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1 Introduction

Consider one person, whom we call the Sender, who wants to change the action of another person,
the Receiver. The Sender cannot pay the Receiver, threaten her, or in any way alter her payoffs.
He can only choose what information she will see before she acts. Examples of this problem are

everywhere:
* a prosecutor deciding which evidence to collect before a judge rules;
* a lobbyist funding a study that a politician will read;
* a firm designing the free trial that a consumer will try before buying;
* aschool issuing only coarse grades so the labor market places its graduates better;

* a company choosing how much to disclose about its environmental record to a green-minded

consumer.

The question we study, following Kamenica and Gentzkow (2011), is whether a Sender can
benefit from this kind of persuasion even when the Receiver is a rational Bayesian who under-
stands that the Sender designed the information with his own goal in mind. The answer, perhaps
surprisingly, is yes. This handout works through the simplest example in the paper, the prosecutor
and the judge, and shows every step needed to arrive at the same number the authors report: a
rational judge who knows that 70 percent of defendants are innocent can nonetheless be led to
convict 60 percent of them.

We proceed slowly, and each paper builds on the one before it. Section 2 solves the baseline
model of Kamenica and Gentzkow (2011): with a free investigation the prosecutor convicts a
rational judge 2ug of the time, and the answer is the value of the concave closure of his payoff

evaluated at the prior. Section 3 makes the investigation costly (Gentzkow and Kamenica 2014)
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and recovers the baseline when the cost is zero. Section 4 lets the prosecutor and the judge hold
different priors (Alonso and Camara 2016) and recovers the baseline when they agree. Section 5
sets a defense attorney beside the prosecutor (Gentzkow and Kamenica 2017) and recovers the
baseline when one side stays silent. Sections 6 and 7 tour the rest of the literature and point to
open questions. One thread runs through all four papers: write the Sender’s payoff as a function
of the Receiver’s belief, and the value of the concave closure of that payoff, evaluated at the prior,
is the best the Sender can do. Each extension only reshapes that payoff, and each contains the
baseline as the value of a single parameter. We keep the prior Ly generic throughout, so that every

result is a formula in ty, and we set to = 0.3 only for the tables and figures.

2 Costless Persuasion (Kamenica and Gentzkow, 2011)

2.1 The model

States. There are two states of the world, @ € {G, I}, where G means the defendant is guilty and /
means innocent. The prosecutor (Sender) and the judge (Receiver) share a common prior that the
defendant is guilty. We call this prior yy and keep it as a free parameter, so that every result below
is a formula in Uy; our running numerical illustration sets to = 0.3. Because there are only two
states, any belief is a single number, the probability it places on guilt, and we write y = Pr(guilty),

so the prior places
Ho(G)=po  and  po(l) =1— po.
We assume Uy < %: a judge with no information would acquit, which is the case in which persua-

sion has any work to do. The parameter U is the one free parameter we carry through the whole

handout; each later part adds one more parameter of its own, but the prior stays generic throughout.
Actions. The judge chooses one of two actions, a € {convict, acquit}.

Payoffs. The judge wants to match the verdict to the truth. She earns 1 from the just action,

convicting the guilty or acquitting the innocent, and O from the unjust action:
u(convict,G) =1, wu(acquit,/) =1, u(convict,/) =0, wu(acquit,G)=0.

The prosecutor wants a conviction regardless of the truth. He earns 1 whenever the judge convicts

and O whenever she acquits:
v(convict,) =1 and v(acquit,w) =0 for both .

Notice that the prosecutor’s payoff depends only on the judge’s action, not on the state. This will



simplify the geometric picture we draw later.

The instrument. The prosecutor chooses an investigation: a signal 7 that generates a message
for the judge, with the message drawn from state-dependent distributions 7(- | G) and 7 (- | I). He
commits to the investigation before the evidence is in, and reports its outcome honestly; he cannot
rewrite the rules once he sees what turns up. The judge observes the design of the investigation
and its realized message, updates her belief by Bayes’ rule, and then convicts or acquits.

When does the judge convict? At any belief u, the judge convicts if the expected payoff from
convicting is at least that of acquitting:

1
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We record the judge’s optimal action as a function of her belief,

convict ifu >

)

ISY
~~
=
N—
Il
—_ N =

acquit ifu < ok
where we assign a tie in the prosecutor’s favor, consistent with the Sender-preferred equilibrium of
the paper; without this convention the best conviction rate would be a value the prosecutor could

approach but never quite reach.

2.2 Two benchmarks

Before designing anything clever, we compute what happens at the two extremes. These give the

prosecutor a floor to improve upon.

Example 1 (No disclosure). Suppose the investigation is completely uninformative, so the judge
learns nothing and keeps her prior . Since Uy < %, the judge acquits, and the prosecutor’s payoff
is

Vno info = 0.
We call acquit the default action, since it is what the judge does when she has no information

beyond the prior. U

Example 2 (Full disclosure). Suppose the investigation reveals the state with certainty. Then the
judge’s posterior is either 4 = 1 (and she convicts) or ¢ = 0 (and she acquits). She convicts exactly

when the defendant is truly guilty, which happens with probability py. The prosecutor’s expected



payoff is
Vull info = Mo - 1+ (1 — o) -0 = o (=0.3at uy=0.3).

Full disclosure beats silence, raising the conviction rate from O to tiy. The question is whether the

prosecutor can do better still. O

Intuitively, revealing everything is a crude instrument. It hands the judge a conviction only on
the guilty, and it throws away the possibility of convicting on the strength of merely suggestive

evidence. We now show that a partial investigation does better than both benchmarks.

2.3 The one idea that makes the problem tractable

The prosecutor has infinitely many investigations to choose among, differing in how many mes-
sages they send and how each message correlates with the state. Searching over all of them di-
rectly looks hopeless. The insight of Kamenica and Gentzkow is that we do not need to. What the
prosecutor ultimately cares about is the judge’s belief when she acts, because the belief is what
determines the verdict. So we can search over the beliefs an investigation can produce, rather than
over the investigations themselves.

Each message the judge might receive leaves her with some posterior belief (1. An investigation
therefore induces a distribution of posteriors: a list of the beliefs that can arise, together with the
probability of each. The question becomes: which distributions of posteriors are attainable?

The answer is that a distribution of posteriors is attainable if and only if it is Bayes plausible,

meaning that the beliefs average back to the prior:

Elu] = to.

The requirement is nothing more than the law of iterated expectations. Whatever the judge might
come to believe after seeing a message, her beliefs, weighted by how likely each message is, must
return to where she started. No investigation can, on average, make the judge more convinced of
guilt than the prior warrants; it can only redistribute her conviction across messages.

This is the whole content of Proposition 1 in the paper. It lets us restate the prosecutor’s
problem in a clean form:

max Ef[ﬁ(u)},

T Bayes plausible

where 7 is the distribution of posteriors and (1) denotes the prosecutor’s payoff when the judge

holds belief u and acts optimally. In our example, since the prosecutor earns 1 whenever the judge



convicts,

T
p(u) =v(a(n) = 1
0 ifu<-=

2.4 Solving the prosecutor’s problem

We now solve the problem step by step. It is convenient to work with straightforward investi-
gations: those whose messages are recommendations, “convict” or “acquit,” which the judge is
willing to obey. The paper shows this is without loss of generality, exactly as the revelation prin-
ciple lets us restrict attention to truthful mechanisms. There are only two messages to design, so
the problem reduces to two numbers. Two messages are all the prosecutor ever needs: because the

judge takes only one of two actions, a signal with more realizations cannot raise his payoff.

Step 1. Name the choice variables. Let
og=7n(g|G) and  or=m(g|l)

be the probabilities that the investigation sends the message g (“recommend convict”) in each state.
The complementary probabilities, 1 — 0 and 1 — oy, are the chances of the message i (“recommend
acquit”).

Step 2. Write the objective. If the judge obeys, the prosecutor wins a conviction exactly when

the message is g. That message arrives with total probability

Pr(g) = poog + (1 — o) oy,

so the prosecutor maximizes o oG + (1 — to) o;.

Step 3. Impose obedience on the conviction recommendation. For the judge to actually

convict when she sees g, her posterior on guilt given g must be at least % By Bayes’ rule,

Ho OG 1
Uoog+ (1 —po)op — 2

He=Pr(G | g) =
Cross-multiplying, this obedience condition is
HooG > (1— o) oy.

Step 4. Impose obedience on the acquittal recommendation. For the judge to acquit when



she sees i, her posterior on guilt given i must be at most %:

o (1 —0¢)

. 1
ti = PG ) = T o) + (o) (1 o) = 2

which simplifies to o (1 — o) < (1 — o) (1 —op).
Step 5. Argue that a guilty defendant is always recommended for conviction. The objective
Uo oG + (1 — o) oy rises in O, and raising o also loosens the conviction-obedience condition in
Step 3, since it puts more guilt mass behind the message g. There is thus no reason to hold back:
the prosecutor sets
og=1.

Intuitively, evidence pointing at a guilty defendant can only help the case, so the optimal investiga-
tion never recommends acquittal for someone who is in fact guilty. This is the example’s version
of the general rule that when the judge takes the prosecutor’s least-preferred action, she does so

only when she is certain of the state.

Step 6. Convict as many innocents as obedience allows. With o5 = 1, the objective becomes
Uo + (1 — Ho) o7, which rises in ;. The prosecutor would like o as large as possible, but Step 3
caps it at ty > (1 — Uo) o7. The constraint binds, so

Ho

O] = .
1 — o

We check Step 4 is satisfied: o(1—1) =0 < (1 — o) (1 — l’f‘;lo) = 1 — 2uy, which is positive
because Hy < %, so the judge is indeed willing to acquit on the message i.
Step 7. Read off the optimal investigation. Translating (og, 07) back into the language of

the two messages,

_ _ _Ho
n(g|G) =1, ﬂ(gll)—l_uo,
7(i| G) =0, x(i| 1) = =20

1—puo

At the running prior o = 0.3 this is (1, %, 0, ‘7‘), precisely the investigation reported in equation
(1) of Kamenica and Gentzkow (2011).

Step 8. Compute the conviction rate. The prosecutor’s payoff equals the probability of the
message g:

v =Pr<g>=uo<1>+(1—uo>%zuo+uo=2uo.

The optimal investigation therefore convicts with probability 21y, exactly twice the full-disclosure



rate o, whenever Ly < % At tp = 0.3 this is 0.6: a judge who knows that 70 percent of defendants
are innocent convicts 60 percent of them, while fully aware that the investigation was built to

maximize convictions.

Why the judge goes along

The prosecutor and the judge are not pure adversaries: both want to convict the guilty, so some
messages serve them at once. And because the prosecutor commits to the investigation in advance
and the judge knows its design, she can trust what a message implies rather than second-guess
his motive. With that in place, it is worth reading the two posteriors the investigation produces,

because they show there is no trick. On the message i, the posterior is

0
Hi= Ho

_ —0,
Ho -0+ (1 — o) - ke

so the judge is certain the defendant is innocent and acquits without hesitation. On the message g,

the posterior is
Ho-1 Ho 1

_M0'1+(1—u0)'%_lio+l~lo_2’

Hg

so the judge is exactly indifferent between convicting and acquitting, and, breaking the tie in the
prosecutor’s favor, she convicts. The prosecutor has engineered the weakest belief consistent with
a conviction: just enough to tip the judge over, and not a shade more.

We can also confirm Bayes plausibility directly. The message g arrives with probability 2o

and leaves belief %; the message i arrives with probability 1 — 2y and leaves belief 0. Averaging,

1
2#05+(1—2H0)'0:H0,

so the two posteriors do return to the prior, as they must.

2.5 Graphical representation

The problem has a picture that gives the answer at once, and it generalizes far beyond this example.
Plot the prosecutor’s payoff V(i) against the judge’s belief u. As computed above, ¥ is a step
function: it is O for every belief below % where the judge acquits, and jumps to 1 once the belief
reaches %, where she convicts.

Now recall the prosecutor’s problem: choose beliefs that average to the prior Uy, so as to

maximize the average height of ¥. Mixing two beliefs traces the straight line joining the two points



on the graph of ¥. The best the prosecutor can do at any prior is therefore given by the concave
closure of 7, written V: the lowest concave curve that lies weakly above v everywhere. Figure 1

plots v, its concave closure V, and the construction at the prior.

payoff
1 4
V(u)
0.6 1
v
(N)x - w 1 = Pr(guilty)
0.3 0.5 1

Figure 1: The step payoff ¥ (dashed), its concave closure V (solid), and the value V(0.3) = 0.6 at
the prior.

Reading the figure recovers everything from the algebra above, and faster. The concave closure
is the line V(i) =2u for u < % and V(u) =1 for u > % Its value at the prior is

V(uo) =2uo (=0.6at up =0.3),

which is the optimal conviction rate. The two points the closure touches, 4 =0 and yu = 5, are

B[ —

exactly the two posteriors the optimal investigation induces. And the weights that place their
average at iy are 1 —2ug on g =0 and 2y on u = %, the probabilities of the two messages. The

gap between the curves at the prior,

V(to) — (o) = 240 — 0 = 2o,

is the prosecutor’s gain from persuasion. Wherever this gap is positive, the Sender benefits; wher-

ever ¥ already equals its own concave closure, no investigation helps.

2.6 Main points from the above example

The example teaches lessons that recur throughout what follows.

Persuasion works when the payoff is not concave. The prosecutor gains precisely because v lies

below its concave closure at the prior. If the prosecutor’s payoff were concave in the judge’s belief,

8



no spreading of beliefs could raise its average, and silence would be optimal. If it were convex,

full disclosure would be optimal. The interesting case, and the realistic one, is the step in between.

The Sender loses nothing on the downside. Providing information sometimes moves the judge
toward guilt and sometimes toward innocence. The move toward guilt earns a conviction; the
move toward innocence costs the prosecutor nothing, because the judge was already acquitting by
default. Persuasion benefits the Sender whenever the Receiver does not already take the Sender’s

preferred action, and her action stays fixed over a range of beliefs around the prior.

The Sender induces the worst belief consistent with each action. When the judge acquits, she is
made certain of innocence; when she convicts, she is made just indifferent. The prosecutor never
leaves the judge more convinced than the action requires, because any leftover conviction could be
spent buying additional convictions elsewhere. This is the content of Propositions 4 and 5 in the

paper, and the reader can see both at work in the two posteriors computed above.

2.7 An environmental application: green signaling and greenwashing

The courtroom is one dressing of a structure that recurs, and a second reading will run alongside
us through the rest of the handout. Read the Sender as a firm and the Receiver as a green-minded
consumer, or a regulator. The state is whether the firm’s product is genuinely clean or dirty; the
prior Lo is now the share of clean products, and the consumer buys, or the regulator approves, only
when she is convinced enough that the product is clean, say when her belief that it is clean is at
least % The firm, like the prosecutor, wants the favorable action whatever the truth, and it chooses
what to disclose about its environmental performance: which tests to run, which metrics to report,

how to design a sustainability label.

The baseline result then reads as a theory of greenwashing. A firm sure to be exposed as dirty
says nothing; a firm with a genuinely clean case reveals it; and in between the firm designs a label
that raises a skeptical consumer’s belief to exactly the buying threshold and not a shade higher.
The optimal green signal is therefore a partial, noisy label that clears the consumer at rate 2,
twice the share of products that are actually clean, precisely the “convict 60 percent while only 30
percent are guilty” logic of the courtroom. The three extensions carry over intact: costly testing
(Section 3) shrinks how much the firm discloses; a firm more optimistic about its own product than
its audience is (Section 4) values the same label more without changing it; and a watchdog or a rival
that can also disclose (Section 5) pushes the market toward full revelation of the firm’s true type.
This environmental reading is the subject of a large literature on certification and greenwashing
(Lyon and Maxwell 2011).



2.8 A numerical summary

Table 1 collects the three investigations, no disclosure, full disclosure, and the optimal partial
investigation, at the running prior yy = 0.3. Reading down the conviction column shows the pros-
ecutor’s problem in one glance: silence convicts no one, full disclosure convicts only the truly
guilty, and the optimal partial investigation doubles the full-disclosure rate. The judge’s own wel-
fare, in the last column, is highest under full disclosure, where she always matches the verdict to
the truth, and falls back to her uninformed level of 0.7 under the optimal investigation, since the

prosecutor leaves her exactly indifferent whenever she convicts.

Investigation Conviction rate  Prosecutor payoff Judge welfare
No disclosure 0.00 0.00 0.70
Full disclosure 0.30 0.30 1.00
Optimal (partial) 0.60 0.60 0.70

Table 1: The three investigations at the prior yy = 0.3.

How much the prosecutor gains depends on the prior. Since the value of persuasion is V (ty) =
min(2u, 1) while full disclosure convicts at rate Ly, the gain is g for every prior below % and

vanishes once gy > %, where the judge convicts by default. Figure 2 plots the two rates.

conviction rate

1 | -
optimal, V (L) Pt
0.6 - e full disclosure, pg

- w w w Ho
0.3 0.5 1

Figure 2: Conviction rate under the optimal investigation, V(o) = min(2up, 1), and under full
disclosure, L.
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3 Costly Persuasion (Gentzkow and Kamenica, 2014)

3.1 From free information to costly information

The investigation in Section 2 was free. A prosecutor, though, does not gather evidence at no
charge: forensic tests, expert witnesses, depositions, and subpoenas all consume time and money.
It is natural to ask whether the elegant concavification of Section 2 survives once the Sender must
pay for the information he generates.

At first sight the answer looks like no. The whole method rested on writing the Sender’s payoff
as a function of the Receiver’s posterior alone, V(it), so that the problem reduced to averaging ¥
over Bayes-plausible beliefs. Once signals are costly, this breaks: two investigations can leave the
judge at the very same posterior 1 while costing the prosecutor different amounts, one being a
cheap, coarse investigation and the other an expensive, finely tuned one. The Sender’s payoft at a
belief then depends on how the belief was reached, not on the belief alone, and the concavification
picture no longer applies.

Gentzkow and Kamenica (2014), henceforth GK, identify a family of cost functions for which
the difficulty disappears. For this family the cost can be absorbed into the value function, producing
a cost-adjusted payoff that again depends on the posterior alone, so the same picture goes through.
And when the cost vanishes, the model returns to Kamenica and Gentzkow (2011), henceforth KG.
The costless model of Section 2 is thus the special case of a one-parameter family, recovered when

that parameter equals zero.

3.2 The model with costs

The states, actions, payoffs, and prior are exactly those of Section 2: two states ® € {G,I} with
the same generic prior yy = Pr(guilty) < % (running value 0.3); the judge convicts if and only if
her belief satisfies y > 1; and the prosecutor earns 1 from a conviction and 0 from an acquittal.
The only change is that running an investigation T now costs the prosecutor ¢(7), so his payoff
becomes

v(a,®) —c(m).

GK’s central assumption is that the cost of an investigation is proportional to the expected
reduction in uncertainty it produces. Let H({) be a measure of the uncertainty in a belief u: a
concave function that is largest when the belief is most spread out and zero when the belief is

degenerate. Then the assumption is
c(m) = kE[H (trer) — H (1) ]

11



where Ur 1s a fixed reference belief, u; the posterior after message s, and k > 0 a cost param-
eter. Concavity of H guarantees, by Jensen’s inequality, that information reduces uncertainty on

average, so the cost is never negative, and it is zero for an uninformative investigation.

Two measures of uncertainty are standard. The first is Shannon entropy, H(it) = — Y, u(®) In u(w),
which underlies the rational-inattention literature. The second is residual variance, H (1) = Y. (@) (1—

[,L(a))) , which in our two-state model is

H(u) =2pu(1—p).

We adopt residual variance, and we place the reference belief at the prior, L. = o, so that the cost
measures the uncertainty an investigation removes relative to what the judge knew at the outset.
Both are choices GK explicitly allow. This pair keeps the algebra in closed form and lets us see
every step; GK’s own headline example instead uses entropy with a uniform reference belief, and
we reproduce its numbers in the numerical illustration below. With the reference at the prior the

cost simplifies to
c(m) = k(H(po) — E<[H(un)]),

where 7 is, as before, the distribution of posteriors the investigation induces.

3.3 The unifying result: concavify a cost-adjusted payoff

The Sender’s problem is again to choose a Bayes-plausible distribution of posteriors, but now net

of cost:

D E[0(1)] = (m) = max Ee[o(y)] —k(H (o) ~ Ec[H (1)

= max Ee[5(u) +KH (1)) — kH ().
The last line is the key. The cost has been absorbed into a single cost-adjusted value function

Dk(p) =0(p) +kH (),

which depends on the posterior alone, so the concavification method of Section 2 applies without

change. Writing Vj for the concave closure of ¥y, the Sender’s value is

Vi(to) — kH (o),

12



and the Sender benefits from persuasion if and only if Vi (o) > ¥x (o). This is GK’s Proposition
1, specialized to our cost.

The nesting. Set k = 0. Then v; = ¥, the concave closure V} coincides with V from Section 2,
and the constant k H () vanishes. The Sender’s value is V (o) = 2o, exactly the costless result
of Section 2. Kamenica and Gentzkow (2011) is the kK = 0 member of the family.

Intuitively, adding the concave term kH (i) to v makes the payoff more concave. Since per-
suasion feeds on the gap between a function and its concave closure, and a more concave function
leaves a smaller gap, information costs shrink the room for persuasion. The subtracted constant
kH (L) is what the prosecutor forgoes simply by moving the judge’s belief away from the prior at
all.

3.4 The toy model, worked

Step 1. Write the cost-adjusted payoff. With ¥(u) the step function of Section 2 and H(u) =
2u(l—p),

1
2kpu(l—p) if <3,
1+ 2ku(l—pu) ifuzi.

Each piece is a downward parabola, and the two pieces are separated by an upward jump of size 1
at the judge’s indifference belief u = %

Step 2. The conviction belief stays at the threshold. To win a conviction the prosecutor must
leave the judge with a posterior u;, > % Raising u; above % buys no extra conviction, since the
judge already convicts, and it is costly, since H is falling above % and a sharper belief removes
more uncertainty. The prosecutor therefore leaves the judge exactly indifferent, u;, = %, just as in

Section 2.

Step 3. The acquittal belief now involves a trade-off. Let y; < % be the belief that leads the
judge to acquit. In Section 2 the prosecutor drove u; all the way to 0, making the judge certain
of innocence. That is no longer clearly best. Lowering p; toward O still raises the conviction
probability, because Bayes plausibility then allows more weight on the conviction message; but it
also raises the cost, because a belief nearer certainty carries less uncertainty and the cost rewards
uncertainty left in place. The prosecutor must weigh the two.

Step 4. Solve for the acquittal belief. With u;, = % and weight p on the conviction message,
Bayes plausibility reads p - % + (1= p)y; = Uo, so

_ Ho— M
P=7 :
7 Hi
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The prosecutor’s net payoff, gross conviction probability p minus cost, is
N(w) = p—k(H(po) ~ [p-H(3)+ (1= p) H(w)] ).

with H (%) = % and H (o) = 2uo(1 — up). Differentiating and evaluating at p; = 0 gives the clean

expression
dN

dgy
which at gy = 0.3 is —0.8 + 0.4 k.
Step S. Read off the three regimes. Because 1 — 211 > 0, the sign of the derivative is the sign

=20 -2) (5 1),

=0

of % — 1, so the threshold sits at k = 2 for every prior Uy < % This sorts the problem into three

cases.

» If k <2, the derivative is not positive, so the prosecutor keeps t; = 0. The optimal investi-
gation is identical to the costless one of Section 2: the judge is made certain of innocence
on the acquittal message and indifferent on the conviction message, and the conviction rate

stays at 2. Only the prosecutor’s net payoff falls, to

N =240 —kpo(1—240) = o[ 2 — k(1 —2p) |,

which at tip =0.31s 0.6 —0.12k.

o If 2 <k <k*(up), the derivative at y; = 0 is positive, so the prosecutor raises t; above 0. He
no longer fully clears the innocent, the acquittal message stops implying certain innocence,

and the conviction rate falls below 2.

o If k > k*(up), no investigation is worthwhile, and the prosecutor gathers no evidence.

The knife-edge at k = 2 is where a binary verdict first makes it worth economizing on information;
the upper cutoff k*(up), where persuasion stops altogether, depends on the prior and equals about
12.5 at yy = 0.3 (see the numerical illustration below).

Step 6. Recover the investigation at an interior cost. Return to the running prior g = 0.3
and take k = 3, in the middle regime. Solving N'(1;) = 0 yields y; = 0.0918, hence p = 0.510.
The two induced posteriors are y; = 0.0918 with weight 1 — p = 0.490 and u;, = % with weight
p = 0.510. Recovering the investigation from 7(s | @) = (@) T(L) /o (@),

0.5x0.510 ~ 0.5x0.510

1(g | G) = == = 0.850, ng|1) = == = 0.364,
0.0918 x 0.490 0.9082 x 0.490
(i| G) = 02 —0.150, x| 1) = 0>; — 0.636.
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The conviction rate is Pr(g) = 0.3(0.850) +0.7(0.364) = 0.510, down from 0.6. Notice that 7(i |
G) = 0.150 > 0: the prosecutor now recommends acquittal for some guilty defendants. This is the
sharpest contrast with Section 2. When information was free, the acquittal message meant certain
innocence (Proposition 4 of KG); once information is costly, buying that certainty is too expensive,

so the prosecutor accepts an acquittal message that leaves the judge with lingering doubt.

3.5 What cost adds to the picture

Costly persuasion reshapes the baseline in ways worth drawing out.

The costless model is a boundary, not a different model. Everything in Section 3 collapses to
Section 2 at k = 0. The extension does not overturn Bayesian persuasion; it embeds it in a family
and asks what happens as one moves away from the free-information boundary. This is the shape
of a good extension: the earlier result sits inside the newer one at a single parameter value, and the

new results describe the neighborhood around it.

Costs shrink disclosure, and do so in stages. As k rises, the optimal investigation is first un-
changed, then Blackwell less informative, then silent. The prosecutor first absorbs the cost while
running the same investigation, then economizes by tolerating a noisier acquittal signal, and finally
abandons persuasion. Lower costs always yield a weakly more informative investigation in this
example, matching GK’s comparative static.

The Receiver captures none of the value of information. A short calculation shows the judge’s

expected payoff under the optimal investigation is

+(1=p)(A—w)=1—po forevery k,

B[ —

p .

using p- % + (1= p); = po. This is exactly the judge’s payoff with no information at all, Pr(innocent) =
1 — o (namely 0.7 at gy = 0.3). Whatever the cost of investigation, the prosecutor leaves the judge

no better off than her uninformed benchmark and keeps the entire value of information for himself.

3.6 A numerical summary

Table 2 traces the optimal investigation as the cost parameter k rises, under the residual-variance
cost worked out above. The three regimes are visible in the columns. For k < 2 the acquittal
belief stays at (; = 0 and the conviction rate holds at 0.6, exactly the costless investigation; only
the prosecutor’s net payoff falls, one-for-one at rate 0.12 per unit of cost. For 2 < k < k* the
acquittal belief lifts off O and the conviction rate slides down. At k* =~ 12.5 the prosecutor stops

investigating. The judge’s welfare, not shown, equals 0.7 in every row.
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k y;  Conviction rate Prosecutor net Regime
0  0.000 0.600 0.600 identical to KG
1 0.000 0.600 0.480 signal = KG
2 0.000 0.600 0.360 threshold
3 0.092 0.510 0.260 interior
4 0.146 0.434 0.189 interior
6 0211 0.307 0.094 interior
10 0.276 0.106 0.011 interior
12.5 0.300 0.000 0.000 no disclosure

Table 2: Optimal investigation as the cost k rises, residual-variance cost with reference belief
Uo = 0.3.

Figure 3 draws the case k = 3 the way Figure 1 drew the costless problem. The cost bends
each branch of the payoff into a parabola and lifts the whole picture, but the method is unchanged:
the concave closure V3 of the cost-adjusted payoff v still touches the graph at the two induced
posteriors, now ; = 0.092 and u;, = % Reading the closure at the prior gives V3(0.3) = 1.52, and
the prosecutor’s payoff is V3(0.3) —kH(up) = 1.52 — 1.26 = 0.26, matching Table 2.

payoff
2.5 Va(u)
1.52 1 I
D3(p)
x ; 1 = Pr(guilty)
My 0.3

1
2

Figure 3: The cost-adjusted payoff 73 (dashed) and its concave closure V3 (solid) at k = 3, with
induced posteriors y; = 0.092 and u;, = %

Finally, Table 3 reports GK’s own version of the example, which uses Shannon entropy as the
measure of uncertainty and the uniform belief as the reference, rather than the residual variance
and prior reference used above. The pattern is the same, and kK = 0 again returns the costless

investigation of Section 2.

I'The published example reports a conviction rate of 0.43 at k = 2. The signal listed there induces a conviction
belief , = 0.4988, just short of the judge’s indifference point %, so it narrowly fails her obedience constraint; the
obedience-respecting optimum, shown here, convicts at rate 0.457. The qualitative comparative statics are identical.
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k  Convictionrate  ;  Prosecutor net
0 0.600 0.000 0.600
1 0.543 0.062 0.384
2 0.457 0.131 0.259
3 0.382 0.176 0.177
4 0.315 0.208 0.119
5 0.255 0.232 0.077
7 0.147 0.265 0.025
10 0.009 0.298 0.000

Table 3: GK’s entropy version of the example, reference belief uniform.!

4 Persuasion under Disagreement (Alonso and Camara, 2016)

4.1 From a shared prior to disagreement

Sections 2 and 3 both assume that the prosecutor and the judge start from the same prior, L.
Often they do not. A prosecutor who has lived with a case for months may be more convinced
of guilt than the judge who sees it for the first time; an advocate is typically more optimistic than
the audience he addresses. Alonso and Camara (2016) allow the Sender and the Receiver to hold
different priors, both common knowledge, so that the two agree to disagree.

We keep the judge’s prior at the same generic value Ly (running value 0.3), so her behavior is
exactly as in Section 2, and we let the prosecutor’s prior be a number g € (0,1). When g = g the

two agree and we are back in Section 2. The question is what disagreement changes when g # L.

4.2 The model with two priors

The states, actions, and payoffs are those of Section 2. The judge holds the prior iy and convicts
if and only if her posterior is at least 3, unchanged. The prosecutor holds a possibly different prior
q. He designs a signal; the judge updates from her prior Ly; but the prosecutor evaluates outcomes
using his prior g, that is, using his own assessment of how likely each message, and each resulting

conviction, is. Both priors are common knowledge.

4.3 The unifying result: reweight the value function

The prosecutor and the judge read the same evidence but weigh the possible verdicts differently,

because they disagree about how likely guilt is.

First, the judge’s behavior still depends only on her posterior t: she convicts if and only if
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p > 1 and the prosecutor’s gross payoff at that posterior is the same step function v(p) as in
Section 2.

Second, the prosecutor weights each message not by the judge’s probability but by his own.
For a message that leaves the judge at posterior u, the ratio of the prosecutor’s probability of that

message to the judge’s probability of it is

l—g
1— o’

f(u)zu%ﬂl—u)

which depends only on the belief the message induces, not on the signal that produced it. The
reason is that, once the judge’s posterior u is known, the message’s likelihood in each state relative

to its average likelihood is fixed, and the two priors simply reweight those likelihoods.

A

Putting the two facts together, the prosecutor’s expected payoff is E¢[¢(p) ¥(@)], where 7 is the
judge’s Bayes-plausible distribution of posteriors. Define the reweighted value w(u) = £(u) v(u).

The prosecutor’s problem is

max E:[w(u)] subjectto E;[u] = uo,
T Bayes plausible

solved once again by concavifying w and reading it at the judge’s prior L.

The nesting. When g = Ly, the reweighting is /(i) = u+ (1 —u) =1, so w = ¥ and we recover
Section 2 exactly. Heterogeneous priors is the family; the common-prior model of Kamenica and
Gentzkow (2011) is its ¢ = iy member.

This reweighting is close kin to the device behind costly persuasion. When the cost in Sec-
tion 3 is measured from a reference belief other than the prior, Gentzkow and Kamenica (2014)
translate between that reference belief and the prior in exactly the way we here translate between
the prosecutor’s and the judge’s priors, and they credit the device to Alonso and Cadmara’s work on
heterogeneous priors. A single belief-map underlies both extensions, which is why the two share

a shape.

4.4 The toy model, worked

Step 1. Reweight the payoff. With judge prior uy,

N ==
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Since / is positive and rises at most linearly in p, the reweighted payoff w is still a single upward
step, now with a sloped top.

Step 2. The optimal signal is unchanged. Because v is a step and / is a positive affine function
of u, the concave closure of w touches the graph at the same two beliefs as in Section 2: y; =0
and u, = % Raising u;, above % lowers the ratio () /W, and lowering 1 to O frees weight for
the conviction message, exactly as before. So the judge’s optimal investigation is the one derived
in Section 2, the same two messages and the same conviction rate of 2L, for every prosecutor
prior g. Intuitively, disagreement about the prior does not change which beliefs are cheapest to
induce, because the judge’s Bayes plausibility and her indifference point are hers alone, and neither
depends on gq.

Step 3. What the disagreement changes. It changes how much the prosecutor values the

unchanged investigation. His expected payoff is

+N0(1—Q)

value = 2o ¢(3) = ¢ —

which rises in his own conviction g. At g = Uy it equals 2, the Section 2 value; at the running
Lo = 0.3 the value is (3 +4¢q)/7. A prosecutor more sure of guilt than the judge, g > Lo, values
the same investigation more, because he believes convictions are more likely than the judge does.

Step 4. The prosecutor always benefits. With no investigation the judge keeps her prior
Uo < % and acquits, so the prosecutor’s payoff is 0 whatever his own prior. Since the value g +
Lo(1—¢q)/(1— W) is positive for every g, the prosecutor benefits from persuasion at every prior,
even when he is nearly certain of guilt. This is Alonso and Cdmara’s striking observation: a Sender

gains from generating information even when the audience is already inclined his way.

4.5 A numerical summary

Table 4 reports the prosecutor’s value as his prior g varies while the judge’s prior stays at 0.3. The
judge’s conviction rate and her welfare do not move; only the prosecutor’s valuation does, climbing
along the line (3+4q)/7.

Figure 4 draws the case g = 0.5 in the same way as Figures 1 and 3. The reweighted payoff w is
again a single step, but its upper branch now slopes upward, because the prosecutor values a firmer
conviction belief more than a marginal one. The concave closure still touches the graph at y; =0
and y, = %, the very posteriors of Section 2, and reading it at the prior gives the prosecutor’s value
0.71.

19



qg / (%) Prosecutor value Judge conviction Judge welfare

0.1 0.810 0.486 0.60 0.70
0.2 0.905 0.543 0.60 0.70
0.3 1.000 0.600 0.60 0.70
0.5 1.190 0.714 0.60 0.70
0.7 1.381 0.829 0.60 0.70
0.9 1.571 0.943 0.60 0.70

Table 4: Prosecutor value as the prosecutor’s prior g varies, judge’s prior fixed at gy = 0.3. The
row g = Up = 0.3 is Section 2.

prosecutor payoff

1.19

0.71 +

w
(,u)j ; —> W = Pr(guilty)
0.3 % 1

Figure 4: The reweighted payoff w (dashed) and its concave closure W (solid) at ¢ = 0.5, with the
same induced posteriors y; = 0 and u; = % as in Figure 1.

5 Competition in Persuasion (Gentzkow and Kamenica, 2017)

5.1 Adding a second persuader

So far a single Sender controlled all the evidence. A courtroom has two. The prosecutor wants a
conviction; the defense attorney wants an acquittal; each is free to commission investigations, and
the judge sees the results of both. The old faith in the adversarial system holds that setting two in-
terested persuaders against each other protects the audience. Gentzkow and Kamenica (2017) make
the idea precise, and in our binary courtroom the answer is stark: two fully opposed persuaders

reveal the whole truth.

5.2 The model with two senders

The states, actions, judge, and prior g are those of Section 2. Now two senders design evidence.

The prosecutor earns Pp() = 1 when the judge convicts (u > %) and 0 otherwise; the defense
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attorney earns the mirror image, ¥p(u) = 1 when the judge acquits (u < %) and O otherwise. Each
sender chooses a signal; the judge pools everything she sees into a single posterior and acts; a
profile of signals is an equilibrium when neither sender can gain by changing his own signal alone.

With only the prosecutor present, this is exactly Section 2.

5.3 The unifying result: both senders sit on their concave closure

The concavification of Section 2 told a lone sender where he would place the judge’s belief. With
two senders the same object characterizes equilibrium, through a short argument. Suppose an
equilibrium leaves the judge, with positive probability, at a belief u where the prosecutor’s payoff
is strictly below its concave closure, ¥p(1t) < Vp(u). The prosecutor could then add information at
that belief, splitting it into two whose average is u, and raise his expected payoff, since the concave
closure is the most that splitting can reach. He would deviate, so this is not an equilibrium. The
same argument applies to the defense attorney. Hence, in equilibrium, every belief the judge might
hold lies where both senders sit exactly on their own concave closure.

Write M; = {u : 9;(1) = Vi(u)} for the beliefs at which sender i cannot improve by splitting,
and M = Mp N Mp. Gentzkow and Kamenica (2017) show that a Bayes-plausible distribution of
posteriors is an equilibrium outcome if and only if its support lies in M.

The nesting. With a single sender, M = Mp, and the requirement is simply that the judge’s
beliefs sit on the prosecutor’s concave closure, which is the concavification of Section 2. Kamenica

and Gentzkow (2011) is the one-sender case; competition is what a second, opposed sender adds.

5.4 The toy model, worked

Step 1. The prosecutor’s coincidence set. The prosecutor’s payoff ¥p is 0 below % and 1 above,
and its concave closure is Vp(1t) = min(2u, 1). The two agree wherever ¥p is already at its ceiling,

the interval [%, 1], together with the single belief 4 = 0 where both equal 0. Hence
MP = {O}U [%7 1]

Step 2. The defense attorney’s coincidence set. His payoff ¥p is 1 below % and 0O above,
with concave closure Vp(u) = min(1,2(1 — u)). The two agree on [0, %), where ¥p is already at

its ceiling, together with u = 1 where both equal 0. Hence

Mp=10,3)U{1}.
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Step 3. Intersect. The only beliefs in both sets are the two certainties,
M=MpNMp = {0, 1}.

At every other belief one of the two senders would add information.

Step 4. The equilibrium. The judge’s beliefs must therefore be 0 or 1, so the only Bayes-
plausible outcome is full disclosure: the evidence reveals the state, leaving belief 1 with probability
Uo and belief O with probability 1 — y. The judge convicts exactly the guilty, at rate L, half the
lone prosecutor’s 2.

Intuitively, at any partial belief short of certainty, one side always holds evidence that pulls the
judge its way: if the prosecutor tries to stop at the indifference belief, the defense attorney can
push her toward innocence, and conversely. The only beliefs no one wishes to disturb are the two

at which nothing more can be said. Competition unravels all the way to the truth.

5.5 What competition adds

Competition reveals more, and the judge gains. A lone prosecutor convicts 2y of defendants; two
opposed persuaders convict only the guilty, i, and the judge, now fully informed, reaches her
first-best. This is the sharpest form of the general comparative static: competition never reduces

the information revealed, and here it forces the maximum.

Full opposition is doing the work. The unraveling is this clean because the senders’ interests are
exactly reversed, so their coincidence sets meet only at certainty. Gentzkow and Kamenica (2017)
show, well beyond the binary case, that a competitive equilibrium is never strictly less informative
than what the senders would choose by colluding, whatever their preferences; full disclosure is the

extreme our courtroom lands on.

5.6 A numerical summary

Table 5 sets the one-sender and two-sender outcomes side by side at the running prior po = 0.3.

Adding the defense attorney halves the conviction rate and lifts the judge to full information.

Setting Conviction rate  Prosecutor payoff Judge welfare Defense payoff
One sender (Section 2) 0.60 0.60 0.70 —
Two opposed senders 0.30 0.30 1.00 0.70

Table 5: One persuader versus two opposed persuaders, at tg = 0.3. In general the conviction rate
falls from 2 to o and the judge’s welfare rises from 1 — g to 1.
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Figure 5 draws the two senders’ payoffs. The prosecutor’s step rises at | = %; the defense
attorney’s falls there. Each payoff meets its concave closure only on the half where it is already at
its ceiling, plus the far certainty, so the two coincidence sets overlap only at 4 =0 and u = 1: the

beliefs of full disclosure.

payoff

v—> 1L = Pr(guilty)
1

I—

Figure 5: The prosecutor’s payoff ¥p (thick solid) and the defense attorney’s Vp (thick dashed),
with their concave closures Vp,Vp (thin). The closures are met by their own payoffs only at 4 =0
and u = 1, the full-disclosure beliefs.

6 A Guided Tour of the Broader Literature

The four sections above share one move: write the Sender’s payoff as a function of the Receiver’s
belief, and the best the Sender can do is the value of the concave closure of that payoff at the prior.
Costs, disagreement, and competition enter only by reshaping that function or by intersecting two
of them. The method works cleanly under three conditions: the state space is small enough to
plot the value function, the Sender commits fully to the experiment, and there is a single Receiver
whose action depends on her posterior. Each active branch of the literature relaxes one of these
conditions. This section takes the branches in turn, keeping the prosecutor and judge in view. For
each, we say what it changes relative to our baseline, describe concretely how the model would
be modified to capture it, and point to representative papers, so that a student can move from our
courtroom to the frontier without changing examples. The literature is large; we refer the reader to

Kamenica (2019) and Bergemann and Morris (2019) for the complete bibliography.

6.1 Many receivers

What changes. There is now a panel rather than a single judge, and the Sender may address the

panel with one public signal or with private, receiver-specific signals; the receivers may also care
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about one another’s verdicts. How the model changes. Replace the judge with n jurors and a
collective rule, say conviction by majority. If the prosecutor is restricted to a single public signal,
nothing else changes: reinterpret a(it) as the panel’s collective verdict when all jurors share the
posterior (, and concavify ¥ exactly as in Section 2. If instead he sends private signals and jurors
care about the collective outcome, a juror’s vote depends not only on her own belief but on what she
thinks the others learned, and the belief-based value function no longer captures the problem. One
then works in the language of Bayes correlated equilibria (Bergemann and Morris 2013, 2016) and
information design (Taneva 2019; Mathevet, Perego, and Taneva 2020): characterize the outcomes
attainable under some information structure, a set carved out by each juror’s obedience constraints,
and pick the best. Persuading voters is the workhorse case (Alonso and Ciamara 2016b; Wang
2015; Bardhi and Guo 2018), and the same tools yield the map of feasible profit—surplus pairs

under third-degree price discrimination in Bergemann, Brooks, and Morris (2015).

6.2 Many senders: competition in persuasion

What changes. The single persuader becomes several, with possibly opposed preferences, each
free to design evidence that the Receiver pools. How the model changes. Give sender i a value
function v; and its concave closure V;, exactly as we did for the prosecutor and the defense attorney;
an equilibrium is a Bayes-plausible belief distribution supported only where every sender sits on
his own concave closure, that is, on (); M;. Gentzkow and Kamenica (2017) show, well beyond the
binary case, that a competitive equilibrium is never strictly less informative than what the senders
would choose by colluding; our full-disclosure result is the extreme this comparative static reaches
when the two sides are exactly opposed. The conclusion is not automatic once senders cannot
freely correlate their signals: Board and Lu (2018) show that in a search market where sellers
can coordinate their disclosures, competition may reveal no more than a monopolist would, while
the same sellers reveal everything once coordination is impossible. Whether senders who move

sequentially rather than simultaneously reveal more is studied by Li and Norman (2018).

6.3 Limited commitment

What changes. The prosecutor no longer commits fully; with some probability he can quietly alter
the message he reports, which is the assumption that had separated persuasion from cheap talk
(Crawford and Sobel 1982) and from verifiable disclosure (Grossman 1981; Milgrom 1981). How
the model changes. Add one parameter, the probability p that the prosecutor can secretly replace
an unfavorable message with a favorable one. At p = 0 we are back in Section 2; at p = 1 the

prosecutor is a pure cheap talker, and the judge trusts nothing that is not self-serving to reveal. In
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between, the value is governed by an object that combines the concavification of full commitment
with the quasi-concavification that solves the cheap-talk problem for a state-independent Sender
(Lipnowski and Ravid 2020; Lipnowski, Ravid, and Shishkin 2022; Min 2017). A striking lesson is
that the judge can be better off when the prosecutor is less credible, since a prosecutor who cannot
be believed cannot mislead. A related relaxation lets the Sender observe something about the state
before he designs the experiment, so that his very choice of investigation leaks information (Perez-
Richet 2014; Hedlund 2017), and laboratory tests of how closely subjects follow these predictions
are beginning to appear (Fréchette, Lizzeri, and Perego 2022).

6.4 A better-informed receiver

What changes. The judge is no longer a blank slate: she holds private information, about her own
threshold for conviction or about the state, or she can gather her own evidence after seeing the
prosecutor’s. How the model changes. Give the judge a private type 6, say a privately known
conviction threshold drawn from a known distribution, and redefine the prosecutor’s value v by av-
eraging over 0; the problem stays concavification-friendly, but the optimal investigation acquires
structure, becoming a monotone rule that reveals middling cases and pools extreme ones (Kolotilin,
Mylovanov, Zapechelnyuk, and Li 2017; Kolotilin 2018), or an interval rule when the private in-
formation is about the state (Guo and Shmaya 2019). Rayo and Segal (2010), contemporaneously
with Kamenica and Gentzkow (2011), already give the receiver a private outside option. Alterna-
tively, let the judge pay a cost to run her own test after the prosecutor’s message: the mere threat
disciplines him into disclosing more, and it is without loss to look at equilibria in which she never

actually investigates (Matyskova 2018).

6.5 Dynamics

What changes. The problem is no longer static: the state evolves over time, or the receiver’s past
choices shape her future options, so the Sender chooses not only how much to reveal but when.
How the model changes. Let the defendant’s guilt evolve as a Markov process and let the judge
act myopically each period on her current belief; the prosecutor now chooses a disclosure policy
over time rather than a single experiment. Ely (2017) solves this case and finds that the optimal
policy discloses good news with a deterministic delay. When the receiver’s sunk actions change
her opportunities, dynamic disclosure can sustain more of the action the Sender wants than any
one-shot experiment (Ely and Szydlowski 2020). A separate dynamic branch puts beliefs directly
into the utility function, modelling entertainment as the management of suspense and surprise (Ely,
Frankel, and Kamenica 2015).
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6.6 Large state spaces and solution methods

What changes. The state is a continuum and the Sender’s payoff depends only on the mean of the
receiver’s posterior, so the value function can still be drawn but its concave closure no longer solves
the problem, because not every distribution of posterior means with the right average is attainable.
How the model changes. Let guilt be a continuous severity in [0, 1] rather than a yes-or-no, with the
judge’s action depending on expected severity. Two reformulations restore tractability: represent
each signal by a convex function of the posterior mean and search over that space (Gentzkow and
Kamenica 2016), or cast the design as a linear program, equivalently a price-theoretic problem in
which the Sender “buys” posterior means using the prior as his budget, with a simple dual test for
optimality (Kolotilin 2018; Dworczak and Martini 2019). These methods say when the optimum is
a monotone partition (Ivanov 2015; Mensch 2018) and now carry much of the applied work. When
even they fail, computation is the fallback: the general problem is hard, but good approximation
algorithms exist (Dughmi and Xu 2016; Dughmi 2017).

6.7 Applications

What changes. Nothing in the mechanism; only the names of the Sender, the Receiver, and the
state. How the model changes. Rename the players. A regulator designing a bank stress test
reveals just enough about solvency to avert a run (Goldstein and Leitner 2018; Inostroza and Pavan
2023); a school choosing a grading policy reveals just enough about ability to place its graduates
(Ostrovsky and Schwarz 2010; Boleslavsky and Cotton 2015); a routing app gives drivers noisy
advice to unclog roads (Das, Kamenica, and Mirka 2017); a police force randomizes speed traps
to deter speeding (Lazear 2006); and, in the environmental reading we return to throughout, a firm
designs a sustainability label that raises a green-minded consumer’s belief to the buying threshold
and no further, which is precisely greenwashing (Lyon and Maxwell 2011). In each case the
prosecutor—judge diagram is a faithful first picture, and the comparative statics of Sections 3-5
carry over: costlier testing means coarser disclosure, a more confident designer values the same

disclosure more, and a watchdog forces the truth out.

6.8 A neighboring market: selling information

What changes. Information is no longer given away to move an action but sold as a good, and the
designer, a data broker, a credit bureau, a rating agency, is paid in fees rather than in the Receiver’s
action (Admati and Pfleiderer 1990; Bergemann and Bonatti 2019). How the model changes.
Replace the prosecutor’s verdict payoff with a price: instead of valuing a conviction, the Sender

posts a menu of experiments and prices and the Receiver buys one. The design question shifts from
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what to reveal to what to sell and at what price, and the difference between selling an information
structure up front and selling its realization after the fact maps onto the products that brokers and
publishers actually trade. Our courtroom becomes a pricing problem, and the two literatures meet

in a shared object.

7 Directions for Future Work

The prosecutor and the judge are not only a teaching device; several of the field’s open questions
can be posed inside them, which is a useful discipline on speculation. We describe four directions

where the model of this handout runs into the research frontier.

Combining contracts with experiments. Incentives and information are usually studied in sep-
arate literatures, yet real designers set both at once: a firm chooses a wage schedule and an evalua-
tion system, a court sets both penalties and rules of evidence, a platform sets both prices and what
buyers are shown. Inside our model this means giving the prosecutor a second instrument, a trans-
fer to the judge, alongside the investigation, and asking how the optimal experiment changes when
the Sender can also move the Receiver’s payoffs directly. Li (2017) takes a first step by adding
transfers to the two-action, two-state model, but a general theory of the joint design of a contract
and an experiment is missing, and it is the natural home for the question of when disclosure and
payment are substitutes and when they are complements.

A theory, not a catalogue, of many receivers. The papers on persuading voters, juries, and
bidders each solve a particular case, but there is no organizing statement of when a designer prefers
a single public signal to receiver-specific private ones, or of how that preference turns on whether
the receivers’ actions are strategic complements or substitutes. The machinery to pose the question
exists, in the form of Bayes correlated equilibria (Bergemann and Morris 2016); what is missing
is the comparative-statics theory built on top of it. In our setting this is the question of how the
optimal investigation changes as the lone judge becomes a voting panel, and as the voting rule
moves from unanimity to simple majority.

Designing information and options together, over time. A court controls both the evidence
a jury sees and the order in which questions are put to it; a firm controls both an employee’s
feedback and the tasks that remain open to her after she acts. Treating the design of information
and the design of the receiver’s evolving choice set as one problem, rather than two, is young and
promising (Ely and Szydlowski 2020), and the promotion and trial narratives used in this handout
are natural laboratories for it: let the prosecutor choose not only what the judge learns but when

the verdict must be cast, and the timing of disclosure becomes a second lever.

Solving harder problems, and testing the benchmark. Most models past the smallest exam-
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ples resist a closed form. The convex-analysis and linear-programming methods of Section 6 have
widened the solvable class, but many applied designs, especially with several interacting receivers,
remain out of analytic reach, and the algorithmic methods developed in computer science are only
beginning to be imported into economics (Dughmi 2017). Running alongside is an empirical ques-
tion the theory cannot answer on its own: do real receivers update as Bayesian persuasion assumes?
Laboratory work has just begun to test this (Fréchette, Lizzeri, and Perego 2022), and systematic
evidence would tell how far to trust the rational benchmark that makes the concavification picture

exact.
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