, and A. D.
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