Delegated Information Provision*

Francesco Bilotta’  Christoph Carnehl*  Justus Preusser$

May 2, 2026

Abstract

A designer relies on an experimenter to provide information to a decision maker, but
the experimenter has incentives to persuade rather than merely transmit information.
Anticipating this motive, the designer can restrict the set of admissible experiments,
but cannot prevent the experimenter from garbling any admissible experiment. We
model this situation as delegation over experiments. The optimal delegation set is
obtained by comparing maximally informative experiments among those the experi-
menter has no incentive to garble. When the experimenter’s preferences are S-shaped,
we characterize these experiments as double censorship. Relative to the full-delegation
benchmark, double censorship features an intermediate pooling region, inducing a
smaller pooling region for the highest states. We show that the designer strictly benefits
from imposing a nontrivial delegation set that constrains persuasion while retaining
information provision. Applying our results to recommender systems, we show that

privacy constraints can arise endogenously to protect consumers against persuasion.

1 Introduction

In many environments, delegation separates the production of information from its use
in decision making. In courts, prosecutors generate evidence that informs judges; in

regulatory settings, firms conduct tests that guide approval decisions; and on platforms,
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algorithms recommend products to consumers. In each case, the party who produces
information has incentives to influence the decision maker rather than merely transmit
facts. While a large literature on Bayesian persuasion characterizes how the experimenter
optimally designs information to exploit this influence, much less attention has been paid
to the complementary problem of a designer who anticipates persuasion and seeks to limit
its force. To do so, a designer may restrict the experimenter’s discretion by specifying
which experiments are admissible. Yet even under such restrictions, delegation remains
subject to moral hazard: the experimenter can garble any admissible experiment before
it reaches the decision maker. We study the optimal design of delegated information
provision, which trades off the informativeness of admissible experiments against the
experimenter’s ability to persuade.

In practice, such control over informational discretion often takes the form of restric-
tions on admissible experiments rather than direct control of actions. In the examples
above, legislators restrict which evidence prosecutors may present, regulators specify
testing procedures for firms, and privacy protection limits which data algorithms can use.
These restrictions impose an upper bound on informativeness while leaving substantial
discretion to the experimenter. As a result, the experimenter may still suppress available
evidence, implement tests imperfectly, or communicate only coarse information.

We therefore cast the design of restrictions as a delegation problem over experiments.
The designer specifies a delegation set: a set of admissible Blackwell-experiments. The
experimenter can choose an arbitrary garbling of any admissible experiment. Therefore,
the designer can only impose an upper bound on information. Given a delegation set,
the experimenter faces a standard Bayesian persuasion problem with a one-dimensional
state and posterior-mean preferences. The experimenter picks an experiment to persuade
a decision maker (DM) to take a binary action. The DM’s optimal choice depends on a
privately known outside option. We assume that the designer has convex preferences in the
posterior mean and thus values information. Due to this assumption, the designer need not
necessarily be distinct from the DM but can also be interpreted as the DM themselves who
commits ex ante to an admissibility rule as a form of self-discipline against persuasion.

Our central insight is that effective limits on the experimenter’s discretion cannot de-
liver experiments that are uniformly more informative than the full-delegation benchmark—
the outcome of the traditional Bayesian persuasion problem. Any uniformly more informa-
tive restriction will be garbled by the experimenter, while any uniformly less informative
restriction is dominated by the persuasion outcome. The designer’s only viable strategy is
therefore to reshape the admissible information structures by selecting an experiment that

is Blackwell-incomparable to persuasion, and prevents persuasion from being replicated
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through garbling. Such restrictions redistribute informativeness across states: by deliber-
ately inducing pooling of some regions of the state space, the designer dampens incentives
for concealment and induces finer disclosure where persuasion would otherwise be most
severe. We show that optimally designed restrictions strictly dominate full delegation,
adding value not via more information per se, but with a different shape of information
revelation.

As a first step, we show that the designer’s problem reduces to choosing among maximal
incentive-compatible (MIC) experiments. An experiment F is incentive compatible if it is
self-enforcing: when the designer sets F as the upper bound, the experimenter optimally
implements F rather than garble it. An incentive-compatible experiment is maximal if
no strictly more informative experiment is also incentive compatible. Since the designer
values information, the designer never imposes a restriction that is incentive compatible
but not maximal.

While incentive compatibility and maximality are intuitive properties of optimal dele-
gation, they already yield significant structure on the designer’s problem. A key implication
of MIC is that any profitable restriction must be Blackwell-incomparable to the persuasion
outcome under full delegation F*. Blackwell-more informative restrictions are garbled
back to F*, while Blackwell-less informative restrictions are dominated by F*. There-
fore, any strict gain from restricting discretion must arise from Blackwell-incomparable
experiments that reallocate informativeness across regions of the state space.

This fact is particularly evident when the experimenter’s payoff is S-shaped, which is
our baseline assumption. In this case, we fully characterize maximal incentive-compatible
(MIC) experiments. They take the form of double censorship: there exist two thresholds
such that all states below the first threshold are fully revealed, while states between the
thresholds and above the second threshold are pooled into one intermediate and one
high signal, respectively. Full delegation is itself MIC and corresponds to the unrestricted
S-shaped persuasion outcome; it arises as the limiting case in which the two thresholds
coincide, yielding upper censorship.

Double censorship makes the designer’s informational trade-off transparent. Incentive
compatibility implies that shrinking the top pooling region—i.e., improving information
precisely in the high states the experimenter would otherwise censor—requires expanding
the intermediate pooling region. Thus, better information in high states comes at the
cost of worse information in intermediate ones. MIC experiments are therefore ordered
by the size of the top pooling interval. However, they are not Blackwell-comparable:
each MIC experiment redistributes informativeness between high and intermediate states

rather than uniformly increasing or decreasing it. This redistribution logic and the ensu-
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ing incomparability are the key factors generating scope for improvements beyond full
delegation.

In fact, leveraging the structure of MIC experiments, we show that the designer strictly
prefers a nontrivial restriction: full delegation is never optimal. Intuitively, starting from
full delegation, introducing an arbitrary small amount of pooling around the censorship
cutoff entails only a second-order informational loss, yet it disciplines the experimenter’s
incentives and reduces the pooling region at the highest states. The resulting gain is of
first order, as it yields a benefit proportional to the mass of states pooled under persua-
sion. Hence, improving information in high states strictly outweighs the local loss on
intermediate states, yielding a higher payoff for the designer.

We illustrate our results in the context of platforms persuading consumers to purchase
a product. Platforms have access to vast data about consumer demographics and their
browsing behavior that they can use to estimate their valuation of products. As platforms
profit from sales, they have an incentive to persuade consumers into purchasing. We show
that this setting can be mapped into our environment and that a regulatory authority
that cares about consumers has a strict incentive to restrict the data that the platform’s
recommendation algorithm can use.! We show that our restrictions can be implemented
using prominent notions of privacy constraints, such as privacy sets and differential
privacy. Hence, the tension between information provision and persuasion gives rise to
endogenous privacy constraints—even in the absence of intrinsic preferences for privacy.

We then ask whether nontrivial restrictions remain optimal beyond the S-shaped case.
In the baseline environment, profitable restrictions work by shifting the location of the
atom in the top interval of the experimenter’s best reply. This channel may be infeasible
under alternative payoff shapes. If the DM’s outside option is degenerate, for instance,
the experimenter’s best reply never assigns mass to states strictly above that outside
option; in this case, restrictions cannot move any top atom and full delegation is optimal.
Similarly, if the experimenter’s payoff is M-shaped and the prior is sufficiently dispersed,
the persuasion outcome is a binary experiment supported on the two peaks of the M. Any
restriction can then only induce the experimenter to shift mass into the valley between the
peaks, which reduces informativeness and lowers the designer’s payoff. Building on these
observations, we provide general conditions under which full delegation is suboptimal for
general posterior-mean payoffs of the experimenter.

Moreover, we show that the designer’s problem is generally solved by an incentive-

'Indeed, such restrictions may also arise if the platform cares about consumer surplus in addition to
commissions from sales. If the platform is organized hierarchically and the recommendation algorithm is
designed to maximize sales, then management may want to limit the data that the algorithm can use.
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compatible bi-pooling experiment. In fact, we show that all MIC experiments are extreme
points of the set of all experiments. Essentially, these results demonstrate how the litera-
ture’s extreme-point and linear-duality approaches can be combined to solve information
design problems with the novel incentive-compatibility and maximality constraints that

we introduce.

Related Literature. Most closely related are Ichihashi (2019), Arieli et al. (2022), and
Mylovanov and Zapechelnyuk (2024). Ichihashi (2019) studies endogenously constrained
information of an experimenter in a binary-action persuasion environment with an unin-
formed DM.? In our setting, by contrast, the DM has private information, which generates
S-shaped posterior-mean payoffs for the experimenter. This introduces fundamentally
different incentives for the experimenter and delivers a key implication that is absent
in the uninformed benchmark: the designer strictly benefits from imposing a nontrivial
restriction. Moreover, while Ichihashi (2019) focuses on characterizing attainable utility
profiles, we characterize optimal restrictions, show how they can be implemented and
how they trade off information revelation across states.

Arieli et al. (2022) analyze persuasion with strategic mediators who sequentially garble
a sender’s experiment. They provide geometric characterizations for abstract settings.
We instead focus on the setting with a single experimenter (a single mediator in their
framework) and posterior-mean preferences. We use this structure to obtain a sharp
description of MIC restrictions and the informational trade-offs.

Mylovanov and Zapechelnyuk (2024) compare sequential obfuscation and sequential
disclosure. Sequential obfuscation corresponds to designing Blackwell-upper bounds
on experiments, while sequential disclosure corresponds to designing Blackwell-lower
bounds. Their analysis is tailored to conflict in debates, with the designer and the interme-
diary having opposing preferences over posterior means; this differs from our environment,
where the designer values information.

Our framework also connects to the literature on attention management. In attention-
management models, a receiver may rationally ignore a sender’s information due to
attention costs. Our model nests a class of such problems.3 Within that class, our charac-
terization implies that full disclosure is not optimal. A close precedent is an example due

to Lipnowski et al. (2020) that likewise emphasizes informational trade-offs across states.*

2Bird and Neeman (2022) study a related problem in which a designer restricts an experimenter who
persuades a DM. In contrast to our setting, the experimenter can restrict the actions available to the DM.

3Namely, by identifying the designer with the sender, and the experimenter with the receiver. The sender
has convex posterior-mean payoffs, and the receiver’s costs are posterior-mean separable.

4Other related papers in this strand of literature are Wei (2021); Bloedel and Segal (2021); Lipnowski



A related strand studies information design under exogenously given constraints
on information structures, such as limits on the number of messages or monotonicity
requirements; see Le Treust and Tomala (2019); Babichenko et al. (2021); Ivanov (2021);
Mensch (2021); Tsakas and Tsakas (2021); Ball and Espin-Sanchez (2022); Onuchic and
Ray (2023); Aybas and Turkel (2025); Lyu et al. (2025). We instead make the restriction
itself the design object.

The persuasion literature has studied other reasons why information transmission may
improve in environments with persuasion incentives. Tsakas et al. (2021) ask whether the
DM can gain by committing to burning money when taking certain actions. Curello and
Sinander (2025) ask which changes to the experimenter’s payoffs induce the experimenter
to choose a more informative experiment.> We instead focus on informational restrictions
on admissible experiments and highlight that profitable restrictions necessarily induce
experiments that are Blackwell-incomparable to unrestricted experimentation.

Kleiner et al. (2021) and Kolotilin and Zapechelnyuk (2025) establish equivalences
between a class of delegation and persuasion problems. These equivalences do not apply
to our setting since the designer delegates persuasion itself to the experimenter.

Finally, we contribute to the literature on information design subject to privacy con-
straints. We explain in Section 6 how our restrictions can capture both differential privacy
constraints, as proposed by Dwork et al. (2006) and widely used in practice, and privacy
sets, as proposed by Strack and Yang (2024).° These privacy notions are motivated by
an intrinsic interest in protecting individual-specific characteristics. Schmutte and Yoder
(2025) and Pan et al. (2025) study information design subject to differential privacy con-
straints. In contrast, we study the optimal design of such restrictions by a designer who
has no intrinsic preference for privacy but seeks to steer the incentives of a biased experi-
menter. We show that privacy restrictions may arise nevertheless to protect individuals

from persuasion.

2 Model

Our model features a designer, an experimenter, and a decision maker (DM).

State, outside option, and payoffs. There is a state w € [0, 1] which is the realization of

a random variable w with prior CDF H and strictly positive, continuous density h. We

et al. (2022); Song (2025); Jain and Whitmeyer (2026); Dall’Ara (2026).

>Curello and Sinander (2025) also provide a result concerning changes to the prior. We comment on how
this result relates to our problem in Footnote 9 further ahead.

%See also He et al. (2026) for the more distant notion of private private information.
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denote the prior mean of the state by y = [Eg[w]. There is also an outside option r € [0, 1]
which is the realization of a random variable r» with prior CDF G and strictly positive,
continuously differentiable density g. The outside option is privately observed by the DM.

The DM decides whether or not to act, a € {0, 1}, where a = 0 represents inaction and
a =1 represents action. The DM’s payoff from inaction is normalized to zero. When the
state is w and the outside option is r, the DM’s payoff from action is w — r. Accordingly,
when the DM’s belief about the state has mean m, the DM takes the action if and only if
m>r.

The experimenter’s payoff from inaction is zero and that from action is one. Hence, the
experimenter has a state-independent preference for action.

We describe the designer’s payoffs in reduced form given the DM’s posterior mean
about the state: if the posterior mean is m, the designer’s interim expected payoff equals
up(m), where the expectation is taken over the DM’s outside option and action. We assume
that up: [0,1] — R is strictly convex and differentiable with a bounded derivative. Note
that one interpretation of our model is for the designer and the DM to represent the same
agent. In this case, we obtain up(m) = Eg[max{0, m —r}].

We make two assumptions on the distribution of the outside option G and the prior

mean of the state p.

Assumption 1. The density g is strictly quasiconcave with an interior maximum rg € (0, 1).

Accordingly, the CDF G is S-shaped: strictly convex on [0, 7], and strictly concave on [ry, 1].
Assumption 2. It holds g(p)u > G(p).

Assumption 1 is a common assumption in the persuasion literature (see, for example,
Kolotilin et al., 2022). For us, it yields tractability in the experimenter’s problem as
described momentarily. We study more general preferences in Section 7.

Assumption 2 states that the prior mean yu lies in the convex part of G or close to
the inflection point ry in the concave part. The assumption rules out trivial cases: if

Assumption 2 fails, no information transmission would arise; see Section 3.

Information. While the DM privately observes the realized outside option r, the DM does
not observe the realized state w. Instead, the experimenter provides information about
the state to the DM via an experiment. Due to the assumed posterior-mean preferences, we
may identify each experiment with its induced CDF F of posterior means. It is convenient
to consider integrated CDFs (ICDFs) and mean-preserving contractions (MPCs). Given a CDF
F, we define its ICDF I by Ip(m) = IOmF(m’)dm’ for all m € [0,1]. A CDF F is an MPC of a

"The DM'’s tie-breaking will be irrelevant as the CDF G of the outside option is atomless.
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ICDF

State

Figure 1: The ICDFs of the prior H, the degenerate experiment o, and an experiment F that
pools H above a threshold x to a point y, and else coincides with H.

CDF F if and only if Ir < I and Ir(1) = Iz(1); analogously, F is a mean-preserving spread
(MPS) of F. As is well-known, the set of experiments coincides with the set of MPCs of the
prior H, denoted MPC(H). We equip MPC(H) with the L!-norm.

Let 6, be the degenerate (uninformative) experiment, i.e., the Dirac measure on the
prior mean y. Then, we can express MPC(H) as the set of CDFs F satisfying Iéﬁ <Ip <Iy.
Figure 1 depicts the ICDF representation and constraint.

Restrictions. Before the experimenter chooses an experiment, the designer imposes a
restriction F € MPC(H): given restriction F, the experimenter must choose an experiment
from the set MPC(F) rather than from MPC(H). Note, a restriction is an MPS-upper bound
on admissible experiments, not an MPS-lower bound: the experimenter can always garble
information. We discuss this model of informational restrictions along with real-world
analogues at the end of this section. In Figure 1, if the restriction is F, the experimenter
can choose among experiments whose ICDFs lie between Ir and I; , as indicated by the

shaded area. For example, F is admissible, but H is not.

Incentive-compatibility and optimality. Given a posterior mean m and outside option
r, the DM chooses to act (a = 1) if and only if m > r. It follows from the experimenter’s

state-independent payoffs that the experimenter’s interim expected payoff from inducing



a posterior mean m equals G(m). Importantly, this payoff is S-shaped (Assumption 1). The
experimenter’s ex-ante payoff from an experiment F equals IG(m) dF(m).

Given restriction F, let BR(F) be the set of the experimenter’s best replies:®

BR(F) = argmax JG(m)dF(m).
FeMPC(F)

An alternative interpretation of MPC(F) is simply the set of all experiments when F is
the underlying prior distribution of the state. Accordingly, F € BR(F) means that the
experimenter finds F optimal given full delegation and the fictitious prior F.”

We define the set of incentive-compatible experiments as those that are best replies to

some restriction.

Definition 1. An experiment F € MPC(H) is incentive compatible if there exists a restriction
F € MPC(H) such that F € BR(F). We denote the set of incentive-compatible experiments
by FI¢.

A useful observation is that an experiment F is incentive compatible if and only if
F € BR(F); that is, when F is the imposed restriction, the experimenter finds it opti-
mal not to garble the restriction. To see why, suppose F € BR(F) for some restriction
F, implying that F is optimal for the experimenter among the admissible experiments
MPC(F). Since F € MPC(F), all mean-preserving contraction of F are admissible too, that
is, MPC(F) € MPC(F). Thus, imposing F as a restriction instead of F possibly shrinks the
set of admissible experiments while F remains admissible. Naturally, F remains optimal
among MPC(F), implying F € BR(F).

The designer’s utility from an experiment F equals qu(m)dF(m). An incentive-
compatible experiment is optimal if it maximizes the designer’s utility across the set
of incentive-compatible experiments F1¢.!0 An optimal incentive-compatible experiment

exists; see Appendix A.1.

2.1 Examples of Restrictions

We illustrate through examples how our framework captures restrictions on real-world

information provision. In these examples, we consider the experimenter’s available in-

8Note that BR(F) is non-empty as MPC(F) is compact and F JG(m)dP(m) is continuous.

Interpreting the restriction F as a fictitious prior, we explain how our analysis relates to a result of
Curello and Sinander (2025). Their Proposition 5 implies that there is no shift of the prior F that makes
BR(F) more informative (in the weak set order) for all S-shaped G. This result has no direct bearing on our
analysis since we fix G. Moreover, as we will highlight in Section 4, optimizing over restrictions F entails
optimizing over a certain set of incomparable experiments.

10This optimality notion assumes that the experimenter breaks ties in favor of the designer.
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formation and possible communication more explicitly using the language of signals. A
signal consists of a measurable space S and a random variable 7t: [0,1]x[0,1] — S; here,
1t(w,z) represents the signal realization given the state w and a uniformly distributed
random variable z that is independent of w. It is apparent how choices of signals and re-
strictions on them map back to our reduced-form notation in terms of distributions of the
posterior means and mean-preserving contractions. For any signal (S, ), let F(s ) be the
induced distribution of posterior means. Any garbling of (S, 7r) induces a mean-preserving

contraction of F(g r).

Privacy constraints. An important class of restrictions arises through privacy notions
studied in the literature and applied in practice (see, for example, Strack and Yang, 2024;
Dwork et al., 2006, for the notion of privacy sets and differential privacy, respectively).
Such constraints define sets of signals that are closed with respect to garblings and are

therefore captured by our model. We make this connection more explicit in Section 6.

Restrictions on communication. Consider a model in which the designer restricts what
the experimenter can reveal about the state. Suppose that the designer first chooses a set I1
of signals. Then, the experimenter can choose any signal from IT or a Blackwell-garbling
thereof. With the initial choice of I, the designer effectively places an upper bound on
what the experimenter can reveal about the state, even if the experimenter can observe
the state perfectly. Now, if the experimenter finds it optimal to induce an experiment F
via some signal in I'l, then we must have F € BR(F) since any mean-preserving contraction
of F can also be induced via some signal in I1.!! Thus, in our model the designer can
implement F by imposing F as a restriction. This argument also shows that nothing is
gained by imposing multiple restrictions, i.e. restricting the experimenter to (). MPC(F)
for a collection F of restrictions. The experimenter will choose some F satisfying F € BR(F),
meaning it suffices to impose F directly.

For example, suppose that the state is distributed uniformly on [0,1]. A legislator
requires a three-category claim structure with S = {i,sg,vg} (innocent, somewhat guilty,

and very guilty) and imposes the deterministic map

1, if w€e[0,1/3)
n(w)=4sg, if we[1/3,2/3) (1)
vg, ifwe(2/3,1]

This corresponds to a restriction F = %61/6 + %51/2 + %65/6. The prosecutor can however

"See Lemma 8 in Appendix OA for the details.
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choose to communicate coarser by merging sg and vg into a joint guilty signal g. The

resulting experiment F would correspond to F = %61/6 + %62/3. 12

Restrictions on measurement. Consider a model in which the designer restricts what
the experimenter can measure about the state. Suppose that the designer can choose to
reveal only partial information about the state to the experimenter, that is, the designer
chooses a signal ([0, 1], r) in which the signal space coincides with the state space [0,1].
The experimenter then chooses an arbitrary signal (S’, 7) that defines what the DM will
eventually observes. However, the input into the experimenter’s signal is not the realized
state w but the signal realization that the experimenter receives through the designer’s
signal. The experimenter can then induce any experiment that is a mean-preserving
contraction of the experiment F that is induced by ([0,1], 7). Thus, in our model, this
situation is captured by imposing F as a restriction.

For example, a regulator specifies the measurement technology that a producer must
use to estimate a product’s safety. Suppose that the underlying state (the product’s safety) w
is uniformly distributed on [0, 1]. Then, one restriction is that the measurement technology
can only produce binary outcomes 7t € {0, 1} (safe or not safe) with Pr(wr =1 | w) = w and
Pr(m = 0| w) =1 - w. Thus, the regulator’s restriction corresponds to F = 18,3 + 59,/3. The
producer can then process these estimated states further. For instance, the producer can
hide the test result with probability 1 — a and truthfully reveal it with probability a. This
induces the experiment F = (1 —a)d1/, + 501/3 + 507/3.

3 Benchmark: Full Delegation

In this section, we discuss the benchmark in which the designer fully delegates the
experiment choice to the experimenter, that is, when F = H. Hence, there is no restriction
in place and the experimenter chooses among all mean-preserving contractions of the
prior H, MPC(H). The results in Kolotilin et al. (2022) imply that upper censorship of the
prior is the unique best reply of the experimenter: the experimenter reveals all states below
a threshold x, and pools all remaining states to an atom y = Eg[w | w > x]. The dashed

blue experiment F depicted in Figure 1 is an instance of an upper censorship experiment.

2Note that the experimenter is not restricted to a weakly lower number of messages in our environment.
The experimenter is permitted to use an arbitrary amount of messages, but these are still restricted to be a
mean-preserving contraction of F. For example, the prosecutor can create further subcategories of the guilt
level by post-processing the maximal signals 7(w) given w. However, the prosecutor is cannot reveal more
information than by directly reported 7(w). Post-trial audits or preventing certain types of evidence can be
used to prevent such claims.
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Definition 2. An experiment F is upper censorship (of the prior H) with threshold x and
atom yp if F coincides with the prior H on the interval [0, x] and assigns mass 1 — H(x) to

the point y = Eg[w | w > x].

We restate the characterization from Kolotilin et al. (2022) of the experimenter’s best
reply.

Proposition 1 (Kolotilin et al. (2022)). There is a unique best reply F* to H. In particular, F* is
an upper censorship experiment with a threshold x* and an atom y* = Eg|w | w > x*| satisfying
0<x"<ry<y*<1land

G(x)+ g )y —x7) = G(). (2)

We recall the intuition from Kolotilin et al. (2022). The atom p* lies in the concave
region of the experimenter’s payoff G. Due to this concavity, the experimenter optimally
pools some states around y* to y*. As pooling additional states into y* raises the probability
of the pooling outcome, the experimenter also adds some states from the convex part
into the pooling region. Equation (2) is the first-order condition that characterizes the
optimal pooling region, trading off the value of revelation in the convex region against
the likelihood of the pooling outcome. Figure 2 depicts this optimality condition and
illustrates the optimal upper censorship experiment.

Importantly, the threshold x* is interior: the experimenter reveals a non-trivial interval
of states. The interiority of x* follows from Assumption 2. If this assumption fails, the
results in Kolotilin et al. (2022) imply that the uninformative experiment o, is the unique
best reply to H.

When the designer can pick a restriction, Assumption 2 remains necessary for in-
formation transmission. Trivially, 6, is admissible under all restrictions and imposing a
restriction only shrinks the set of experiments from which the experimenter can choose.
Thus, if the experimenter’s best reply to the prior H is unique and uninformative—i.e.
0, = BR(H)—, then ¢, is also the unique best reply to all restrictions. For this reason, we
maintain Assumption 2.

The optimal upper censorship experiment provides the relevant benchmark for the
designer. The designer can always guarantee the payoff from the optimal censorship
experiment by full delegation, not restricting the set of admissible experiments. However,
under upper censorship a significant set of states is pooled into a point and, hence,
substantial information is lost. We next study which alternative experiments the designer

can induce by introducing non-trivial delegation sets.
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Experimenter’s payoffs

State

Figure 2: Equation (2) defines the optimal upper censorship experiment, illustrated by the red
dotted line. The tangent to G at y* intersects G at x*. Since x* < ry, some states in the convex
region of the experimenter’s payoff are also pooled into the high atom y*.

4 Maximal Incentive-Compatible Experiments

In this section, we first show that it suffices to consider a subset of incentive-compatible
experiments that we call maximal. Our first main result characterizes the entire set of

maximal incentive-compatible experiments.

4.1 Motivation and Definition

Incentive-compatible experiments represent all experiments that the designer can im-
plement with some delegation set. However, some incentive-compatible experiments are
clearly suboptimal. For example, the uninformative experiment o, is straightforwardly
incentive-compatible: when the designer imposes 6, as a restriction, the delegation set
contains only the uninformative experiment 0, and the experimenter can only choose
0, However, the designer never finds it optimal to implement 9, since 0, is strictly less
informative than the full delegation outcome F*, and since the designer has strictly convex
payoffs.

This observation suggests to refine the candidate set of optimal experiments by consid-

ering only those incentive-compatible experiments that are not mean-preserving contrac-
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tions of other incentive-compatible experiments. We next formalize this refinement and

show that it is indeed without loss for optimality.

Definition 3. An incentive-compatible experiment F is maximal (MIC) if there does not
exist an incentive-compatible experiment F of which F is a proper mean-preserving
contraction; that is, there does not exist an incentive-compatible experiment F such that
F € MPC(F) and F ¢ MPC(F).

Economically, the set of MIC experiments is the relevant boundary of what the designer
can implement. An MIC experiment represents a restriction that the experimenter has no
incentive to garble, whereas the experimenter would garble every strictly more informative
restriction.

The full delegation outcome F* is an example of an MIC experiment. To see why, let
F be an incentive-compatible experiment of which F* is a mean-preserving contraction.
On the one hand, the assumption that F is incentive compatible and a mean-preserving
spread of F* implies that the experimenter weakly prefers F to F*. On the other hand,
Proposition 1 asserts that the experimenter strictly prefers F* over all other experiments.
Hence, the experiments F and F* must be identical, implying that F* is MIC. '3

The following lemma justifies restricting attention to MIC experiments.

Lemma 1. For all incentive-compatible experiments F there exists a maximal incentive-

compatible experiment F that is a mean-preserving spread of F.

Lemma 1 implies that it is without loss to focus on MIC experiments when searching
for restrictions delivering optimal delegation sets. The MIC experiment F is incentive
compatible. Hence, the experimenter will optimally choose the experiment F when the
designer’s restriction is F. Further, since F is a mean-preserving spread of F, the designer
and DM, who have convex posterior-mean payoffs, prefer F over F.

To gain intuition for the existence argument, suppose F is not MIC. By definition, this
means there is an incentive-compatible experiment that is a mean-preserving spread of F.
If this experiment is also not MIC, there is a further incentive compatible mean-preserving
spread, and so on. A continuity-compactness argument shows that this reasoning delivers
an MIC experiment F that is a mean-preserving spread of F.

The notion and optimality of MIC experiments highlight how the designer may poten-

tially benefit from imposing a restriction despite having a preference for information. All

3In environments in which the experimenter’s best-reply set under full delegation, BR(H), is multi-
valued, all designer-preferred experiments in BR(H) must be MIC if the designer’s posterior-mean payoffs
are strictly convex.
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MIC experiments are incomparable to one another, by definition of maximality. Since MIC
experiments are without loss, the designer thus trades-off informativeness about different
regions of the state space when choosing among MIC experiments. In particular, since the
full delegation outcome F* is also an MIC experiment, the candidate set of experiments is

incomparable to F*.

Remark 1. The experiment F in Lemma 1 Pareto dominates F. The DM and the designer
with convex payoffs prefer F to F since F € MPC(F). Turning to the experimenter, incentive
compatibility of F implies that the experimenter finds F optimal when F is given as a

restriction. In particular, since F € MPC(ﬁ), the experimenter prefers FtoF.

4.2 Double Censorship

In our main characterization result, we show that all MIC experiments take the form
of double censorship experiments. We introduce them formally in the definition below.
Intuitively, a double-censorship experiment divides the state space into three intervals:
a fully revealing interval, an intermediate pooling interval, and a high pooling interval.

Figure 3 depicts the ICDF of a double-censorship experiment.

Definition 4. An experiment F is double censorship with thresholds (s, ) and atoms (x, p) if
s<tand x=FEgy[w|we]s t]]and y = Ey[w|w € [t,1]] and

H(m) if me[0,s),
)

Vme[0,1], F(m)=
if me

[

H(s) if m e [s,x),
) [x9),
1 ifmely, 1]

Each upper censorship experiment, including the full-delegation outcome F*, is a
special double censorship experiment with s = x =, and such that all states below x are

fully revealed while all states above x are pooled to y = Ey[w |w € [x,1]].

4.3 Characterization

Our first main result shows that all MIC experiments take the form of double censorship.
To do so, we introduce the set P, which relates the two atoms of a double censorship

experiment to each other through a tangency condition similar to the one in Proposition 1
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Figure 3: The ICDF of double censorship F with thresholds (s, t) and atoms (x, ).

and depicted in Figure 2. We will see that this tangency condition characterizes incentive-

compatibility of double censorship experiments. Formally, let
P={(xv):0<x<ry<y<1land G(x)+g®)(y—x)=G(v)} (3)

Theorem 1. An experiment F is MIC if and only if F is a double censorship experiment with
thresholds (s, t) and atoms (x,v) satisfying

(x,y)eP and s<x*<t and 0<x<y<l,
where x* denotes the threshold of the upper censorship experiment under full delegation.

Theorem 1 shows that double censorship experiments are the only candidates for
MIC experiments. MIC experiments are characterized by interpretable properties of the
thresholds s and ¢, and the atoms x and y. The first property, (x,y) € P, characterizes
incentive-compatibility for double censorship experiments, as we explain in more detail
in the discussion of the proof. The second property, s < x* < t, reflects maximality and
highlights how a given MIC experiment F compares to the full-delegation outcome F*. On
the one hand, the pooling region [t,1] is contained in the full-delegation pooling region
[x*,1]. On the other hand, there is a new pooling region [s, t] vis-a-vis full revelation of
states below x* under full delegation. Finally, the inequalities 0 < x <y <1 assert that x

and y are indeed distinct atoms and imply that F is non-degenerate.
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Theorem 1 shows how each given MIC experiment compares to the full delegation
outcome F* (itself an MIC experiment). More generally, choosing among MIC experiments
entails trading off the experiment’s informational content about different regions of the

state space. We can express this trade-off via a total order:

Corollary 1. For all two MIC double censorship experiments with respective parameters
(s,t,x,v) and (s",t',x",v"), if v/ <y, then [s,t'] C[s,t] and [t,1] C [t/, 1] and x < x'.

Thus, the designer can shrink the upper pooling region [t,1] (an informational gain)
only by expanding the lower pooling region [s,t] (an informational loss). This trade-
off is driven by the need to maintain the constraint (x,y) € P that reflects incentive
compatibility. Corollary 1 implies that MIC experiments are a one-parameter family
indexed and ordered by the top atom y. Given y, we compute (s, t, x) using the condition
(x,v) € P from Theorem 1 and the definition of x and y as conditional expectations for
double censorship experiments.

To gain intuition for the designer’s trade-off, consider the experimenter’s trade-off when
choosing an upper censorship threshold under the prior H. The experimenter’s choice of
the upper censorship threshold x* trades-off the location of the atom y* = Ey{w | w € [x*, 1]]
versus the probability assigned to the atom, 1 — H(x"). This trade-off is captured by the
first-order condition (2) that defines the set P. If the designer imposes some restriction F,
the designer effectively imposes F as the prior, thereby affecting the trade-off between the
location of the atom and the probability assigned to it. To be more concrete, suppose F
obtains from H by pooling a small interval (s, t] around x* to x, where x lies below x*, i.e.
s < x <x"<t<y" Suppose the experimenter would continue to reveal all states weakly
below x* while pooling all states strictly above x*, and when states are drawn from the
fictitious prior F. Since F pools states in [x*, t] to a point x below x*, the new atom lies
above y*—i.e. y = Ef[w | w € [x*,1]] > y*—, and the probability assigned to y is below
the probability assigned to y*—i.e. 1 — F(x*) = 1 — H(t) < 1 — H(x*). Therefore, from the
perspective of the experimenter’s trade-off, the atom p is now (weakly) too high and the
probability assigned to y is (weakly) too low. Therefore, the experimenter’s best reply
is to (weakly) reduce the upper censorship threshold from x*. In fact, we can show that,
if the points x and y are precisely such that (x,y) € P, as in the experiments described
by Theorem 1, then a new optimal upper censorship threshold is x* itself (and that the
resulting experiment is optimal among all experiments that are feasible given F). Given
the construction of F, revealing all states weakly below x* while pooling all strictly states
above x* effectively means that, when states are drawn according to H, the experimenter

reveals all states weakly below s, while pooling all states in the respective intervals (s, ¢]
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and (t,1]. We have obtained a double censorship experiment.

4.4 Sketch of the Proof

In the following, we outline the proof of Theorem 1, focusing on the characterization of an
arbitrary MIC experiment as a double censorship experiment. In the appendix, we also
prove the other direction that all double censorship experiments with the properties in
Theorem 1 are MIC experiments.

First, we characterize incentive-compatible experiments in our environment using the

price-theoretic approach of Dworczak and Martini (2019).

Lemma 2. An experiment F is IC if and only if there exists a convex, continuous function
p: [0,1] = R such that p > G and suppF C {m € [0,1]: p(m) = G(m)}.

Proof of Lemma 2. Dworczak and Martini (2019, Corollary 1) provide the following nec-
essary and sufficient condition for an experiment F to be optimal in an unconstrained
persuasion problem when the prior is some distribution F: Given a prior F and F € MPC(F),
it holds F € BR(F) if and only if there exists a convex, continuous function p: [0,1] — R such
that p > G and suppF C {m €[0,1]: p(m) = G(m)} and fp(m)dP(m) = fp(m)dlf(m).

Our lemma follows from this result and recalling that an experiment F is incentive-
compatible if and only if F is a best reply to itself, that is, if F € BR(F). Thus, F would
be optimal in the full-delegation problem if F was the prior. Indeed, if F = F, then the

integral condition fp(m)dF(m) = fp(m) dF(m) trivially holds.'* ]

To further characterize incentive-compatible experiments, we combine Lemma 2 with

S-shapedness of the experimenter’s payoff.

Lemma 3. A non-degenerate experiment F is incentive-compatible if and only if there exist

(x,v) € P such that F assigns no mass to the set (x,y) U (y,1].

To gain intuition, suppose F is an incentive-compatible experiment. Then, F cannot
assign mass to multiple states in the concave part [ry, 1] of the experimenter’s payoff G
since the experimenter would strictly prefer to pool such states. Thus, there is at most one
point y in support of F above ry. In fact, as discussed in the context of full delegation in

Section 3, the experimenter would also pool some states just below the inflection point

14Lemma 2 does not rely on S-shapedness of G. To apply Corollary 1 of Dworczak and Martini (2019), the
following suffices: G is upper semicontinuous with at most finitely many discontinuities at interior points
Y1,..., V% €(0,1), and is Lipschitz continuous in each interval (y;,v;,1), with vy = 0 and yy,q = 1; this is part
(i) of the regularity condition of Dworczak and Martini (2019).
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1o to shift more probability mass to the pooling outcome. The point x < rj represents the
cutoff value where the experimenter finds it optimal to pool no further, as reflected in the
condition G(x)+ g(v)(y —x) = G(y) that defines the set P (recall (3)). We conclude that F
cannot assign mass to (x,y) U (y, 1]. Note, however, that we cannot yet conclude that, as in
double censorship, y is obtained by pooling the prior above some threshold, or that x or y
are even in the support of F.

Lemma 3 shows that incentive-compatibility is fully characterized by regions of the
state space on which an experiment does not assign any mass. Thus, any MIC experiment
should reveal as much information as possible while respecting these forbidden regions. We
next show how double censorship emerges from combining incentive-compatibility with
maximality considerations. To that end, we first prove that the set P, which characterizes

the forbidden regions, is ordered by set inclusion.
Lemma 4. If (x,y) € P and (x',y’) € P, then [x,y] C [x,y"] or [x',v"] C [x,p].

This lemma directly follows from the S-shapedness of G, as illustrated in Figure 4.
Whenever there is a feasible (x,y)-combination, that is, one that satisfies (3), the tangent
of the experimenter’s value at y has to intersect the experimenter’s value at x. As y > r,
the point p lies in the concave part of the experimenter’s value. Now, consider a marginal
increase in y. By concavity, the tangent of the experimenter’s value becomes flatter. Hence,
the intersection with the experimenter’s value must occur at a lower value. It follows that
the intervals [x,y] defined by the elements of the set P are nested.

Next, we derive the remaining properties of the characterization of MIC experi-
ments that result from maximality. Consider an arbitrary MIC experiment F. Incentive-
compatibility implies, by Lemma 3, that F does not allocate any mass to (x,y) U (,1],
which implies that the ICDF I of the experiment F is affine on [x,y] and [y, 1]. Maximality
implies then that F is as informative as possible subject to not assigning any mass to the
forbidden regions. Moreover, due to Lemma 4, we only have to distinguish two cases for
how any MIC experiment F relates to the full-delegation outcome F*: the experiment F is
such that [x,y] C [x*,y*] or it is such that [x*,y*] C [x, v].

First, suppose [x,y] C [x*,p*]. In this case, we show that F must be an MPC of the full-
delegation outcome F* and therefore not maximal unless F = F*. We illustrate graphically
in Figure 5a. As the experiments F and F* assign no mass to [y, 1] and [y~ 1], respectively,
their ICDFs both hit the ICDF of the uninformative experiment at y and y*, respectively.
In particular, since y* >y, we find Ir(y*) = Ip-(y”). In this sense, the experiment F pools
weakly more states at the top than F*. Moreover, I lies weakly below I on [0, x*] since the

full-delegation F* outcome fully reveals all states in this region. Therefore, F* is weakly
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Figure 4: The order of the set P. For a higher value of vy, the slope of G at y is lower, meaning
the tangent to G at y intersects G below r( at a lower point x.

more informative at the bottom as well. Finally, note that I is affine on [x*,y*], while I is
convex. Since Ip(x*) < Ip(x*) and Ip(y*) = Ip«(y*), we obtain Ig(m) < Ip(m) for all m € [x*, p*].
Summarizing, we find that I lies below I on all of [0,1], implying that F is an MPC of
F*. The experiment F* is incentive-compatible. Thus, for F to be maximal, we must have
F = F*, implying that F is upper censorship, which is a special case of double censorship.

Second, suppose [x*,1*] C [x,y]. We illustrate this case graphically in Figure 5b. In
this case, Iy hits the ICDF of the uninformative experiment at y > y* and, hence, after
Ip-. It follows from incentive-compatibility that Ir is affine on [x,y] and coincides with
Iy at most once on this interval. For the purpose of this sketch, suppose I lies strictly
below Iy on [x,p]. In this case, we can obtain a new experiment @ by rotating the affine
segment of Ir on [x,y] clockwise, while anchoring it Ir(y), until it is tangent to Iy at
some point t. Then, we can find a point s such that the tangent to Iy at s intersects the
new affine segment at x. Finally, we let @ reveal all states below s. In the proof, we show
that [x*,v*] C [x,y] guarantees the existence of such points s and t. The constructed @ is
incentive-compatible, a mean-preserving spread of F, and a double-censorship experiment.
Incentive-compatibility follows from Lemma 3 as @ does not allocate mass to the set
(x,v) U (,1], while ® € MPS(F) follows since I > Ir. Hence, for F to be maximal, we must
have F = @, implying that F is double censorship.
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(a) An incentive-compatible experiment F that isan (b) An incentive-compatible experiment F and a
MPC of F*. double censorship experiment ® that is an MPS of
F.

Figure 5: Characterization of MIC experiments. For readability, the horizontal axes are truncated
at the top.

5 Optimal Delegation

5.1 Full delegation is not optimal

We now revisit the designer’s problem that is at the core of our environment. Anticipating
the persuasion motive of the experimenter, can the designer gain from restricting the set
of experiments available to the experimenter even though the designer has a preference
for informative experiments? To answer this, Lemma 1 implies that it suffices to consider
restrictions that are MIC experiments, i.e. the experimenter has no incentive to garble
the restriction but would garble any more informative restriction. We now apply our
characterization of MIC experiments as double censorship experiments. The following

theorem is our second main result.
Theorem 2. The full delegation outcome F* is not optimal.

We prove Theorem 2 using a local perturbation argument at the full-delegation solution.
Recall that the family of MIC experiments is a one-dimensional family parametrized by
the atom v in the top pooling interval (Corollary 1). Moreover, full delegation leads to the
upper censorship experiment with y = y* and s = t = x*. Denote by Up(y) the designer’s
value from choosing the double censorship experiment with y as restriction. Due to

Corollary 1, v > y*. Hence, we consider the right-derivative of Up(y) and evaluate it at
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y = v". After simplifications, we obtain

) 5D —up(¥)\
S

ub(y 1-H(x)>0, (4)
which is strictly positive since up is strictly convex and x* < p*.

To interpret this derivative, consider first the following hypothetical scenario: the
designer is presented with a binary experiment with support {x*,y*} and mean p, and can
costlessly perturb the support subject to the mean constraint. The derivative (4) equals
(up to a multiplicative factor) the change in the designer’s payoff when increasing y*
marginally while holding x* fixed and adjusting the probability of the realization y* to
satisfy the mean constraint. The term u,(y*) reflects the marginal increase in the value
of the atom p*, and the term % reflects the mass that is shifted from y* to x* to
maintain the mean. The designer gains from this perturbation because an increase in y*
while holding x* fixed makes the binary experiment more informative.

In our actual model, the designer cannot freely pick the experiment but must addition-
ally satisfy incentive compatibility. To achieve this, the designer introduces the double
censorship thresholds s and t. Since the states in the interval [s,t] are now pooled to x,
there is a cost to the perturbation. Importantly though, we show that this cost is of second
order. Intuitively, the thresholds s and ¢ remain close to x* for any small perturbation, and

hence, are an order of magnitude smaller than y* — x*. Formally, this cost is
ot —uotomyariom, )
st

reflecting the informational loss from pooling states to x instead of revealing them. For s

and t close to x*, this integral is an order of magnitude smaller than the gain reflected in

(4).

Remark 2. There exists a solution to the designer’s problem, and it is attained by an
incentive-compatible double censorship experiment. Viewed as a best reply to itself, this
experiment is a fictitious prior with two atoms. Theorem 2 does not apply to this fictitious

prior since the theorem assumes an absolutely continuous prior.

5.2 A Parametric Example

To illustrate our results, we consider a parametrized example. Suppose that the state is
uniformly distributed on the unit interval, that is, H(w) = w, and that the outside option
distribution is a Beta(2,2) distribution, that is, G(r) = 3r> - 273 and g(r) = 67(1 — r) with
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ro = 1/2.1° The designer’s and the DM’s payoffs coincide.

Full-delegation benchmark. First, we consider the full-delegation benchmark, that is, the
persuasion solution. By Proposition 1, the optimal experiment will be upper censorship
(with cutoff x* and top atom y* = [E[w | @ > x*]) and determined through the tangency
condition. Due to the uniform assumption, we obtain for the top atom y* = (x*+1)/2 (and
equivalently x* = 2y* — 1). Applying the tangency condition (2) yields the optimal upper
censorship experiment:

1 5

X'=— 9 ==

MIC experiments. By Theorem 1, we can restrict attention to double censorship exper-
iments. With our parametric assumptions, we obtain that for a given top atom y, the

double-censorship experiment is characterized by

x(y) = 2—2% tHy)=2y-1, s(y)=4-6y
as long as the solution is feasible (i.e., x(y) < x*, 0 <x <y <1, and s > 0). Thus, we can
characterize the set of implementable top atoms as the constraint
ye [E 2]
8" 3]
Optimal delegation. For any feasible double-censorship experiment with top atom v, the
designer’s (and DM’s) ex-ante payoff is

5(y) o
UD@){O fo (0 dG(r)dH(w)
x(v)
+<H<t<y>>—H<s<y>>>f0 (x(y) — 1) dG(r)
v
v —H(r(y)))j (v—r)dG(r).
0

Applying the expressions for s(y), x(v) and ¢(y), we obtain that Up(y) is strictly increasing
on the feasible range of y. Hence, the optimal restriction is y°P' = 2/3 and the corresponding

optimal double-censorship experiment is characterized by

1 1
Sopt — 0, xopt —— topt =_, yopt —

6’ 3

15To ensure that g(0) > 0 and g(1) > 0 to satisfy Assumption 1, we could mix the Beta(2,2) with a uniform
distribution and make the uniform component vanishingly small. This does not affect the results and for
this reason, we suppress this technical detail.
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The optimal delegation of information provision induces simple information provision
endogenously: a binary signal whether the state is above or below a threshold of °P' = 1/3

is the optimal experiment.

6 Application: Endogenous Privacy Constraints

In this section, we show how our framework gives rise to endogenous privacy constraints
in the context of recommender systems. Algorithms are becoming increasingly important
in making recommendations to decision makers; for example, in suggesting products
to consumers. Recommendation algorithms often take as input user-specific data, such
as their location, age, gender, or browsing history. Policy discussions frequently raise
privacy concerns regarding the use of such data, suggesting a tension between information
transmission and privacy protection. Surprisingly, our results imply the opposite: a user
who has no intrinsic preference for privacy may be strictly better off under optimally
designed privacy constraints than without privacy constraints. Even without intrinsic
preferences for privacy, such privacy constraints may be optimal to protect consumers
against persuasion without giving up on valuable information provision. !¢

In the following, we first introduce two prominent notions of privacy constraints. Sec-
ond, we link these notions to restrictions in our model. Third, we provide a stylized model
of a recommender system persuading a consumer to purchase a product; we show how
the consumer can benefit from well-designed privacy constraints, even without intrinsic
preferences for privacy. Fourth, we illustrate how privacy constraints can endogenously
arise as a form of self-regulation of a hierarchical organization with misaligned preferences

over information provision and persuasion.

6.1 Privacy Constraints

We consider two notions of privacy constraints: differential privacy (Dwork et al. (2006))
and privacy-preserving signals (Strack and Yang (2024)). To that end, we slightly extend
our model. There is a random variable @ taking values in a measurable space ®, which is
correlated with the payoff-relevant state w. In particular, we assume that w = v(0) with v
a strictly increasing function. We give an interpretation of this condition in Section 6.3,
in which we apply our discussion of privacy constraints to recommender systems. The

variable 0 represents privacy-protected characteristics but is itself payoff-irrelevant. A

16Liang et al. (2026) consider the distinct but related issue of regulating algorithmic inputs to manage a
trade-off between fairness and accuracy.
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signal is a pair (S, 1), where S is a measurable space and 7c: [0,1]x© x[0,1] — S maps
the realizations of the state w, the privacy-protected characteristic 8, and a randomization
device z to signals. As before, an experiment refers to a distribution of posterior means

about the state. We next state the formalizations of the two privacy notions that we study.

Differential privacy. Given a function 6: ®? — R, a signal (S,n) satisfies differential
privacy if for all 6,0” € ® and measurable S C S it holds Pr(w € S | ) < Pr(mw € S |
0")5(0,0’).'7 Intuitively, the likelihood ratio of 6 and 6’ is bounded by §(6,6’), bounding
the inference one can draw from observing the event S. In practice, 6 often reflects physical

distances between characteristics.

Privacy-preserving signals. Let P be a family of events P in © that is closed with respect
to finite intersections, called privacy sets. A signal (S, i) is privacy preserving if for all P € P
it holds Pr(@ € P | t) = Pr(0 € P) almost surely; that is, the signal cannot reveal information
about any privacy set. Moreover, given some event Py, a signal (S, i) is conditionally privacy-
preserving signal, if for all P € P it holds Pr(@ € P | r, P)) = Pr(@ € P | Py) almost surely; i.e.

the privacy-constraint is required only conditional on the event F;.

6.2 Delegation Sets as Privacy Constraints

In the following, we show that the delegation sets we study are closely linked to privacy
constraints as introduced above. To do so, we relate the objects defining the privacy
constraints, o and P, to restrictions on the set of admissible experiments.

First, suppose that the experimenter can pick any signal satisfying differential privacy,
for some choice of 0. Importantly, note that if a signal (S, i) satisfies o-differential privacy,
then all Blackwell-garblings of this signal satisfy o-differential privacy as well. Therefore, it
follows that if the experimenter optimally picks a signal (S, 7r) that induces an experiment
F, then this experiment F is a best response to the restriction F, F € BR(F). To see why,
note that the experimenter could have chosen any other signal inducing experiment F €
MPC(F), but preferred F. Hence, in our model, F is incentive compatible and the designer
can implement the F by imposing F itself as a restriction. The same argument applies for
privacy-preserving signals given some choice of privacy set P, since the constraint set that

P induces is also closed with respect to garblings.'®

7To be precise, this is a notion of metric differential privacy (Xie et al. (2025)), which generalizes
differential privacy (Dwork et al. (2006)) by allowing 6 to vary across characteristics.

18In fact, Strack and Yang (2024) show that the experiments, that can arise under some privacy set,
correspond exactly to the MPCs of a certain experiment.
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Second, we argue that optimal restrictions can be implemented via privacy constraints
under appropriate conditions on the relation between the payoff-relevant state w and the
random variable 8 on which the privacy constraints are imposed. Since the restrictions in
our model concern the payoff-relevant state w, the implementation is easiest when w is
strongly correlated with 6. Given the strictly monotonic mapping between the two random
variables 8 and w that is known to the experimenter, imposing a privacy constraint on the
individual-specific data 6 is formally equivalent to imposing a privacy constraint on the
estimated match payoff-relevant state w.

The next corollary shows that any MIC experiment F can be implemented as a best reply

to a simple restriction F, which we shall use to relate restrictions to privacy constraints.

Corollary 2. If F is MIC double censorship with parameters (s,t,x,v), then F is a best reply to

the restriction F that is obtained by pooling H on [s,t] to x and otherwise revealing the state.

Using Corollary 2, we can implement F via differential privacy as follows: Choose
O(w,w’)=1if w and w’ are both in [s, t], and otherwise put é(w, w’) = co. The differential-
privacy constraint reduces to requiring that the signal realization be constant in the
payoff-relevant state w whenever the state is in [s,t]. Thus, every differentially private
signal induces an experiment (a distribution of posterior means for the state) that is a
mean-preserving contraction of the experiment that reveals the state whenever the state is
outside [s,t], and otherwise only reveals that the state is in [s, t]. Corollary 2 then implies
that imposing this experiment as a restriction yields the given MIC experiment F as a best
reply. Hence, the chosen differential privacy constraint implements F.

Next, we describe how to implement F via privacy sets and conditionally privacy-
preserving signals. First, we choose as conditioning event P, the event that the payoff-
relevant state w falls into the interval [s, ] and let P be the family of all Borel subsets of
[s,t]. Conditional on w ¢ [s,t], the privacy constraint holds trivially, since for all subsets
P of [s,t] the probability of the event w € P equals 0. Conversely, conditional on w € [s, t],
the privacy constraint requires any signal to reveal no additional information beyond the
state’s falling into [s, t]. Therefore, every conditionally privacy-preserving signal induces
an experiment that is a mean-preserving contraction of the experiment that reveals the
state whenever the state is outside [s, ], and otherwise only reveals that the state is in [s, t].
As before, it follows that the experimenter chooses the desired MIC experiment F when

constrained to use signals that are conditionally privacy-preserving for P.
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6.3 Recommender Systems and Privacy Constraints

We now illustrate how consumers can strictly benefit from privacy constraints in the
context of recommender systems, even in the absence of intrinsic preferences for privacy.
A platform receives a commission for each sale and wishes to persuade consumers to
purchase a product. As products are priced by sellers, the platform regards the price
p €[0,1] as exogenous. The platform has access to consumer-specific data that is generated,
for example, from the consumers demographic characteristics and their browsing and
purchase history. We assume that the consumer-specific information is the realization
of a random variable 6 which is distributed according to a full-support distribution T
on [0,1]. For a consumer described by 6, the platform can estimate her match value
w(0) from purchasing the product @ = v(6), where v(-) is a strictly increasing function. '’
The consumer has an idiosyncratic preference component ¢ distributed according to a
full-support distribution E, which she observes privately prior to her purchase decision.
We assume that her value from not purchasing the object is zero. Hence, the consumer

purchases the product given a belief m about her match value and price p if
m+e-p>0 & m>p-c. (6)

We can map this environment back into our framework by regarding p — ¢ as the outside
option. Then, the random outside option r = p — ¢ is distributed according G, where G is
supported on [0, 1] and satisfies Assumption 1 whenever E has full support on [p -1, p]
and is S-shaped on that interval. The distribution T of the random variable 8 describing
the consumer data gives rise to the distribution H of estimated match values when setting
T(t) = H(v(t)) for t € [v=1(0),v71(1)].

Optimal recommendations. An unregulated platform that maximizes its commissions
will use the consumer data to persuade consumers to buy. Thus, it will implement an
information policy as in Proposition 1: send a simple buy recommendation for the highest
consumer types, and give a more nuanced recommendation to the lower types revealing

the estimated match value for the consumer.

Optimal privacy constraints. A regulator who may be concerned with consumers being
persuaded too much by the platform’s recommendation system, may want to impose a
privacy constraint, limiting how the platform can use consumer-specific data. Theorem 2

shows that a designer aligned with consumers always imposes a strict restriction to

“Note that this assumes that the platform has sufficient information to predict the consumer’s match
value perfectly. It is straightforward to relax this assumption by assuming that w = v(6) + y where 7 is
unobservable mean-zero noise orthogonal to the consumer type 6.
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increase the consumer’s payoff. One way to implement this restriction is to introduce
a privacy constraint corresponding to the optimal restriction, as derived above. Hence,
our framework reveals that such privacy constraints may arise endogenously not due to
intrinsic privacy constraints but as a means to balance the tension between information

provision and persuasion.

6.4 Privacy Constraints as Self-Regulation

In the preceding discussion, we assumed that the platform chooses its recommendations to
maximize sales. This may be a good approximation of the objective under which engineers
design the algorithm, yet, the platform may also be concerned with the consumer’s payoffs.
To ensure a sufficient customer base while retaining high profits, we assume that the
platform maximizes a weighted sum of commissions and the consumer’s payoffs. This
corresponds to a designer maximizing a weighted sum of the experimenter’s and DM’s
payoffs, and may lead to non-convex preferences of the designer. In the following, we show
that even under such payoffs, the platform (designer) will optimally choose to restrict the
algorithm (experimenter). Economically, we assume that the platform’s leadership can
constrain the data use of its recommendation algorithm.

Formally, given a posterior mean m about the match value, the consumer’s interim
expected payoff equals fol max{m —r,0}dG(r) for all m € [0,1]. Integrating by parts, we
obtain for the consumer’s payoff I(m) = fom G(r)dr, and we observe for later reference that
this payoff is strictly convex in m. The platform’s payoff from commissions remains G(m).
Thus, the platform’s total payoff is up(m) = Al5(m)+ (1 — A)G(m), for some weight A € [0,1]
on the consumer’s payoffs.

Under this objective, focusing on MIC experiments remains without loss for the plat-
form. Indeed, in Remark 1 (Section 4.1) we noted that for every incentive-compatible
experiment there exists a MIC and preferred to the given experiment by both the DM and
experimenter. The characterization of MIC experiments (as double censorship) remains
unchanged, as it is entirely independent of the platform’s preferences.

Finally, the platform finds full delegation to the algorithm suboptimal provided that it
assigns a non-zero weight A to the consumer’s payoff. To see this, recall the derivative (4)

that we derived via a perturbation argument:

up(y’) - ”D‘ii — Sl PRETe)

From the characterization of the full delegation outcome in Proposition 1, we know

g’) = %, reflecting the optimal size of the full delegation pooling region from
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the algorithm’s (experimenter’s) perspective. Thus, the derivative from the perturbation
simplifies to:

Ig(y*) — Ig(x")

ANGEY) - <

(1-H(x")).

This derivative is strictly positive since the consumer’s payoff I is strictly convex. Thus,
the platform wants to constrain the algorithm’s use of information.

Hence, in a hierarchical organization, privacy constraints may arise endogenously
as a form of self-regulation when the preferences regarding information provision and

persuasion across the organization are misaligned.

7 Beyond S-shaped Persuasion

This section first discusses how our analysis of MIC experiments and optimal restrictions
extends beyond our S-shaped benchmark. Second, we also provide a connection between

our problem and the extreme-point approach in the information-design literature.

7.1 Profitable Restrictions Beyond S-shaped Persuasion

In this subsection, we investigate whether the designer can benefit from imposing a re-
striction when the experimenter’s payoff G (i.e. the outside option distribution) is not
necessarily S-shaped. Equivalently, under which conditions is full delegation suboptimal?
We argue that two conditions are important for the profitability of restrictions and we
formalize the discussion in Appendix OB. First, the experimenter has locally strict curvature
preferences: G is locally strictly convex or strictly concave, and satisfies a technical smooth-
ness condition. Second, the full delegation outcome admits incomplete full revelation: under
full delegation, the experimenter fully reveals a non-trivial interval of states, but does not
reveal all states.

We begin with two examples to demonstrate the importance of both conditions. We
then describe how to generalize the insights from these examples. In this discussion, the

definitions of incentive compatibility and optimality are as in the baseline model.

Uninformed DM. Suppose the DM has no private information: the outside option distri-
bution G is a step function with step at ry. In particular, the experimenter does not have
locally strict preferences, being indifferent between revealing and obfuscating the states

within the subintervals below and above r\, respectively.
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In this example, the experimenter maximizes the probability of drawing a posterior
mean above ry. If 4 > r(, the experimenter can induce the DM to take action with probability
one regardless of the restriction by choosing the experiment ¢,; it is then easy to see that the
designer cannot gain by imposing a restriction. If y < ry, then, for an arbitrary restriction
F and best reply F, the largest point in the support of F is at most ry. This implies that F is
an MPC of the experiment that reveals all states up to a threshold s and pools the rest to
(i.e. g = Eg[w | w € [s,1]], which is feasible since u < ry). This experiment, in turn, is a best
reply to the prior H. Thus, full delegation is optimal. Ichihashi (2019, Corollary 1) makes

the same observation.

M-shaped experimenter preferences. Suppose the experimenter’s payoff G is M-shaped
as in Figure 6: 20 concave on an interval of the lowest states, then convex, and finally concave
on an interval of the highest states. In this example, G has locally strict preferences. We
now discuss incomplete full revelation, which also involves the prior H of the state.

Figure 6a depicts a situation in which the binary experiment F* that is supported on
the peaks of the M is a valid MPC of H. Then, F* is also the experimenter’s unique best
reply under full delegation (apply Corollary 2 of Dworczak and Martini (2019) with the
price function in Figure 6a). The full delegation outcome F* does not admit incomplete
full revelation since it does not fully reveal the state on any non-trivial interval. Let us
argue why no profitable restriction exists. Lemma 2 implies that an arbitrary incentive-
compatible experiment F must be supported between the two peaks, i.e. supp F C [y1,9,].%!
Among all such experiments, the binary experiment F* with support {y;,v,} (and mean p)
is the most informative. Thus, full delegation is optimal for the designer.

Conversely, suppose the prior H is such that the full delegation outcome F* reveals
states in an interval [xy, x;] in the valley between the peaks, and pools the remaining states
to two points, y; and y,, on the left and right slopes, as in Figure 6b. In particular, F* admits
incomplete full revelation, and F* roughly looks like a lower censorship experiment and an
upper censorship experiment patched together. Following our perturbation argument for
upper censorship experiments from the S-shaped case, the designer can strictly improve

on full delegation by pooling a small interval of states around each of x; and x,.

General experimenter preferences. The preceding examples suggest that profitable

restrictions exist when the experimenter has locally strict preferences, and the full delega-

20The depicted G is not a CDF. However, transformations of the form m > aG(m) + bm with a > 0 do not
alter the experimenter’s preferences over experiments since all experiments have mean p.

2lTndeed, since F* is feasible, the prior mean y lies between the two peaks. Thus, the support of F cannot
be entirely to the left of the left peak or to the right of the right peak. Since all price functions are convex,
and since F is supported on a set where a price function touches G, the support of F lies between the peaks.
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Experimenter’s payoffs
Experimenter’s payoffs
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State State
(a) Full delegation is optimal. (b) Full delegation is suboptimal.

Figure 6: Examples of M-shaped delegation of information provision.

tion outcome reveals some but not all states. We formalize these notions and the claim in
Appendix OB. Here, we give an informal description.

First, we formalize locally strict preferences as follows. There is a partition of the state
space [0,1] into finitely many intervals on each of which G is either strictly convex or
strictly concave, and if G is tangential to a price function at specific points, then G
is also tangential to a (possibly distinct) price function at nearby distinct points. With
price functions characterizing incentive-compatibility, the key implication is that relevant
incentive-compatible experiments can be approximated by distinct incentive-compatible
experiments. This condition is violated, for example, if the DM is uninformed—G is a
step function—since then the largest point in the support of any incentive-compatible
experiment is at the step of G.

Second, we conceptualize incomplete full revelation under full delegation by considering
the extreme points of MPC(H). To that end, we first note that there exists an extreme point
of MPC(H) that is designer-preferred among the experimenter’s best replies under full
delegation. We refer to such an extreme point as a DEF (designer-optimal extreme point
under full delegation).

Let us recall the extreme-point characterization as bi-pooling experiments; see Kleiner
et al. (2021); Arieli et al. (2023). For each extreme point F, there are countably many,
disjoint bi-pooling intervals [x1,x,], such that F pools [x1,x;] to at most two atoms and I
lies strictly below Iy on the interior (xq,x;). Outside the union of the bi-pooling intervals,
Ir coincides with I;. We say a non-degenerate interval [a, b] is fully revealing if Ir coincides
with Iy on [4,b]. Note, an extreme point may not admit any fully revealing intervals, such

as the binary experiment depicted in Figure 6a.
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We say that an extreme point F of MPC(H) admits incomplete full revelation if F fully
reveals the state on non-degenerate intervals to the left and right of some bi-pooling
interval, or only to one side of it if the bi-pooling interval admits a single atom and lies at
the boundary of the state space.?” The experiment depicted in Figure 6a does not admit
incomplete full revelation since it admits no fully revealing intervals. The experiment
depicted in Figure 6b and all non-degenerate upper censorship experiments from the
S-shaped case admit incomplete full revelation.

Our claim is thus that full delegation is suboptimal if the experimenter has locally
strict preferences and there exists a DEF that admits incomplete full revelation. The formal

details of the definitions and the proof are in Appendix OB.

7.2 MIC Experiments as Extreme Points

We establish a link between extreme points of MPC(H) and MIC experiments for general
experimenter payoffs G. The literature has demonstrated how unrestricted persuasion
problems are solved via extreme points of MPC(H). The contribution of this section is to
show that extreme points of MPC(H) likewise solve the problem of designing restrictions
subject to incentive constraints.

Let G be upper semicontinuous with at most finitely many discontinuities at interior
points vy,..., v € (0,1), and Lipschitz continuous in each interval (y;, y;,1), with yy = 0 and
V41 = 1; this is part (i) of the regularity condition of Dworczak and Martini (2019).

The definitions of incentive-compatibility and maximality are as in the baseline model,
and MIC experiments are without loss (see Appendix A.2). Our price-theoretic charac-
terization of incentive-compatibility (Lemma 2) remains applicable given the regularity
assumption on G. In contrast, our characterization of MIC experiments as double censor-
ship makes explicit use of S-shapedness of G and, hence, does not apply here.

At first sight, the extreme points of MPC(H) may seem unrelated to MIC experiments.
The extreme point characterization reflects the feasibility constraints of being a mean-
preserving contraction of H; in particular, the characterization is independent of pref-
erences. In contrast, MIC experiments are precisely characterized by the experimenter’s

incentives to garble information. Nevertheless:

Theorem 3. Every MIC experiment is an extreme point of MPC(H).

22These cases do not describe all constellations for how a bi-pooling interval may neighbor a full revelation
interval. We do not handle bi-pooling intervals with two atoms where one neighboring interval is the
boundary of the state space. We also do not handle two consecutive bi-pooling intervals, each with a single
atom, that are preceded and succeeded by full revelation intervals.
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Since Theorem 3 shows that MIC experiments are extreme points of the entire set
MPC(H), the literature’s characterization of the extreme points as bi-pooling experiments
applies under the novel MIC constraint.

Our proof leverages the characterization of extreme points as bi-pooling experiments.
For a high-level intuition, note that any experiment F € MPC(H) is weakly increasing, and
that the ICDF of F lies weakly below the ICDF of the prior H. Roughly, the extreme point
characterization states that at least one of these two constraints must bind locally. When
the monotonicity constraint binds on an interval, F assigns no mass to this interval; when
the ICDF constraint binds, F is maximally informative on this interval. Likewise, incentive-
compatibility and maximality are characterized by two constraints on the respective
experiment. Incentive-compatibility requires that F assigns no mass to certain intervals
(Lemma 2); this is akin to the binding monotonicity constraint. Maximality requires that F
is maximally informative otherwise; this is akin to the binding informativeness constraint.

Theorem 3 showcases how the literature’s extreme-point and linear-duality approaches
can be combined to solve information design problems under incentive-compatibility and
maximality constraints. In Appendix OC, we show that incentive-compatible bi-pooling
experiments are without loss more generally: each incentive-compatible experiment can
be represented as a mixture of incentive-compatible bi-pooling experiments. This repre-

sentation is useful when the designer’s preferences do not justify MIC experiments.

8 Conclusions

We analyze delegated information provision when the party producing information, the
experimenter, has persuasion incentives and can always garble any admissible experiment
before it reaches a decision maker. The designer cannot impose experiments upon the
experimenter, but exerts control by imposing a Blackwell-upper bound on informativeness.

The main conceptual contribution is to reduce optimal restriction design to the study of
maximal incentive-compatible (MIC) experiments. An experiment is incentive compatible
if it is self-enforcing: when the designer sets it as the upper bound, the experimenter
optimally implements it rather than garbling. It is maximal if no strictly more informative
experiment is also incentive compatible. Because the designer values information, we show
that it is without loss to compare only MIC experiments.

In the baseline case of S-shaped experimenter preferences, MIC experiments are
fully characterized as double censorship experiments. These reveal low states, pool an

intermediate region to an interior atom, and pool high states to a top atom. Crucially,
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full delegation produces upper censorship (pooling all sufficiently high states), which is
itself an extreme case of double censorship. Yet, we show that the designer always strictly
prefers a nontrivial double-censorship restriction to full delegation.

The key takeaway is that the designer can protect the decision maker from some
unwanted persuasion, while retaining the benefits of information provision. Optimal
restrictions reallocate informativeness across states to discipline persuasion: sacrificing
some precision in intermediate states relaxes the experimenter’s incentives to censor high
states, yielding a strict gain for the designer.

We show how our results can be applied in the context of recommender systems and
rationalize privacy constraints to steer the tension between information provision and

persuasion by a biased experimenter.

A Proofs

A.1 Existence of an Optimal Restriction
Equip MPC(H) with the L!-norm, making it compact.

Lemma 5. The set of IC experiments is a compact subset of MPC(H). There exists an optimal

IC experiment.

Existence can be shown by adapting Lemma 1 of Lipnowski et al. (2020), who consider
settings with an abstract state. For the sake of completeness, we give a simple argument
for our setting with posterior-mean payoffs. The proof does not use S-shapedness, but only

upper semicontinuity of the designer’s and the experimenter’s payoffs.

Proof of Lemma 5. Existence of an optimal IC experiment follows from Berge’s Maximum
Theorem and upper semicontinuity of the designer’s payoffs if we can show that the
set of IC experiments is compact. Compactness follows if we can show that BR is an
upper hemicontinuous, nonempty- and compact-valued correspondence from MPC(H) to
itself. These properties of BR follow from Lemma 17.30 of Aliprantis and Border (2006)
and upper semicontinuity of the experimenter’s payoffs if we can show that MPC is a
continuous, compact-valued correspondence from MPC(H) to itself. Compact-valuedness
and upper hemicontinuity are straightforward.

As for lower hemicontinuity, let (F,),cn be a sequence in MPC(H) converging to
F € MPC(H), and let ® € MPC(F). We have to find a subsequence of (®,),cn converg-
ing to ® such that ®, € MPC(F,,) for all n in the subsequence. Note, L!-convergence
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of (F,)uen to F implies pointwise convergence of (I, )nen to Ip. For all n and m, let
J(m) = min{lo (m),Ig, (m))

For all n, since ICDFs are 1-Lipschitz and ], is the pointwise minimum of ICDFs,
also J, is 1-Lipschitz. Thus, the Arzela—Ascoli Theorem delivers a uniformly convergent
subsequence of (],,),.. By possibly relabeling, let this be the entire sequence. The limit of the
sequence (J,), equals Iy since Ir, — I pointwise and since Ig < Iz. Now, for all n, let J,, be
the lower convex hull of J,,. Let ¢, = ||J,,—Ip||e, 50 that I —¢ < J,, < Ip. Since I —¢,, is convex,
and since J,, is the lower convex hull of J,, we have I — ¢, < J,, < Ip. In particular, (J,,),
converges uniformly to Ip. Since, for all 1, the function J, is convex and weakly increasing,
it admits a weakly positive, weakly increasing derivative ®@,; i.e. J, = Iy, . Since J, is 1-
Lipschitz and ], is its lower convex hull, also J,, is 1-Lipschitz. In particular, ®,(1) <1
so that @, is a CDF and, hence, in MPC(H). In fact, since Ip <], < Ju < Ir , we have
®,, € MPC(F,,). Finally, by possibly passing to a further subsequence and invoking Helly’s
Selection Theorem, let (®,,), converge pointwise to, say, . By Dominated Convergence,
the sequence (Ip, ), (i.e. the sequence (J,),) converges pointwise to Ig. We have already
argued that the sequence (Ig, ), (i.e. the sequence (J,),) converges pointwise to Ip. Thus,
Ip = I, implying ® = ® almost everywhere. Thus, (®,), converges pointwise a.e. to ®

and, hence, also with respect to the L'-norm. O

A.2 Proof of Lemmal

Consider the auxiliary problem of maximizing fexp(m) dF(m) across incentive-compatible
experiments F in MPC(H) N MPS(F). Incentive-compatible experiments form a compact
subset of MPC(H) when G is upper semicontinuous (Lemma 5). In particular, the constraint
set of the auxiliary problem is also compact. Hence, a solution exists. By construction,
the solution is incentive-compatible and a mean-preserving spread of F. The solution is
maximal since exp is strictly convex, and since any experiment that is a mean-preserving

spread of F is also a mean-preserving spread of F. ]

Remark 3. Our proof of Lemma 1 only uses upper semicontinuity of G.

A.3 Proof of Lemma 3

To prove one part of the equivalence, let F € MPC(H) be IC and non-degenerate. Let p be
as in Lemma 2. If maxsuppF < ry, then, definitionally, F assigns no mass to (ry, 1]. The

proof is complete for x =y = r(, since (r(, 7y) € P. In what follows, let maxsuppF > rj. Let
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v =maxsuppF, so that p(y) = G(y). We find a point x < r( such that (x,y) € P and such that
F assigns no mass to (x,y) U (v,1].

Recall that G is strictly concave on [r(, 1]. Since p is convex and p > G holds, there exists
at most one point in [ry, 1] at which p and G coincide. Since y > ry, this point is y. Thus,
supp F N (rg, 1] contains only y. Since F is non-degenerate, the intersection supp F N[0, 7]
is non-empty. Let £ = max(supp F N[0, 7y]). In particular, p(%) = G(X) and X < 7.

Now, recall p > G and p(y) = G(y), so that p — G is minimized at y. Since p is convex
while G is concave on a neighborhood of y, the subdifferential of p at y contains g(y). Since
also p(X) = G(x), we infer G(%) + g(v)(y — X) = p(%) + g(v)(y — X) > p(v) = G(y), where the last
inequality follows by definition of the subdifferential. We also know G(r() + g(v)(y —rg) <
G(y) since G is strictly concave on [y, 1]. Thus, % < ry and, by continuity, there exists x €
[X,79) such that G(x)+g(y)(y—x) = G(p). That is, (x,y) € P. Since £ = max(supp FN[0,7y]) < x
and supp F N (ry, 1] = {y}, we conclude that F assigns no mass to (x,y) U (y,1].

To prove the other part of the equivalence, let (x,y) € P and F € MPC(H) be such that F
is non-degenerate and assigns no mass to (x,y) U (y,1]. In view of Lemma 2, we can show
that F is IC by finding a convex function p such that p > G and such that p = G holds on
suppF. Let p(m) = G(m) for all m € [0,x], and p(m) = G(x) + g(y)(m — x) for all m € [x,1].
Note p(y) = G(y) since (x,y) € P. Clearly, p = G holds on supp F since F assigns no mass to
(x,9)U (v, 1]. We next argue p > G. On [rg, 1], the function G is concave whereas p is affine.
Since p(y) = G(p), it holds p > G on [r, 1]. On [x,1¢] (recall x < ry from the definition of P),
the function G is convex whereas p is affine. Since p(x) = G(x) but p(ry) > G(r() (as already
argued), we find p > G on [x, ry]. It remains to argue that p is convex. Clearly, p is convex
on [0, x]. Since p is affine on [x, 1] with slope g(v), global convexity follows if we can show
2(y) = g(x). This inequality, in turn, holds since p > G and p(x) = G(x) both hold. O

A.4 Proof of Lemma 4

For all (x,y) such that 0 <x <ry <y <1,let p(x,v) = G(x) + g(v)(v — x) — G(v). By definition
of P, if (x,y) € P, then p(x,y) = 0. We show that p is strictly single-crossing from above in
each argument (holding the other fixed). Therefore, if (x,y) and (x’,y’) are both in P, then
[x,y] and [x’,y’] are ordered by set inclusion.

For all (x,y) such that 0 <x <ry <y <1, it holds dp(x,v)/dy = ¢'(¥)(y —x) < 0, where
the inequality holds since x < ry <y and since G is concave on [ry, 1]; further, g’'(y) < 0 if
ro <. Thus, ¥ — p(x,7) (defined on [r(, 1]) is strictly single-crossing from above.

For all (x,v) such that 0 <x <ry <y <1, it holds dp(x,v)/dx = g(x) — g(v). We claim
g(x) < g(y) if p(x,v) = 0 and x < p, which suffices to establish that £ — p(%,y) (defined on
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[0,79]) is strictly single-crossing from above. Towards a contradiction, let g(x) > g(v). Since
g is strictly quasiconcave, all r € (x, y) satisfy g(r) > g(v), implying G(y) — G(x) > g(v)(y — x),
which contradicts p(x,y) = 0. O

A.5 Proof of Theorem 1

For reference, we record the ICDF of a double censorship experiment F with thresholds
(s,t) and atoms (x,p):

I (m) if me|0,s],

Iy(s)+ H(s)(m—s) if me(s,x],

Vme[0,1], Ip(m)=
Iy(t)+ H(t)(m—t) if me (x,v],

m-—p, if me (y,1].
Lemmata 6 and 7 below together prove Theorem 1.

Lemma 6. If F is an MIC experiment, then F is non-degenerate double censorship for a pair of
thresholds (s, t) and atoms (x,y) such that (x,y) e Pand s <x*<tand 0<x<y<1.

Proof of Lemma 6. The experiment must be non-degenerate since, otherwise, it is a strict
MPC of F*, contradicting maximality. Hence, we can appeal to Lemma 3 to find (x,y) € P
such that F assigns no mass to (x,y) U (y, 1].

We next claim [x*,9*] C [x,p]. By Lemma 4, it holds [x*,y*] C [x,v] or [x,y] C [x*,v"].
In the first case, we are done, so let [x,p] < [x*,y*]. We show that F is an MPC of F*; by
maximality, it follows F = F* and, hence, [x,y] = [x*,p*]. To show F is an MPC of F*, we
show Ir <Ip. on [0,1]. Clearly, Ir < Iy = I on [0,x"]. Next, we know I coincides with 15#
on [y, 1], whereas I« coincides with I5, on [v*,1]. Since y < p*, we infer Ir = I« on [y, 1].
In summary, Ir < I on [0,x*] U [y* 1]. Finally, since F* assigns no mass to (x*,y"), the
integrated CDF I- is affine on [x*, y*]. Since I is convex and lies below Ip- at the endpoints
of this interval (as already argued), it follows Ir < If. also on [x*,y*]. Thus, Ir < Ip- on [0,1].

We next show that F is double censorship. The idea is to construct an MPS F of F that
is double censorship and IC. Since F is MIC, it will follow F = F.

Our candidate double censorship will use (x,y) as atoms. We thus show next that (x,y)
can arise as atoms for some choice of thresholds (s, t). First, since y* = Ey[w | w € [x*,1]] and
y* <y <1, there exists t € [x*,y] such that y = Eg[w | w € [t,1]]. Note, t € [x,y] since x < x.
Second, we argue there exists s € [0,x*] such that x = Eg[w | w € [s, t]]. By construction, it
holds y = [Eg[w | w € [t, 1]], which rearranges to Ir(y) = Iy (t) + H(t)(y — t). The affine map
m > Iy(t)+ H(t)(m—t) lies above I at m =t (since Ip(t) < Iy(t)) and coincides with I at
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m =y (by construction of t). Since also I is affine on [x, y] (since F assigns no mass to (x, 7)),
and since two affine maps on R either coincide or intersect at most once, we conclude
Ip(x) < Iy(t)+ H(t)(x—t). Let & = Iy (t) + H(t)(x —t). In particular, & > Ir(x) > 0. We also
have & < Ij;(x) since the affine map f +— Iy (t)+H(t)(f—t) is tangent to the convex map Iy at
t. Finally, find s € [0, x] such that I(s) + H(s)(x —s) = &; this is possible since & € [0, Iy (x)].
Thus, I (s)+ H(s)(x —s) = Iy(t) + H(t)(x — t), which rearranges to x = Eg[w | w € [s, t]].

Now let @ be double censorship with thresholds (s, t) and atoms (x,y). Notice that @ is
IC; indeed, ® assigns no mass to the set (x,y) U (y, 1] (by definition of double censorship),
and it holds (x,y) € P (as argued at the very beginning of the proof); now invoke Lemma 3.

We now argue @ is an MPS of F. Clearly, I = Iy > Iz on [0,s], and Ip = Iéﬂ =Ipon [y 1]
For f € [x,y] it holds Iy (f) = Iy(t) + H(t)(f —t) > Ir(f), where the inequality follows from
the argument that constructed s. Finally, it holds Iy > I on [s, x] since I is affine on this
interval, I is convex, and since Ig > Ir holds at the endpoints of this interval (as already
argued). Thus, ® is an MPS of F.

It remains to show s < x* <t and 0 < x <y < 1. The inequalities s < x* < t follow
from [x*,v*] C [x,y] and the expressions for x, y, and y* as conditional expectations. From
[x*,v*] C [x, 9] and x* < ry < y*, we also obtain x < y.

Next, towards a contradiction, let y = 1. Then also t =1 (since y = Eg[w | w € [t,1]]),
meaning x is the largest point in the support of F. From y = 1 > y* we also get x < x*
(Lemma 4). It now follows easily that F is a proper MPC of F*; indeed, Ir =I5, < Ir on [x,1];
this inequality is strict on (x,x") since I is affine on this interval whereas Ig- is strictly
convex (it coincides with If); finally, Iz < Ip- < Iy on [0,x]. Thus, F is a proper MPC of F*,
contradicting maximality of F. Thus, y < 1.

Finally, towards a contradiction, let x = 0. This requires s =t = 0 since x = Eg[w |w €

[s,t]]. It follows that F is degenerate on y; contradiction. O

Lemma 7. If F is double censorship for a pair of thresholds (s,t) and atoms (x,y) such that
(x,y)ePand s <x*<tand 0<x<y <1, then F is MIC.

Proof of Lemma 7. Lemma 3 implies that F is IC. To prove that F is maximal, let ® be IC
and such that I < Ip. We show Iy = Ip. Let § = maxsupp ®.

First, we show 9 <y cannot hold. Indeed, the function Iy coincides with m +— m — y on
[9,1]. Meanwhile, Iy coincides with m +— m — p on [y, 1] but has slope of at most H(t) on
[0,v). Since t <y < 1, we have H(t) < 1. Thus, if § <y, then I lies strictly above I on (9,),
contradicting I < I.

Thus, let ¥ > y. Since 9 = maxsupp® and y > ry, the IC characterization (Lemma 3)
implies there exists £ < r such that (£, ) € P and such that @ assigns no mass to (£, 9)U(9, 1].
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Since p > y, Lemma 4 implies £ < x.

Since @ assigns no mass to (£,9), and since [x,y] C [%,7] and t € [x,p], we conclude
that Iy is affine on [X, 9] and this interval contains ¢t. Now, since F is double censorship,
Ir is tangential to Iy at t. Thus, also Ip(t) = Iy (t) since I < Iy < Iy. Thus, Iy is affine
with slope H(t) on [X,9]. Since I is affine [x, y] (a subset of [%,7]) and tangential to Iy at
t, it follows that Iy and I coincide on [x,y]. From here and the inclusion [x,y] C [%,7], it
readily follows Ir = Ip = Is, on [v,1].

We also know that I and Ig coincide on [0, s] since on this interval Iy = Iy > Ig > If. It
now follows I = Ig, on [s,x] since If is affine on this interval, Iy is convex, and since the

two coincide at the endpoints (as already argued). Thus, I = Ip. O

A.6 Proof of Corollary 1

Let (s,t,x,) and (s’,t’,x",7’) be the parameters of two MIC experiments such that y’ <.
Since (x,y) € P and (x’,y’) € P (Theorem 1), Lemma 4 implies x < x’; the proof of this
lemma delivers x < x”. Using the expressions for x, x’, y, and y” as conditional expectations,
it also follows [s’,t’] G [s,t] and [t,1] € [t/,1] and x < x". O

A.7 Proof of Corollary 2

We apply Corollary 1 of Dworczak and Martini (2019). Let p be the function that coincides
with G on [0,x], and coincides with the affine map m +— G(x) + g(y)(m — x) for m € (x,1].
Then, p is convex, weakly above G, and coincides with G on [0,x] and p; see the proof
of Lemma 3 for this argument. Moreover, suppF C {m € [0,1]: p(m) = G(m)} since F is
double censorship with parameters (s, ¢,x,y). Finally, it holds jde = Ip dF. Indeed, we
have F = F = H on [0,s]. Conditioned on the interval [s, t], both F and F are degenerate
on x. Finally, on the interval [, 1], the function p is affine and F is obtained by pooling F.
Thus, Ip dF = fp dF. By Corollary 1 of Dworczak and Martini (2019), the experiment F is
a best reply to F. ]

A.8 Proof of Theorem 2

The idea is to consider MIC double censorship, parametrized by (s,t,x,v), such that p is
close to the full delegation atom y*; in this case, also s, t, and x are all close to x*. We
evaluate the marginal gain from this perturbation.

Lemma 3 implies that a tuple (s,t,x,y) with 0 <s <x<t<y<landx<ry <y
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represents an IC double censorship if

G(x)+g®@)(y—x)-Gly) =0, (7a)
J;H](a)—y)dH(a)) =0, (7b)
j (w—x)dH(w) =0, (7¢)

[s:1]

all hold. (In fact, in this case the experiment is MIC.) We know that one such tuple is
(s,t,x,v) = (x",x*,x",v"), where x" is the threshold and y* is the atom under full delegation.
We next argue that for all y sufficiently close to y* there exist (s, t, x) satisfying the above.

The proof of Lemma 4 shows g(x*) < g(y*), which implies that the derivative of x -
G(x) + g(¥*)(y* — x) — G(y”) is strictly negative at x*. By continuous differentiability of g,
moreover, the function (x,y) — G(x) + g(¥*)(y* — x) — G(y”) is continuously differentiable.
Thus, by the Implicit Function Theorem, for all y > y* sufficiently close to y* there exists
X(y) such that G(X(y)) + g(v)(y — £(v)) = G(v), i.e. (7a) holds. Moreover, £(y) — x*as y — p*
and y — X(y) is differentiable at y”. Finally, £(y) < x* for all y (Lemma 4).

Next, using y* < 1, it is easy to see (using, e.g., the Intermediate Value Theorem) that
for all y sufficiently close to y* there exists f(y) € [0,7) solving (7b). Using the Implicit
Function Theorem, on a neighborhood of y* the function f has the derivative

dily) _ 1-H(())
dy  (y-t)hi))

For later reference, for y > y*, equation (7b) requires f(y) > x*.

> 0.

Finally, using also 0 < x* < y* < 1, it is easy to see that for all y sufficiently close to
v* there exists $(y) € (0, £(p)) such that (3(p), {(v), £(v), v) satisfies (7c). (We cannot use the
Implication Function Theorem to conclude that § is differentiable, which complicates
bounding the integral (9) further ahead.)

Thus, for some ¢ > 0 and all y € (y*,y* + €], the tuple (§(»),f(v),£(v),y) defines an
MIC double censorship experiment. We show that for y sufficiently close to y* the de-
signer is strictly better off than under unrestricted persuasion. Note, for y “\, v*, we have
(3(v), {(v), £(v)) — (x*,x%, x*) since, following the above arguments, there is a unique solution
for egs. (7a) to (7c¢) that involves p*, and (x*,x*, x*, ") is a solution.

The designer’s utility from (5(y), (), £(v), v), denoted Up(p), is given by

Up(y) = J;() o up(w)dH(w) +up (X)) (H({(y)) - H(3())) + up(@)(1 - H({(©))).
,S\Y
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The expected utility from (x*,x*, x%,v") is given by
Up(v) = [ up(@)dH () +upy')1 - (),
[0,x"]
which also obtains as the limit as y — y* from above. Thus,
Up(y) - Up(y") =(up(y) —up(y"))(1 - H(x")) + (up(y) — up (X(¥))(H(x") - H({(y))) (8)
o] i) - upl@)dH (@), ©
[$(v),x*]

Dividing by y — v* and taking y — p*, the sum of the two terms in (8) converges to

o
up(y*)(1 = H(x")) = (up(y") — up(x*))h(x") %

y=y"
up(y*) —up(x”
y* — x*

where the strict inequality follows from strict convexity of up and since y* > x* holds. Thus,

Vs * ) *
:(MD(}) ) - (1-H(x"))>0,
to show Up(y) > Up(y”) for y sufficiently close to y~, it suffices to show that the integral in

(9) vanishes when normalized by y —y*. We have
1

Y-y
1

Y-y

f (up(£()) - up(w)) dH ()
[3(v),x*]

(up(2(9)) — up(+N(H ()~ HEw)| + %U (up(x) - up(@)) dH (@)
V=¥ 1Ji)x

Here, W (up(X(v)) —up(x*))(H(x*) - H(§(y)))| vanishes since % is differentiable at y*, and

since $(y) — x* as y — p*. Consider the integral Find L > 0 such that |u},| < L. Recall that
$(y) is chosen such that f[ﬁ(y) x*](ﬁ(y f[ v))dH(w). We then have

1

) - dH(w
e | G R

. up(r)dr
Y=9 Jis 1w

<

L
< "—w)dH
Sy j[s%y),x*](x @yl
L L
— * *\ A A _ d
SR S ONHE —HEW S [ (s i)
L L
= _2()(H(x") - H($ © - %(y))dH(w
S N B S | (s
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L L

Sy _y*(X* —X(¥)(H(x") - H(5(y)) + ) _y*(f(y) —X(y)(H({(y) - H(x"))
Now, #(x* - X(v))(H(x")— H($(y))) vanishes as y — p* since £ is differentiable at y*, and
since §(y) — x* as y — y*. Moreover, #(f(y) —%(v))(H(f(y)) — H(x")) vanishes since #(y) is

differentiable at y*, and since (y) and %(y) both converge to x* as y — y*. Thus, the integral

in (9) vanishes when normalized by y — y*. O]

A.9 Proof of Theorem 3

Let F be MIC. For later reference, by Lemma 2, there exists a continuous, convex function
p:[0,1] - R such that p > G and suppF C {m € [0,1]: p(m) = G(m)}.

By Kleiner et al. (2021, Theorem 2), to show that F is an extreme point of MPC(H), we
have to show that, for every open subinterval (a,b) on which the ICDF of F lies strictly
below the ICDF of H, the support of F has at most two points in (4, b).

Let [a,b] be a subinterval of [0, 1] such that Ir(m) < Iy(m) for all m € (a, b).

Let m € (suppF) N (a,b). We claim that there is a neighborhood O of m such that
(suppF) N O = {m}. Towards a contradiction, suppose not. Then, there is a sequence
(My)nen in ((supp F) \ {m}) N (a,b) converging to m. By possibly passing to a subsequence,
let the sequence be strictly monotone. Assume the sequence is strictly increasing, the
case where it is strictly decreasing being similar. Consider the line segment between
(my, Ip(my,)) and (m, [p(m)); it is given by t > Ip(m,,) + (Ip(m) — Ip(m,,))(t — m,)/(m —m,,) for
t € [m,, m] Find n sufficiently large such that this line segment does not intersect Iy on
[m,,, m]; such n exits since I lies strictly below Iy on (a,b) and since ICDFs are 1-Lipschitz.
Consider the function that coincides with Ir below m,, and above m, and that coincides
with the chosen line segment on [m,, m]. This function is weakly increasing and convex,
coincides with Iy at 0 and 1, and lies below Iy. Thus, its derivative Fis an experiment.
Since m,, and m are in the support of F, and since Iz and Ir coincide outside [m,, m], it
holds supp F CsuppF C {m’ €[0,1]: p(m’) = G(m’)}. In particular, Lemma 2 implies that F
is IC. Finally, F is an MPS of F since If is convex on [m,,, m] while I is affine on this interval
and coincides with Iy at m,, and m. Since F is maximal, we infer F = F. In particular, Iy
is affine on [m,, m], meaning F assigns no mass to the open interval (m,, m). However, by
strict monotonicity, m,,; € (m,, m), contradicting m,,,; € suppF.

We now claim that for all closed subintervals [c,d] of (a,b) the intersection (supp F) N
[c,d] is finite. Indeed, for all m € (supp F) N [c,d], let O,, be as in the previous paragraph,
i.e. (suppF)NO,, = {m}. This yields an open cover of the compact set (supp F) N [c,d]. Now
find a finite subcover to conclude that (supp F) N[c,d] is finite.
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Let [c,d] C (a,b) be arbitrary. We claim (supp F) N [c,d] contains at most two points.
Towards a contradiction, suppose not. Since (suppF) N [c,d] is finite, there exist three
consecutive points x,y,z in (supp F)N[c,d]; by “consecutive” we mean that there is no other
point in supp F between x and y, nor between y and z. In particular, Ir. is affine between x
and p; call the slope a. Also, I is affine between y and z; call the slope p. Since p is in the
support of F, it holds a < . Consider the function J obtained from I by raising & by €, >0
while decreasing f by ¢4 > 0, holding fixed I at x and at z. (Thus, I is shifted up at y.)
Finally, let ] coincide with I outside [x, z]. For ¢, and €p sufficiently small, the function |
is convex since a < 8. Moreover, since I lies strictly below Iy on (a,b), and since I is affine
on each of [x,y] and [y, z], for ¢, and & sufficiently small also J lies below I on [x,z] (and
thus on all of [0,1]).?° Thus, the derivative of J, call it F, is an experiment. By construction
F is a proper MPS of F. Finally, since supp F C supp F C {m € [0,1]: p(m) = G(m)}, Lemma 2
implies that F is IC. Contradiction to maximality of F.

Since in the previous paragraph [c,d] C (a,b) was arbitrary, the intersection (supp F) N
(a,b) contains at most two points. Since [a,b] was an arbitrary interval such that Ip < Iy on
(a,b), Theorem 2 of Kleiner et al. (2021) implies that F is an extreme point of MPC(H). [
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OA Ordered Experiments and Garblings

Lemma 8. If F e MPC(H) and F’ € MPC(F), then there exist a signal (S, ) inducing F, and a
signal (S’,7’) inducing F’ such that (S’,1’) is a garbling of (S, 7).

Proof of Lemma 8. Since F € MPC(H), there exists K € A([0,1]?) whose marginals are F
and H, and such that m = fa)dK(wlm) for F-almost all m. Similarly, since F" € MPC(H),
there exists K’ € A([0,1]%) whose marginals are F’ and F, and such that m’ = fde’(m|m’)
for F’-almost all m’. Now define a joint CDF K* on [0, 1]3 for all m’, m, w by K*(m’,m, w) =
f[o,l]z 1<mls<o K/ (m’|11) dK (111, @). The joint K* yields random variables w, m, m’ such
that (i) w ~ H, (ii) conditional on w = w, the CDF of m is K(:|w), and (iii), conditional
on w = w and m = m the CDF of m’ is K’(-|m) (note the conditional independence). The
random variable m defines a signal whose distributions of posterior means is F since
m= fde (w|m) holds for F-almost all m. Similarly, m’ defines a signal whose distribution
of posterior means is F’. By the conditional independence in (iii), the signal induced by

m/’ is a garbling of the signal induced by m. O]

OB Profitable Restrictions Beyond S-shaped Persuasion

In this appendix, we provide the definition of locally strict curvature preferences and
incomplete full revelation that we alluded to in Section 7.1. Then, we prove that these
conditions are sufficient for the existence of profitable restrictions when the designer has

strict preferences for information, and under smoothness assumptions on H, G, and up.
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OB.1 Definitions
OB.1.1 Locally strict curvature preferences

We first introduce an auxiliary definition. Let T = (x1,v1,v2,%2) € (0, 1)* be such that x; <
V1 < v, <xp.Let p: [x1,x;] = R be a function. Say T is supported by p if p is continuous and
convex, lies weakly above G on [x1,x;], and coincides with G at each point in {x1,y1,v,, x>}
The tuple T can be supported by a price function if T is supported by at least one function p.
In this definition, y; and p, should be thought of the atoms in a bi-pooling interval [xy, x;]

of an extreme point (possibly, y; = 1,).

Definition 5. The experimenter has locally strict curvature preferences if the following hold.

(I) The state space [0, 1] can be partitioned into a finite number of intervals such that, on
each interval, G is either strictly convex or strictly concave. Let Z_,, and Z..,, respectively,
be the union of intervals on which G is strictly convex and strictly concave, respectively.

(IT) For all T = (x1,y1,v2,%;,) such that x;,x, € Zyx and y1,9;, € Iy and 0 < x; <y; <
V2 < xp <1, if T can be supported by an affine function, then there exists a continuous
function T = (%, 9,9, %,): [0,1] — (0,1)* such that:

« it holds T(0) = T and %,(r) < x; and %,(r) > x, for all r € (0,1];

* 7; and 7, are continuously differentiable, and at = 0 their derivatives are non-zero;

further, X, and %, are differentiable at r = 0;
e for all r € (0,1], the tuple T(r) can be supported by a price function.

In plain words, Definition 5 says that if some tuple can be supported by an affine price
function, then there are nearby tuples that “smoothly approximate” the given one and
that can also be supported by price functions. Figures 7 and 8 depict such approximations
schematically. In both figures, there is an affine function p (dashed blue) that coincides
with G at xq, y1, ¥», and x,, and otherwise lies above G. Further, p and G are tangential at
y1 and y,, where G is concave. The points y; and y, are distinct in Figure 7; they coincide
in Figure 8. As alluded to earlier, y; and y, should be thought of the atoms in a bi-pooling
interval [x;,x;] of an extreme point (possibly, y; = ;). The affine function p is a price
function (restricted to the interval [xy, x,]) verifying that this extreme point is a best reply
of the experimenter to the prior.

The dotted orange line depicts a price function p that touches G at nearby but distinct
points %y, 71, ¥, and X,. The points y; and 9, are distinct in Figure 7; they coincide in
Figure 8. A substantive assumption in Figure 7 is that the kinked part of p between 7; and
7, lies above G; likewise, in Figure 8 the kinked part of p between ¢; and %, lies above

G. As a further substantive assumption, one can choose (%1, 7, ,, X,) arbitrarily close to
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Experimenter’s payoffs

51 x w B » v % %
State
Figure 7: Two tuples and supporting price functions (colored dashed and dotted). The experi-

menter’s payoff G is shown in black. The points vy and y, lie on two distinct intervals on which
G is concave.

Experimenter’s payoffs

T T T —
X1 X1 121 1 X2 X2
State

Figure 8: Two tuples and supporting price functions (colored dashed and dotted). The exper-
imenter’s payoff G is shown in black. Both tuples admit a single point that lies in an interval
where G is concave.

(X1,91,¥2, %) to meet the differentiability assumptions of Definition 5. We shall use the
price function p to construct other IC experiments whose support contains Xy, 9, 7, and

X,; the fact that p coincides with G at these points allows to verify IC.

0B.1.2 Incomplete full revelation

Incomplete full revelation concerns the extreme points of MPC(H). Recall, for each extreme
point F, there are countably many, disjoint bi-pooling intervals [x1, x,], such that F pools

[x1,x;,] to at most two atoms and I lies strictly below Iy on the interior (x1,x;). Outside
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the union of the bi-pooling intervals, Ir coincides with Iy. A non-trivial interval [4, b] is
fully revealing if I coincides with I on [a, b].
Note carefully that full revelation intervals are non-trivial by definition. An extreme

point need not admit any full revelation intervals.

Definition 6. An extreme point F of MPC(H) admits incomplete full revelation if there is
a non-degenerate bi-pooling interval [x1,x,] of F and 6 > 0 satisfying at least one of the
following:
(1) F admits two atoms on (x1,x;), both [x; — ,x;] and [x,,x, + 8] are full revelation
intervals, and 0 < x; < x, <1 holds.
(2) F admits exactly one atom on (xq,x;), and at least one of the following holds:
(a) Both [x; —0,x;] and [x;,x, + 0] are full revelation intervals, and 0 <x; <x, <1
holds.
(b) [x; —0,x;1]is a full revelation interval, and 0 < x; < x, = 1 holds.

(c) [x2,x, + 0] is a full revelation interval, and 0 = x; < x, <1 holds.

In words, F fully reveals the state on non-degenerate intervals to the left and right of
a bi-pooling interval (cases (1) and (2a)). Cases (2b) and (2c) are as (2a), except that one

neighboring interval is the boundary of the state space.

OB.2 Profitable Restrictions

Say full delegation is not optimal if there does not exist optimal F € BR(H).

There exists an extreme point of MPC(H) that is designer-preferred among BR(H).
We refer to such an extreme point as a DEF (designer-optimal extreme point under full
delegation). We provide sufficient conditions such that a given DEF is not an optimal IC

experiment; accordingly, full delegation is not optimal.

Theorem 4. Let the designer’s payoff up be continuously differentiable and strictly convex, let
the experimenter’s payoff ug be continuously differentiable, and let the prior H admit a strictly
positive density. If the experimenter has locally strict curvature preferences and there exists a

DEF with incomplete full revelation, then full delegation is not optimal.

Proof of Theorem 4. Let F be a DEF with incomplete full information. Let 0 > 0 and [xy, x;]
be as in the definition of incomplete full information. Let y; and y, be the atoms in [x;, x;|
(possibly y; = p,).

Find a price function p as in Corollary 1 of Dworczak and Martini (2019), i.e. p is convex
and continuous, and it holds p > G, supp F C {m € [0,1]: p(m) = G(m)} and fde = deH.
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Since [xy,x;] is bi-pooling, Corollary 3 of Arieli et al. (2023) tells us that p is affine on
[x1,x2]-

We distinguish the cases of Definition 6 concerning the form of [x,x,]. In all cases,
the proof strategy is to use Definition 5 to find a price function p that touches G close to
points at which p equals G. Using the price-theoretic characterization of IC, we obtain a
particular IC experiment F whose support is close to the support of F. For the particularly
constructed experiment, we show the designer is strictly better off than under F, which
completes the proof.

Case 1. F admits two atoms, Y1 < y,, on (x1,x3), both [x; — 9,x1] and [x,,x, + 0] are full
revelation intervals, and 0 < x; < x5 < 1 holds.

Since p is affine on [x1,x;] and v, 9, € (x1,X;), both y; and y, must be in the interior of
Z ey (in view of Definition 5). Also, since Iz = I on [x; —0,x1] U [x;, X, + 0], the functions p
and G agree on this set; in particular, G is convex on this set. Thus, [x; — 9, x;] U [x2, X, +
0] € Z . Consequently, the tuple (x1,1,7, x,) meets the hypothesis of Definition 5. Let
T = (%1,71,72,%,) be as in Definition 5; for all r € (0,1], let p(-,r) be a supporting price
function.

Throughout, we take r sufficiently close to 0 such that %;(r) € [x; — 0,x] and %,(r) €
[x5,x, + 0], which is possible by continuity of T.

The function p(-,r) obtained from Definition 5 has domain [%;(r),%,(r)]. We extend
to [0,1] by setting p(m,r) = p(m) for all m & [%(r),X,(r)]. The resulting function clearly
lies above G. One may verify that p(-,r) is convex by observing that p(-,r) lies above G on
[%1(r), Xo()], while %, (r) and %,(r), respectively, lie in the intervals [x; —9, x1] and [x;, x, + 9],
respectively, on which p coincides with G.

We claim 77(0) > 0 and 75(0) < 0. Indeed, for small r we have 7;(r), 75(r) € Z.., since
v, and vy, are in the interior of Z .,. The points (y;, G(y;)) and (v,, G(v,)) in IR? lie on the
graph of an affine function with slope g(v;) = g(v,). Thus, for T(r) to be supported by a
convex price function, concavity of G around y; and y, requires 7;(r) > y; and 7,(r) < v,
for sufficiently small r. Since 7; and 7, are assumed to be continuously differentiable with
non-zero derivatives at r = 0, we conclude 9;(0) > 0 and 7,(0) < 0.

Figure 7 schematically depicts the assumed and derived properties of p and p(-,r) for
some fixed r.

Let q be the constant slope of Ir on (y;,¥,), i.e. ¢ = F(y;). Since [x1,x;] is bi-pooling
with atoms y; and p,, both i € {1, 2} satisfy

T (%) + H(x;) (i — xi) = Ip(vi) + 9(vi — vi),

where the right side of course simply equals Ir(y;). The function t — Iy(t) + H(t)(y; — t)
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has a non-zero derivative at ¢ = x;. Therefore, for sufficiently small r the Inverse Function
Theorem yields #;(r) such that

I (£(r)) + H(E(n))(@i(r) = ) = Ip(v:) + 9(9i(r) = 3:), (10)
Moreover, f;(r) — x; as r — 0, and £;(r) is differentiable with respect to r, with
q-H(x;)
h(x;) (i — x;)
We have #](0) > 0 and #,(0) < 0 since §;(0) > 0 and $,(0) < 0 and x; < y; and p, < x,.>*
Finally, note that since I is affine on [y;, 7, ], the right side of (10) simply equals Ir(9;(r)),

£(0) = 7/(0)

1 1

for all r.

Using (1(r), %1 (r), f2(r), %2(r)) — (x1,%1,%2,%5) as r — 0, an application of the Inter-
mediate Value Theorem shows that for r sufficiently small there exist 5;(r) < £;(r) and
$H(r) = X,(r) such that

[ w-edn@= [ @n-wd = (1)
[51(r) 1 (r)] [f2(r),82(r)]

i.e. X(r) is the expectation with respect to H conditional on [§7, f1(r)], and analogously for

%,(r). We have §(r) — x; and $,(r) — x, as r — 0. The equations (11) imply
Vie{l,2), Inu(Si(r)+H(S(r)(xi(r)=5i(r) = In(£(r)) + H(E;(r))(%;(r) = (7).

In what follows, fix r sufficiently small such that §;(r),f;(r), f>(r), and §,(r) are well-
defined, and x; — 6 < §1(r) < %1 (r) < f1(r) < P1(r) < V(1) < Fr(r) < (1) <5p(r) <xp + 0.
We define an experiment F, via its integrated CDF, Ig . For all m € [0,1], let

( (
Iy(B(r)) + H(Ex(r))(m = £5(r))  if me(
In(52(r) + H(Sy(r))(m = 55(r)  if m e (£5(r),55(r)].

The choice of (5,(r),;(r),E5(r),5,(r)) in (10) and (11) ensures that F, is an experiment,

where we recall that I is affine on (y;,y,) and given by the right side of (10). Lemma 2
implies that F, is IC since supp F, C {m € [0,1]: p(m,r) = G(m)}.
We show that the designer strictly prefers F, to F for r sufficiently small. The designer’s

24Also, H(x;) < g = F(y1) < H(x,) since the slope of I is F(y;) on (y;,v,), while it is H(x;) at x;, for both i.
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utility from F, is given by

$1(r)
J , up(w)dH(w) + (H(£(r)) = H(S1(r))up (%1 (r)) + (q = H(E(r)))up (91 (7)) (12)

+ (H(E5(r)) = q)up(92(r)) + (H(S2(r)) = H(£2(r)) ) up (2(r)) + J up(w)dH(w)  (13)

+J_ up(m)dF(m).
[0,1]\[X1 —5,XQ+(S]

The designer’s utility from F is given by

| upt@do)+ a-Hes o) (14

x2+6

+<H<x2>—q>uD<yz>+f up(w)dH(w) (15)

X2

+j up(m)dF(m).
[0,1]\[X1—6,X2+(3]

We claim that for r sufficiently small, the sum in (12) is strictly larger than the sum in (14),

and the sum in (13) is strictly larger than the sum in (15). The arguments are similar, so

we show only the former. Dividing by r, the difference between (12) and (14) is
up(vy(r)) —u ) _ H(xy)—-H(f(r
(up(#1(r)) —up(1 )(q CH(xy)) + (up(y;) - uD(xl(r)))( (x1) (£1(r)))

r r

(16)

+ 1] (up(1() - p (@) dH () (17)
[51(r),x1]

r

As r — 0, the sum of the two terms in (16) converges to
91(0)(up(v1)(q = H(x1)) = (up(y1) — up(x1))h(x1)£(0)

up(y1) —up(xy)
(v1) - — )(q—H(Xl))-

This limit is strictly positive since up is strictly convex and since ¢;(0) > 0 holds. Turning

to the integral in (17), we argue that this integral vanishes. We have

1

r

j{ﬁ( ()~ (e dH (@)

1 1

S;K”D(fl(r)) —up(x1))(H(x1) = H(51(r)))] + P

fr ol ol aH(e)|

The first term in this upper bound, %(uD(fc'l(r))— up(xy))(H(x1)—H(51(r))), vanishes as

r — 0 since %;(r) is differentiable at » = 0, and since §;(r) — x; as r — 0. Consider the
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second term. Find L > 0 such that |uj| < L. We then have

1
A - uD<w>>dH<w>l
!
< | ) - up(@)idH(@)
JI51(r)x ]
1 5
== (r)dr|d
NGRS 'ﬂw:xl] “p{r)dr| dF (@)
S£ [ (X1 - C()) dH(C())
" J51(r)x]
= - BHE) -HEO) S [ (@) -w)dH (@)
[$1(r),x1]
—Co = ONHE) - HEE) T [ (@-n()dH@) Gy (1)
[x1,1(r)]
< =B ONHE) - HE D)+ (6 0) - 50 HE ) - Hx)

Now, %(xl —%1(r))(H(x1)— H(51(r))) vanishes as r — 0 since X, is differentiable at » = 0, and
since §1(r) — x; as r — 0. Moreover, %(t](r) — % (r))(H(f;(r)) — H(x;)) vanishes since £;(r) is
differentiable at r = 0, and since f;(r) and %;(r) both converge to x; as r — 0. Thus, (17)

vanishes. Thus, the sum of (16) and (17) is strictly positive for r sufficiently close to 0.

Case 2. F admits exactly one atom y; on (x1,X,), both [x1 —9,x1] and [x,,x, + 6] are full
revelation intervals, and 0 < x; < x, <1 holds.

Similarly to the previous case, we have y; € intZ .., and [x1 — 9, x1] U [x2, X3 + 0] C Z .
Thus, the tuple (x1,91,91,x;) meets the hypothesis of Definition 5. Let T = (%;,9;,7,, %,) be
as postulated by Definition 5. For all r € (0,1], let p(-,7) be a supporting price function.
The component 7,(r) shall be irrelevant for our argument.

Recall that 7; is continuously differentiable with non-zero derivative at r = 0. Without
loss, let 7(0) > 0, the other case being similar.

Throughout, take r sufficiently small such that 9;(r) > y; and %(r) € [x; — 9,x;] and
%5(r) € [xp,%x, + 0], where we recall that %(r) < x; and X,(r) > x, follow directly from
Definition 5.

Figure 8 schematically depicts the assumed and derived properties of p and p(-,r) for
some fixed r.

As in the proof for the previous case, we extend p(-,7) to [0, 1] by setting p(m,r) = p(m)
for all m ¢ [%(r), X,(r)]. The resulting function is continuous, convex, and lies above G.

Similar to the previous case, we next construct three thresholds §;(r), f;(r),3,(r). (The
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reader is invited to think of the fourth threshold #,(r) from the previous case as being fixed
to x,.) Note, it holds

I (xq) + H(x1)(v1 = x1) = Ig(xp) + H(x2)(y1 — x2),

and the function t — Iy (t) + H(t)(y; — t) has a strictly positive derivative at x;. Therefore,
an application of the Inverse Function Theorem shows that for r sufficiently small there

exists f;(r) such that

Iy (f1(r) + H(E (1) (1 (r) = £1(r)) = I (x2) + H(x2) (91 (r) — x2)
e | (91(r) - w)dH(w) = 0.
[f1(r),x2]
Moreover, f1(r) — x1 as r — 0, and #;(r) is differentiable with respect to r, with
H(x;) - H(x)
h(x1)(y1 —x1)
Note #;(0) > 0 since 77(0) > 0 and x; <y; < x,.

£1(0) =91(0)

Using (X1 (r), f1(r), X2(r)) = (x1,x1,%2) as r — 0 and %1(r) < xq < f1(r) and x, < %,(r), an
application of the Intermediate Value Theorem shows that for r sufficiently small there

exist §1(r) and $,(r) such that

f ~ <x1<r>—w>dH<w>=f (%2(r) — ) dH () = 0. (18)
[51(r),f1(7)] [x2,52(7)]

We have 51(r) < X;(r) and X,(r) < §,(r). Moreover, §;(r) — x; and §5(r) — x, as r — 0. The

equations (18) are equivalent to

Ig(31(r)) + H(51(r))(%1(r) = 31(r)) = I (£1(r)) + H(E (1)(%1 (1) = £1 (7)),
Ip(x2) + H(x2)(%2(r) = x2) = I ($2(r)) + H(82(r)) (%1 (1) — $2(r))

Define the experiment F, via its integrated CDF as follows:

Ip(m) if m & [$(r),5»(r)],
I () + HS () (m=51(r))  if me[$(r),x1(r)],
Vme[0,1] Ig (m) = Iy(F (r) + H(E (r)(m =y (r)  if me (21(r), 51(r)],
Iy(x2) + H(xz)(m = x3) if m € (9(r), %a(r)],
In($2(r)) + H(S2(r))(m = 85(r))  if m € (Xa(r), $2(r)]

The choice of (), §;(r), and §,(r) ensure that F, is an experiment. Lemma 2 implies that
E, is IC since supp F, C {m € [0,1]: p(m, r) = G(m)}. We show the designer is strictly better
off under F, than F for r sufficiently small.
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The designer’s utility from F,, denoted Up(F,), is given by

Up(F,) = (H(Fi(r) = H(51(r)))up(1(r)) + (H(x2) = H(£ (1)) up(91(r))
H(H(S (1)~ Hlaup(5a() + | up () dF()
[0,1\[31(r),%2(r)]
The designer’s utility from F, denoted Up(F), is given by

Up(F) = (H(xs) - H(x; up(v1) +f up () dH(w)

[51(r),x1]
+J uD(a))dH(a))+j up(m)dF(m).
[x2,52(r)] [0,1\[51(r),52(r)]
The difference %(UD(R) — Up(F)) equals

(1(r)) —up(¥1) . (H(xy) - H(£(1)))

r r

(H(x) - H(x,)) -2 (up@F1 () —up(F (r)  (19)

+ }le’xl]wmflu)) ~ up(@))dH (w) (20)
' %-[[xz,sa(r)](uD(@(r))_uD(w))dH(w)' (21)

We argue that, as ¥ — 0, the sum in (19) converges to a strictly positive term, whereas both
(20) and (21) vanish.
The limit of (19) as ¥ — 0 equals

(H(xz)—H(xl))p{(o)(ub(yl)_ up(y1) — up(x1) '
yi—x1

This limit is strictly positive since up is strictly convex and 7;(0) > 0.
Next, the integral in (20) vanishes; the argument is analogous to the argument that in

the previous Case 1 the integral (17) vanishes. We have

. @) - ()i
Sl|(”D(’Zl(r)) —up(x1))(H(x1) —H(51(r)))| + ! j (up(x1) —up(w))dH(w)|-
' "1J051(0),51]

The first term in this upper bound, %(uD(fc'l(r)) —up(x1))(H(xy1)— H(8(r))), vanishes as
r — 0 since %;(r) is differentiable at » = 0, and since §;(r) — x; as r — 0. Consider the
second term. Find L > 0 such that |u}| < L. We have

1

r

jr . ]<uD<x1>—uD<w>>dH<w>|
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1
<o | ) - up(@)idH(w)
J51(r)x]
1
_ / d
" Js1(r)x ] J[w,xﬂuD(r)dr @
L (
S? (x1 —w)dH(w)
J1851(r)xq ]
SR NHE) - HEOD T [ (@)= edH(©)
[51(r),x1]
S-S ONHE) - HEE) T [ (@-n)dH@) Gy (15)
[x1,E1(r)]
<1 = B (HOxy) ~ HS () + (61 (1)~ 5 () ()~ H))

Now, %(xl —%1(r))(H(x7)— H(51(r))) vanishes as r — 0 since X is differentiable at r = 0, and
since §(r) — x; as r — 0. Moreover, (f,(r) - %, (r))(H(f; (r)) — H(x)) vanishes since #(r) is
differentiable at r = 0, and since f;(r) and %;(r) both converge to x; as r — 0. Thus, (20)
vanishes.

Finally, the integral (21) vanishes; the argument is simpler than but analogous to the
argument that (20) vanishes. We have

1

(2Dl== j y )](uD(fc"z(r))—uD(w))dH(w)|

S%l(“D(fz(r)) —up(x2))(H(82(r)) — H(x2))| + %

J; o )](“D(xz) —up(w))dH(w)|.

The first term in this upper bound, %(uD(x}(r))—uD(xz))(H(§2(r))—H(x2)), vanishes as
r — 0 since X,(r) is differentiable at r = 0, and since §,(r) — x, as r — 0. Consider the
second term. Find L > 0 such that |u}| < L. We have

1 1(
—U (up(e2) ~ upl@) dH (@) <+ [ Jfup(a) - up(w)] dH ()
[x2,52(r)] " Jlx2,55(r)]
1
_- - ' (r)dr|d
" Jlx2,55(r)] J;xz»w]uD(r) rjar@)
SE (w—x)dH(w)
" Jlx2,55()]
= i -wdH@) by (8)
J[x2,5(r)]
= (52() = ) (H(52(1) - H(xo)),
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Now, If(aéz(r) —x5)(H($5(r)) — H(x,)) vanishes as r — 0 since X, is differentiable at » = 0 and

since $,(r) — x, as r — 0. Thus, (21) vanishes.

Case 3. F admits exactly one atom y; on (xq,X,), the interval [x; — 6,x1] is a full revelation
interval, and 0 < x; < x, = 1 holds.

The proof is similar to the proof of Theorem 2, and hence we shall be brief. Abbreviate
y =1 and x = x;. As before, y € intZ ., and [x — 9, x] C Z 4. In this case, the price p is
affine on [x, 1]; in particular, G(x) + g(v)(y — x) = G(y). For § converging to y from above,
consider the affine function t — G(9) + g(9)(¢ — 9). For ¥ close to y, this affine function
intersects G at a point X in [x — 9,x] since y € intZ.,, and [x — 0,x] C Z.,x. Consider the
function p that coincides with p up to %, then equals the affine function up to 9, and
finally continues with a sufficiently steep slope such that p is convex and lies above G
on [¢,1]. The function p is convex and lies above G on all of [0,1]. Now find f such that
7 =Eylw|we[f1]]and ¥ = Ey[w | w € [$, f]], which is possible for ¢ sufficiently close to .
Finally, let F be the experiment that coincides with F up to §, then pools H on [§,f] to £,
and pools H on [£,1] to ¢. For 7 sufficiently close to y, the point §is in [x — 9, x], implying
that F is supported on points m such that p(m) = G(m). In particular F is IC. A calculation
similar to the one in the proof of Theorem 2 shows that the designer is strictly better off
under F than under F.

Case 4. F admits exactly one atom yy on (xy,X,), the interval [x,,x, + 0] is a full revelation

interval, and 0 = x| < x, <1 holds. Analogous to the previous case. H

OC Extreme Point Representation

In this appendix, we provide a general extreme point representation of IC experiments.
Let G satisfy part (i) of the regularity condition of Dworczak and Martini (2019), as in
Section 7.2; in particular, Lemma 2 applies.

Let v be a Borel probability measure on MPC(H), where MPC(H) has the L!-norm.
Let F e MPC(H). Say v represents F if V(F) = IV(CD)dv(q)) holds for all continuous linear
functionals V: MPC(H) — R. Say v is supported on a measurable set 7 C MPC(H) if
v(F)=1.

Theorem 5. For all IC experiments F there exists a Borel probability measure v that represents

F and is supported on the set of incentive-compatible extreme points of MPC(H).?>

25The set of incentive-compatible extreme points of MPC(H) is measurable since IC experiments form a
closed set (see Appendix A.1) while the extreme points form a Gg-set (Aliprantis and Border (2006, Lemma
7.63)).
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The content of Theorem 5 is that the extreme points can be chosen to be IC, and that
they are extreme points of the entire set MPC(H).

Theorem 5 does not imply that the set of IC experiments is convex. Indeed, it is not
generally convex: for S-shaped preferences of the experimenter, IC experiments can have
at most one atom in the concave part of G (Lemma 3), implying that a proper mixture of

two distinct double censorship experiments is not IC.

Proof of Theorem 5. Let F be IC. By Lemma 2, there exists a continuous, convex function
p:[0,1] - R such that p > G and suppF C {m € [0,1]: p(m) = G(m)}. By Choquet’s Repre-
sentation Theorem (e.g. Kleiner et al. (2021, Proposition 1)), there exists a measure v that
represents F and is supported on the extreme points of MPC(H).

We argue that v-almost all ® are IC. We use Lemma 2. Let K = {m € [0,1]: p(m) = G(m)}
and O =[0,1]\ K. The set K is closed and O is open (in [0,1]) since p— G > 0 holds and
since p — G is lower semicontinuous.

Let y be a continuous function such that y(m) > 0 for all m € O and y(m) = 0 for
all m € K; e.g., let y(m) = min,,cx|m — m’|, where the minimum is well-defined and
continuous by closedness of K and Berge’s Maximum Theorem. Thus, the linear functional
O fy(m)dCD(m) is continuous. Since v represents F and suppF C {m € [0,1]: p(m) =
G(m)} = K, we have 0 = ffo y(m)d®(m)dv(P). Since y is strictly positive on O, it follows
that v-almost all ® assign mass 0 to the set O. Since [0,1]\O =K ={m €[0,1]: p(m) = G(m)}
and since K is closed, it follows that v-almost all @ satisfy supp® C {m € [0,1]: p(m) =
G(m)}. Invoking Lemma 2 with the price function p, it follows that v-almost all ® are
IC. O
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