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Abstract

In traditional models, agents have ample reason to gather cost-free evidence. Rational
agents expect evidence gathering to weakly improve the quality of their decisions and
the accuracy of their credences. These results are linked to more general principles
of reflection and the value of knowledge taken to characterize genuine learning ex-
periences. For attentionally-limited agents, I show that matters are more complex.
Rational attentionally-limited agents still cannot expect to make worse decisions or
hold less accurate credences as a result of gathering some rather than no evidence. But
they can expect to make worse decisions and hold less accurate credences as a result
of gathering more rather than less evidence about the world. This result highlights
a neglected distinction between two versions of the requirement to gather cost-free
evidence and a gap between evidence gathering and learning experiences.

1 Introduction

A]. Ayer (1957) once asked why agents should gather evidence. 1.]. Good (1966) responded
by proving that under many conditions, rational agents cannot expect evidence gathering
to decrease the quality of their decisions.! Patrick Maher (1990a; 1990b) proved that
under many conditions, rational agents also cannot expect evidence gathering to decrease
the accuracy of their beliefs. And in a more general setting, these results follow from
principles of reflection (van Fraassen 1984) and the value of knowledge (Skyrms 1990)
which are held to characterize genuine learning experiences (Huttegger 2014; Huttegger
and Nielsen 2020; Skyrms 1990).

Here it is important to distinguish two questions. First, can some evidence be worse
than no evidence? Second, can more evidence ever be worse than less evidence?? In the
classical setting, we will see that both questions receive the same answer. Rational agents
cannot expect to make worse decisions after gathering some rather than no evidence, or
full rather than partial evidence about the world (Section 2). Likewise, rational agents
cannot expect to hold less accurate beliefs after gathering some rather than no evidence,
or full rather than partial evidence (Section 3). And in a more general setting, these results
follow from principles of reflection (Section 4.1) and the value of knowledge (Section 4.2)
taken to characterize genuine learning experiences.

1See also Blackwell (1953).

2This paper focuses on a specific version of the second question: can complete evidence ever be worse
than partial evidence? Blackwell (1953) proves the more general result that more informative experiments
can never be expected to reduce decision quality relative to less informative experiments. I focus on the more
specific version of the second question to avoid the complications introduced by a more general discussion
of Blackwell informativeness.



However, matters are otherwise for agents with limited attention (Hertwig and Engel
2021; Kluger and DeNisi 1996; Lacko and Pappalardo 2004).> For such agents, classic
arguments may be halfway correct: some evidence cannot be worse than no evidence.
Agents who wish to avoid receiving evidence of any kind may be able to simply ignore it.
However, classic arguments are likely to be halfway incorrect: more evidence can be worse
than less evidence. As any prosecutor will tell you before gleefully disclosing millions of
pages of files to an overwhelmed defense team, attentionally-limited agents often learn
better when they are presented with focused streams of highly relevant information rather
than larger streams of less-relevant information (Lester et al. 2012).

The rest of this paper aims to make good on the previous paragraph. After introducing
the nature and importance of attentional limits (Section 5), we will see that classic models
of rational inattention (Section 6) are not up to the task (Section 7) because they donot allow
us to distinguish the processes of gathering and attending to evidence. After developing a
model which is expressive enough to distinguish questions about gathering and attending
to evidence (Section 8), we will recover the desired results.

In particular, we will see that while attentionally-limited agents cannot expect to make
worse decisions on the basis of some rather than no evidence, they can expect to make
worse decisions on the basis of full rather than partial evidence (Section 9). In the same
way, while attentionally-limited agents cannot expect to lose accuracy after gathering
some rather than no evidence, they can expect to lose accuracy after gathering full rather
than partial evidence (Section 10).

The reason for this will not be that principles of reflection and the value of knowledge
fail, but rather that they no longer play their standard role in justifying claims about
evidence gathering (Section 11). Reflection and the value of knowledge may continue to
be correct characterizations of learning experiences, but for attentionally-limited agents,
gathering evidence is not a complete learning experience. Attentionally-limited agents
often have good reason to expect that they neither will nor should learn the complete
contents of gathered evidence, so for such agents, questions about evidence-gathering
and learning come apart.

2 Good’s Theorem: Evidence and decision quality

Suppose you are deciding between finitely many acts A, such as competing courses of
medical treatment.* Suppose that a finite set Q of world states are relevant to your
decision. You have probabilistic credences c over all possible events, regarded as subsets
of ). You assign utilities u to world states and seek to maximize the expected utility of
the resulting world state.

In sum, you face the decision problem I' = (Q, A, ¢, u). If forced to act now, you would
take the treatment maximizing expected utility on your current credences, receiving an

30ther proposed reasons to avoid cost-free evidence include risk aversion (Buchak 2010; Campbell-Moore
and Salow 2020), imprecise (Bradley and Steele 2016) or non-countably-additive priors (Kadane et al. 2008),
imperfect control over future selves (Maher 1990a), act-dependent world states (Adams and Rosenkrantz
1980), rational modesty (Neth forthcoming), and externalist conceptions of evidence (Das 2023).

I'll regard acts as Savage acts, that is as functions a : Q — O where O is an outcome space. Throughout
this paper, I use examples with O = Q).
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Figure 1: (a) Agents who forgo evidence gathering take an act maximizing expected utility
on their current credences. (b) Agents who gather evidence conditionalize on the results of
experimentation and take an act maximizing expected utility on their updated credences.

expected benefit equal to the expected utility of that treatment (Figure 1a). This values
your current decision problem at V(I') = ma;{xEC[u(a)].
ac

However, suppose you are offered the chance to gather evidence before acting. For
example, you might be given the opportunity to read an informative medical pamphlet 7.
Reading the pamphlet will provide an uncertain item of evidence E from a partition {E;}
of Q). For example, the pamphlet may tell you whether or not you have cancer, returning
as evidence either the set of worlds in which you do have cancer or the set of worlds
in which you do not have cancer. Because you have not yet read the pamphlet, you are
not certain which evidence you will receive, but assign credence ¢(E) to each item E of
evidence you might receive.

Suppose you read the pamphlet and gain evidence E. You update your credences by
conditionalization and face decision problem I'; = (Q, A, c(|E), u). You then take the act
maximizing expected utility on your updated credences (Figure 1b). This values your
updated decision problem at V(I'y) = I.‘;’;%IXECME)[M(H)].

If you were certain that you would receive some particular item of evidence E, the
improvement in decision quality from gathering evidence E would be the value difference
V(I'z)— V(') between your old and new decision problems.’ This quantity can be negative,
since evidence can be misleading.

However, from an ex ante perspective you are uncertain what evidence you will receive.
The ex ante improvement in decision quality from gathering evidence through process 1
is the expected value difference between your old and new decision problems, given
uncertainty about the evidence that will result, E.[V([';)] = V(').6 1J. Good (1966) and
David Blackwell (1953) independently proved that under a wide range of assumptions,
gathering evidence cannot be expected to decrease the quality of the resulting decision.

(Good’s Theorem) E[V([';)] = V(D). (1)

When evidence is costly, the expected improvement in decision quality need not outweigh
the expected costs of gathering evidence. But when evidence is cost-free, the expected
value of evidence just is the expected improvement in decision quality E[V(I';)] — V(I).

°In this expression, V(I'y) = V(Lp)) where E is the evidence you will actually receive from 7.
®In this expression, E[V(I)] = Y.; c(E)V(Tepi)-



By Good’s Theorem, this quantity must be non-negative. On this basis, it is argued that
agents cannot rationally strictly prefer to avoid gathering cost-free evidence, since that
evidence cannot yield an expected decrease in decision quality and has no other costs.

Before continuing, it will be important to note a generalization of Good’s Theorem. Let
1ir be the act of gathering complete evidence about the world, in the sense that 77 always
fully discloses the world state.” Let 7t be any act of evidence gathering. Then the expected
improvement in decision quality from gathering complete evidence through nr is always
at least as great as the expected improvement in decision quality from gathering evidence
through the competing policy 7.8

(Good’s Theorem Extended) E[V(I';.)] > E[V(I'5)]. (2)

Again, when evidence is costly, the expected improvement in decision quality from gath-
ering full information need not outweigh the expected costs of gathering it. But when
evidence is cost-free, the expected value of gathering full information rather than gather-
ing evidence through the competing policy 7 just is the expected improvement in decision
quality E[V(I'z,)] — E[V(I'z)]. By Good’s Theorem Extended, this quantity must be non-
negative. On this basis, the same argument suggests that agents cannot rationally strictly
prefer any evidence gathering policy to the policy of gathering full information about the
world.

Moreover, while agents can admit the possibility of making a worse decision after
gathering partial evidence through some policy 7 than the decision they would have
made before, they cannot admit the possibility of making a worse decision after gathering
full evidence. Agents are certain that after gathering full evidence they will take the action
maximizing utility in their actual world state. This means that even agents employing
many popular alternative decision theories to expected value maximization will still be
unable to strictly prefer partial over full cost-free information about the world. In this
sense, Good’s Theorem Extended is a more robust result than Good’s Theorem.

3 Maher’s Theorem: Evidence and credal accuracy

A natural objection to Good’s Theorem is that it provides a practical rather than epistemic
reason for agents to gather evidence. Good’s Theorem says that agents cannot expect to
make worse decisions on the basis of cost-free evidence. However, Good’s Theorem does
not tell agents concerned with epistemic goals such as accuracy how these goals will be
affected by gathering cost-free evidence.

Let 7 (c, p, w) measure the inaccuracy of credence function c on proposition p at world
w. In this paper, I use a popular Brier score on which inaccuracy is squared distance from
the truth, so that Z(c,p,w) = (c(p) — T(p,w))?, where T(p, w) returns the truth value of p
at w.” However, the results in this paper hold for the broader class of strictly proper (or

"That is, for all w € Q, tp(w) = {w}.
8To see this, apply Jensen’s inequality or note that E[V([,)] = Y, C(Ei)maﬂx[zw c(w|Eju(a, w)] <
ae,
¥ (o) max{u(e, w)] = Ly, c(wymaxliu(a, w)] = EV(Ty,)].
‘Thatis, T(p,w) = 1if w E pand 0 if w I p.



self-recommending) scoring rules.'

The inaccuracy of a credence function at world w will be the sum of the inaccuracy
of its opinions about the elementary propositions {{w;} : w; € Q}. That is, I(c,w) =
Yo L(c,{w'},w). And from the vantage point of any prior credence function ¢, we can
calculate the expected inaccuracy of any credence function ¢’, including ¢, as Z.(c") =4
E[Z(c',+)] = Ly c@)I(c, w).

We know that agents cannot expect to make worse decisions as a result of gathering
evidence. But can they expect to hold less accurate credences? Suppose that an agent with
prior credences c gathers evidence through the experiment 7. The expected inaccuracy of
their posterior credences depends on the items of evidence that might result, as

Ter) = ), c(E)(IENT(c(E), w) (3)

= Z C(Ei)Z ey (c(*IE))).

By contrast, the expected inaccuracy of their prior credences can be expanded as

1.(0) = ) c(E)c@lEN I (c, w) (4)

= Z C(E (vE;(©)-

A feature of the Brier score, and indeed of any strictly proper scoring rule, is that credences
are self-recommending so that for any i we have 7 g, (c(*|Ei)) < T wE)(c). It follows
immediately that:

(Maher’s Theorem) 7.(c;) < Z.(c). (5)

And indeed, Maher’s Theorem can be shown in more general settings (Maher 1990a,b).!

Maher’s Theorem shows that from their own prior perspective c, agents can never
expect to have more inaccurate credences as a result of gathering cost-free evidence. If
they are unlucky, they may in fact come to have more inaccurate credences as a result of
gathering misleading evidence. But while agents can regard this unfortunate scenario as
possible, they cannot expect on balance to lose accuracy as a result of gathering cost-free
evidence. As a result, it is argued, agents concerned with accuracy as well as decision
quality will also have no grounds on which to rationally strictly prefer to avoid receiving
cost-free evidence.

Before continuing, it will be important to note a generalization of Maher’s Theorem.
As before, let 7t be the act of gathering complete evidence about the world and let

19Scoring rule 7 is strictly proper if for all probabilistic c we have ¢ = argmin[Z(c’)] using the definition of

I.(c’) introduced shortly.

Note that Maher (1990b) rejects the inference from Maher’s Theorem to the value of gathering evidence
because he thinks the assumption of a strictly proper scoring rule is unmotivated. On extensions beyond
strictly proper scoring rules see Horwich (1982).



be any evidence gathering act. Then agents must expect gathering complete evidence to
reduce inaccuracy by at least as much as any other evidence gathering act would, in the
sense that:'?

(Maher’s Theorem Extended) 7 (cr.) < Z.(cn). (6)

Maher’s Theorem Extended shows that from their own prior perspective, agents can
never expect to have more inaccurate credences as a result of gathering full rather than
partial evidence about the world. Moreover, whereas agents can admit the possibility that
misleading evidence can decrease the accuracy of their credences, agents cannot admit
the possibility that gathering full evidence about the world will decrease the accuracy of
their credences. The expected inaccuracy 7 .(c,,) of gathering complete evidence is always
zero. In this sense, agents are certain that gathering full information about the world will
make their credences as accurate as possible. This means that agents employing a variety
of non-expectational epistemic decision theories also cannot strictly prefer partial to full
information about the world. In this sense, Maher’s Theorem Extended is a more robust
result than Maher’s Theorem.

4 Reflection and the value of knowledge

4.1 Reflection

Sections 2-3 discussed agents who update their beliefs in a particular way: by gathering
and conditionalizing on evidence. What can be said in a more general setting where
agents change their opinions in other ways?

Following the black-box learning model of Brian Skyrms (1990), suppose that an agent
currently holds credences ¢ and anticipates updating those credences to c; at some fixed
later time. She knows which credence functions ¢ and ¢y are and is certain that she will
update from c to ¢y at the given time. But she does not necessarily know anything about
the process which will bring her to update from c to cy.

One of the most-discussed principles of Bayesian epistemology is the principle of
reflection. Although there are multiple inequivalent formulations of reflection (Huttegger
2013), a natural formulation says that agents should match their current credences to their
anticipated future credences. That is, abusing notation slightly to let ¢, stand for both a
credence function and the proposition that the agent will adopt cs at the given later time,
reflection holds that for any credence functions c, ¢y and any proposition p in their mutual
domain:

(Reflection) c(plcs) = c¢(p). (7)

Reflection follows almost immediately for agents who update by conditionalization
(Kadane et al. 1996; Briggs 2009), and it is widely agreed that in many cases, agents
should obey Reflection (Green and Hitchcock 1994; Huttegger 2013).

However, suppose an agent knows or suspects that she will be brought from ¢ to ¢
by an epistemically dubious process such as memory loss (Talbott 1991; Arntzenius 2003)

12For a proof, note that Z.(cr,) = Y. ()T () (c(*lw)) = 0 which minimizes Brier inaccuracy.



or drug-induced hallucination (Christensen 1991). In these situations, many have held, it
would be inappropriate for the agent to obey reflection. She should not be disposed to
compound her anticipated future irrationality by believing irrationally now, even if this
will restore a type of consistency between her present and anticipated future selves.

What separates the situations in which Reflection is appropriate, such as gathering
and conditionalizing on evidence, from the situations in which Reflection is inappropri-
ate, such as hypnosis or hasty generalization? Many have suggested that the difference
is whether the agent has undergone a genuine learning experience (Huttegger 2014; Hut-
tegger and Nielsen 2020; Skyrms 1990). Reflection is appropriate for agents who undergo,
or at least who are certain they will undergo, a change of belief based on genuine learning
and nothing else. On this line, agents should think that learning will tend to improve
their opinions and should therefore be disposed to defer to the beliefs formed as a result
of genuine learning experiences. However, agents who know or suspect that they will
change their beliefs at least partly through some process beyond a pure learning experi-
ence need not obey Reflection. For these agents, the bare fact that they may hold some
opinions in the future does not commend those opinions to them now except insofar as
they take those opinions to result from learning.

4.2 Value of knowledge

This connection between Reflection and learning is relevant because of connections be-
tween Reflection and Good’s Theorem. In the black-box learning setting, our agent thinks
that belief change will shift her decision problem fromI' = (Q, A, ¢, u) to I, ;= (Q, A, cr,u).
In this setting, the previous statement of Good’s Theorem generalizes to what is often
called the Value of Knowledge relationship. This says that the expected value of the
agent’s future decision upon shifting from prior c to posterior c¢; cannot decrease from the
expected value of the agent’s present decision. That is:

(Value of Knowledge) E[V(I,)] = V(D). (8)

Value of Knowledge is not a theorem. Indeed, Value of Knowledge often fails for agents
who suspect their future selves of irrationality. When does Value of Knowledge hold?
Under quite general conditions including the present setup, we can show that Reflec-
tion and Value of Knowledge are equivalent (Huttegger 2014; Skyrms 1990)."* Agents
obey Reflection just in case they also obey Value of Knowledge. What is going on here?
Many authors have suggested that this result shows that Value of Knowledge, like
Reflection, should be regarded as a good formal characterization of learning experiences
(Huttegger 2014; Huttegger and Nielsen 2020). Agents who think that they will change
their opinions from ¢ to ¢y on the basis of a pure learning experience and nothing else
should defer to their future credences, as Reflection asks, and should expect their future
decisions to be weakly improved, as Value of Knowledge asks. But agents who allow
that they may shift from c to ¢ on the basis of other influences beyond learning need not
be disposed to always defer to their future credences or expect their future decisions to
be weakly improved. If this is right, then we should perhaps view Good’s Theorem as

13See Dorst (2020); Dorst et al. (2021) and Geanakoplos (1989) on connections between Value of Knowledge
and deference under higher-order uncertainty.



a consequence of the more general Value of Knowledge relation on learning experiences,
together with the fact that gathering and conditionalizing on evidence is a pure learning
experience.

Before concluding, it is worth generalizing Value of Knowledge in the same way as
before. Let cr be the credences that result from learning the true world state, so that
cr(w) = 1 if w obtains and 0 otherwise. Then Value of Knowledge generalizes to the
statement that:

(Value of Knowledge Extended) E[V(T,)] > E[V(T.,)]. )

Value of Knowledge Extended, unlike Value of Knowledge, is a theorem so long as the
agent is certain that cr correctly identifies the true world state.!* This is true even if we do
not assume that the agent knows which credence function cr is. Agents need not know
how they will change their opinions to expect that their decisions will be at least as good
when based on complete information about the world as when formed in any other way.
Indeed, as before the agent is certain that she will not make a worse decision after shifting
to cr than she would after shifting to cy.

This rounds out the classic case for gathering cost-free evidence. Agents cannot expect
to make worse decisions (Section 2) or hold less accurate credences (Section 3) as a result
of gathering and conditionalizing on some rather than no cost-free evidence, or full rather
than partial cost-free evidence. And on a natural view, this expectation is grounded in
the fact that gathering and conditionalizing on cost-free evidence is a learning experience
together with the idea that the generalized Value of Knowledge relation governs learning
experiences.

5 Attention

The rest of this paper asks what happens to the classic case for evidence gathering when
agents have limited capacities to attend to gathered evidence. The first order of business
is to get clear on what attention is (Section 5.1) and why it matters (Section 5.2).

5.1 The nature of attention

Agents gain evidence about the world through perception. Some of the signals that we
receive are passively acquired, such as the sounds entering my eardrums as I type these
words. Others are actively acquired through processes of evidence gathering. We do not,
and cannot learn the entire contents of incoming signals. Instead, we attend selectively to
some aspects of incoming signals and ignore others.

On my preferred model (Section 8), attention maps incoming worldly signals into
mental signals which are learned by the agent. This means that learning experiences
are not fully characterized by incoming worldly signals, even when those signals are
actively gathered. Rather, learning experiences are characterized by the application of
attention to incoming signals. This paper is concerned with agents who learn through
conditionalization. Therefore, my preferred model will treat agents as conditionalizing
on the signals provided by attentional processes.

W That is, for all worlds w: c(w|cr(w) = 1) = 1.



5.2 The importance of attention

It is often held that we are transitioning from an information economy into an attention
economy (Castro and Pham 2020; Davenport and Beck 2001; Simon 1971). Whereas
previous generations were limited in large part by the availability of information, we
find ourselves overwhelmed by information and limited increasingly by our ability to
attend to what is important. On this basis, many philosophers (Archer 2021; Clark ms;
Siegel 2017; Irving and Glasser 2020), economists (Mackowiak et al. 2023; Sims 2003) and
cognitive scientists (Lieder and Griffiths 2020; van den Berg and Ma 2018) have held that
rational cognition involves not only responding correctly to available information, but
also making appropriate use of scarce attentional resources.

There is good evidence that agents avoid cost-free disclosures of excessive information,
and that they often form more accurate beliefs and make better decisions as a result (Ben-
Shahar and Schneider 2016; Golman et al. 2017; Hertwig and Engel 2021). For example,
exclusion of evidence during legal fact-finding may increase the accuracy of fact-finding
(Lester et al. 2012), and disclosure of complex financial information about loans may lead
agents to pick inferior loans (Lacko and Pappalardo 2004). One natural explanation for
these phenomena is attentional: agents avoid excessive intake of cost-free evidence as a
means of allocating scarce attention towards the most important and decision-relevant
evidence. If that is right, then we should expect theories of rational inattention to allow
agents who gather less evidence to form more accurate beliefs and make better decisions.

It turns out that making good on this insight is not so easy. It is easy to see how
cost-free evidence may fail to help agents without the attention to absorb it, but how can
cost-free evidence harm agents? They could, it may seem, simply ignore evidence they do
not wish to attend to. And in fact, the standard framework of rational inattention (Sims
2003) may imply exactly this result. Let us see how the standard framework goes wrong
(Sections 6-7) and how to do better (Section 8).

6 Rational inattention: The standard framework

On the standard account of rational inattention, evidence gathering is mediated by at-
tentionally constrained cognitive processes. When you read a medical pamphlet, you do
not learn its contents E, but rather an attentionally-limited signal s extracted from the
pamphlet.

More formally, assume as before that you face a medical decision problem I' =
(Q, A, c,u) with finite sets of states () and acts A, probabilistic credences ¢ and utili-
ties u over states. Before acting, you may choose to read one of the available medical
pamphlets. Because attention is limited, you must choose not only which pamphlet to
read but also which elements of the pamphlet to attend to. The combined choice of a
pamphlet to read and an allocation of attention to the pamphlet is modeled as the choice
of an attention policy 7 from the set I'T of possible attention policies.

Each attention policy n € I is associated with a set Sy of signals that might result.
If we model signals S, as the events that those signals are sent, then S, forms an event
partition of Q. The probabilities of receiving each signal depend on your attention policy
as well as on the current state of the world. This means that each policy 7 is associated
with a map n : O — A(S) from world states to probability distributions over signals

9
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Figure 2: Standard rational inattention model: Agents conditionalize on the world-
dependent signal s; resulting from their attention policy 7, then take the act 2, maximizing
expected utility on their updated credences c’.

that might be sent in that world state. Once you receive some signal s; you update by
conditionalization to ¢’ = c(x|s;) and take the act 2, maximizing expected utility on your
updated credences ¢’ (Figure 2).

Suppose for simplicity that there is only one medical pamphlet, so that attention poli-
cies m; represent different strategies for allocating attention to the pamphlet. If attention
were unlimited, it would always be optimal to pay full attention to the pamphlet, and it
could never be worse in expectation to pay some attention to the pamphlet than to ignore
the pamphlet, recovering Good’s Theorem. To avoid this result, the standard rational
inattention framework assumes that attention is costly. The cost of attention is driven by
the expected reduction in uncertainty that results, cashing out the intuition that higher
reductions in uncertainty require greater attention.

More specifically, let H(p) = —X,p(w)In(p(w)) be the Shannon entropy of a probability
function p, a measure of its uncertainty (Shannon 1948). On the standard framework,
attention policies are more costly if they are more informative, in the sense of offering a
greater expected reduction in the uncertainty of the agent’s credences. In particular, the
cost C(m) of policy m is proportional to the expected difference between the entropy of the
agent’s prior and posterior after applying m:

C(m) = x(H(c) - E[H(cx)]).? (10)

Here the non-negative scalar x controls the cost of attention, with ¥ = 0 in the special
case of unlimited attention. While the prior entropy is known, the posterior entropy is
uncertain because it is uncertain which signal will be sent, and hence which posterior will
result.

In the standard model of rational inattention, agents select an attention policy and
resulting action to maximize the expected value of the resulting action less the attentional
cost.'® Good’s Theorem follows only under the further assumption that attention is
unlimited, so that x = 0 and there are no attentional costs.

Here E [H(cn)] = Ly, c(w)m(silw)H(c(xls:))-
16That is, they pick argmax [E[V(I'x)] — C(r)] where E[V(I'x)] = Lyeqses, C@)T(s|w)V (Teep))-

10



7 Applying the standard framework

What does the standard rational inattention model say about the results of refusing cost-
free evidence? It is hard to tell. The reason for this is that the attention policy 7 collapses
two different processes: gathering evidence and attending to evidence. This means that
we cannot, without further assumptions, conclude from the standard model that cost-free
evidence can be harmful. This is because we will not be able to distinguish, within the
standard model, a scenario in which cost-free evidence is harmful from a scenario in
which it would be harmful to irrationally pay full attention to cost-free evidence, but not
to gather and ignore it.

In fact, the standard rational inattention model is formally isomorphic to a natural
model of costly evidence gathering. Suppose we take 1 to be an experiment, yielding
evidence from the partition S,. Agents choose among various experiments 7 and select
the experiment maximizing the expected value of the resulting action, less the cost of
experimentation. Experiments, like attention, are assumed to be more costly if they
lead to greater uncertainty reduction. On this reading, the standard rational inattention
framework is isomorphic to a generalization of Good’s model in which evidence gathering
is costly. We recover Good’s Theorem when evidence gathering costs « are set to zero. But
that was precisely what Good argued. So it is not clear how much progress has been made
on the rationality of cost-free evidence refusal, beyond perhaps a formal reinterpretation
of costly evidence gathering which combines the cost of attention with the cost of evidence
gathering.

To do better, we will need a framework that can separate the processes of gathering
and attending to evidence. I take up this task below."”

8 Gathering and attending to evidence

If we want to separate questions about gathering and attending to evidence, we need
to modify the standard model by breaking policies into two components: information
policies governing evidence gathering and attention policies governing attention to gathered
evidence.

The set I'l; of information policies is defined exactly as attention policies were defined
in the standard model. That is, each information policy m; € II; is associated with an
event partition S, = {sil} of possible signals, or information outcomes, and each 1 maps
states into probability functions over information outcomes.

If we assumed that agents update on the information outcome s' € S,,, we would
recover standard evidence gathering models, with Good’s Theorem following again if
evidence is assumed to be cost-free. However, attentionally-limited agents must select an
attention policy m, specifying how attention is to be allocated to information outcomes.
Attention policies are defined exactly as before, except that they take information outcomes
rather than worlds as inputs.

More formally, attention policies 1, € I, are associated with a set S, = {sf} of attention
outcomes representing the possible outcomes of attending to gathered evidence. As before,
S,, is an event partition of (), where signals are modeled as the events in which they

7This model builds on Lipnowski et al. (2020).
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Figure 3: Revised rational inattention model: Agents gather evidence through cost-free
experiment 711, then filter through attentionally-constrained process m,. They condition-
alize on the resulting signal s? and choose an expected-utility-maximizing act given their
updated credences.

are received. The probabilities of receiving each signal depend on the chosen attention
policy as well as on the information outcome. This means that each attention policy 7,
maps information outcomes into the space A(S;,) of probability functions over resulting
attention outcomes. 7, thus induces a map 7, : S;;, — A(Sy,), where we have restricted
consideration to attention outcomes given the possible information outcomes from the
previously chosen information policy.

Your decision problem is then given by Figure 3. You gather evidence according to your
chosen information policy m; then attend to gathered evidence using your chosen attention
policy m,, conditionalize on the resulting attention outcome and take an act maximizing
expected utility given your updated credences. You must choose an information policy
11 and a compatible attention policy 7, to maximize the expected utility of your resulting
choice.’

Because this is not a model of costly evidence gathering, information policies m; are
assumed to be costless. Instead, the model captures attentional limitations by penalizing
attention policies with costs proportional to expected uncertainty reduction. That is:

C(m2) = 1(H(c) = Ec[H(cls*))). (11)

As before, setting « to zero removes attentional limitations, recovering Good’s Theorem."?

In this framework, there is a clear distinction between cost-free evidence gathering
and costly attending. Information policies 7, for evidence gathering are costless. Agents
incur costs only for the information attended to through attention policies 1,. Gathered

'8That is, you pick 71, 71 to maximize [1,, ;x c(w)nl(s}Iw)nz(silsjl.)V(FC(ﬂsi))] — C(m,) with the cost function
C(mp) defined in the next paragraph.

YA referee asks whether this measure of attentional costs wrongly incorporates both the strength of
informational signals and the costs of attentional processing, since final uncertainty reduction is a function
of both quantities. Certainly there is a good case to be made for verifying the robustness of this result
across alternative cost functions. I measure cost by uncertainty reduction for three reasons. First, this
is the orthodox approach in rational inattention models, and I want to make minimal deviations from
orthodoxy in order to clarify what drives my results. Second, because the model incorporates costless
conditionalization on attentional signals s, we might treat the standard cost function as a measure of
the attentional cost of focusing on the evidence provided by s,, cashed out in information-theoretic terms
through Shannon entropy reduction. Finally, varying the cost function makes solution methods for rational
inattention problems considerably more complex, when they are known at all. However,  am not committed
to monism about acceptable cost functions, and it would be a very important project to examine the results
in this paper under alternative cost functions.
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evidence can always be ignored at no cost, but it cannot be attended to costlessly. We can
now ask what becomes of Good’s Theorem, Maher’s Theorem, Reflection and Value of
Knowledge in our extended framework.

It will turn out that the original versions of Good’s Theorem and Maher’s Theorem
continue to hold, but that Good’s Theorem Extended and Maher’s Theorem Extended,
which were previously more robust than their original counterparts, now fail (Sections
9-10). Attentionally limited agents still cannot expect to make worse decisions or hold
less accurate credences as a result of gathering some rather than no evidence. However,
they can expect to make worse decisions and hold less accurate credences as a result of
gathering full rather than partial evidence. This result reveals a disconnection between
norms on learning and evidence gathering for attentionally-limited agents (Section 11).

9 Good’s Theorem revisited

9.1 Generalities

What happens to Good’s Theorem in this setting? The original theorem continues to hold.
Let 711 be an information policy and let 7, be any compatible attention policy, optimal or
not. Then 7, - ;1 is an experiment in the sense required by Good’s Theorem. Therefore,
letting I'y,.r, = (QQ, A, Cryony, u) be the decision problem that results from applying m; and
7, then conditioning on the results, we have:

(Good’s Theorem for Inattentive Agents) E[V(I';,.n,)] = V(). (12)

Attentionally-constrained learning is still learning, so agents cannot expect even the most
attentionally-constrained learning to decrease the expected quality of their decisions. They
may prefer not to apply the attention policy 7, on the grounds that it is costly, but they
cannot prefer to avoid it on the grounds that 7, decreases expected decision quality.

However, Good’s Theorem Extended does not generalize to rationally inattentive
agents. Let it be an information policy fully disclosing the world state.® Let n} be
an information policy partially disclosing the world state.?! Let 7} and 7} be optimal
attention policies in response to 7f, 7}, respectively. Then we will see below that we can
have:

In this sense, rationally inattentive agents can expect to make better decisions on the basis
of gathering and rationally responding to partial rather than full information.??

»That is, let 77} be any policy such that for each s € Spr, c(+[s) assigns probability 1 to a single world.

ZIThat is, let 7’ be any policy such that for some s € Sqr,(+]s) assigns nontrivial probability to at least
two worlds.

22A referee asks whether the position in this paper is unstable, because after gathering and optimally
attending to partial information it could be rationally permissible to gather and optimally attend to the
remaining information in one or more subsequent rounds. This instability is blocked by the following
result. Suppose that 7] is an optimal information policy, in the sense that no competing information policy
has higher expected value. Then after applying and optimally attending to 7}, it is always an optimal
response to ignore all further gathered information. Thus, attentionally-limited agents would retain their

13



Of course, if we let 7} be the policy of fully attending to the signals received after full
disclosure, matters are different. For any information policy m; and attention policy 7,
we will have:®

E[V(Fn;ﬂf)] > E[V( )] (14)

However, paying full attention is often suboptimal for rationally inattentive agents. As a
result, while agents cannot expect to make better decisions than those they would after
receiving and fully attending to complete evidence about the world, they can be certain
that they neither will nor should fully attend to complete evidence if it is provided. Hence
(14) provides few guarantees about rational or actual processes of evidence gathering.

9.2 Example: Full disclosure

To see how agents can expect to make better decisions after partial rather than full disclo-
sure, consider an agent facing three world states w;, w,, w; and three acts f, g,h.24 Each
act performs optimally in one state and its performance decays quadratically as we move
away from that state, so that the utilities of each act are given by Table 1. The agent cur-
rently applies a uniform prior ¢ = (1/3,1/3,1/3) over world states w;, w,, ws. Throughout
this example and the rest of the paper, attention costs x will be normalized to 1. Proofs
are in the appendix.”

f g h
w1 0 -1 4
wo -1 0 -1
ws 4 -1 0

Table 1: Utilities of acts in world states.

Suppose first that we fully disclose the world state, letting nf map wi, Wy, w3 with
certainty into corresponding signals s}, , s.,,, s.,., respectively. What shape does an optimal
attention policy take? It turns out that optimal attention 7t5* to full disclosure involves

sending three signals sff, 53,5, with conditional probabilities given by Table 2.

updated credences when presented with information that they had rationally chosen not to gather or attend
to.

BThis follows immediately from Good’s Theorem Extended, putting 75 - 7
and 71, - 11 = T

2This example is adapted from Lipnowski and colleagues (2020).

2 A referee asks for an intuitive explanation of the suboptimality of full attention in a simple three-state
example. The first thing to say here is that a three-state example is chosen for simplicity. Readers are
welcome to imagine much larger examples to make the result more intuitive. Within the present example,
one general way to understand the result would be as a vindication of the decision-theoretic wisdom that
optimal behavior often varies with the choice of probability and utility functions, so that the present result
is driven by the particular probabilities and utilities in this case. Another way to understand the result
would be that fully attending to the world state can be very difficult, not only because of the number of
world states, but also because of the complexity of evidence. A final way to understand the result would be
to note that the agent in this case has much more to lose in confusing worlds w; and w3 for one another than

F:

1 =T in our earlier notation
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2 2 2
I Sg Sh

sl 0238 0.758 0.004

w1

sl 0.039 0922 0.039

wr

sy, 0.004 0.758 0.238

w:

S

Table 2: Conditional probabilities c(s7|s},) of attention outcomes s} given information
outcomes s, .

As their name suggests, conditionalizing on the signals sj%, 53,5, leads the agent to form
posteriors cy, g, ¢, respectively, then to take the acts f, g, or h respectively. The posteriors
c, corresponding to each act as well as the prior probability of each posterior arising are

given by Table 3.

Attention outcome Associated act ~ Associated posterior  Prior EJ[V(T,)]

$2 f ¢ = (0.845,0.140,0.015) 0.094  -0.2
2 g ¢, = (0.311,0.378,0.311) 0.812  -0.622
52 h ¢, = (0.015,0.140,0.845) 0.094  -0.2

Table 3: Acts and posteriors corresponding to attention outcomes after rational attention
to full disclosure, prior probabilities of each posterior, and prior expected utilities of
resulting decision problems.

The expected value E[V(I';-.¢)] of the agent’s resulting decision problem is found by
multiplying the expected values of each posterior decision problem she might face together
with the prior likelihood of facing each problem. That is, E [V(rn§*~n§)] = (0.094)(-0.2) +
(0.812)(-0.622) + (0.094)(—0.2) = —0.543. This is not bad, and certainly an improvement
over the expected value of the agent’s prior decision problem, which sits at -0.666. But we
can do better.

9.3 Example: Partial disclosure

Suppose that our partial disclosure policy 7} maps world states w; and w; to different
signals but provides no information about w;, so that 7t is as in Figure 4.

Now that the agent has been deprived of the opportunity to learn about w,, optimal
attention 75" to partial disclosure shows greater sensitivity to the remaining states. Specif-
ically, I show in the appendix that optimal attention involves sending two signals 5]2(, S
with conditional probabilities given by Table 4.

Each signal s2 induces a corresponding posterior ¢, and leads the agent to take the
corresponding acta (Table 5). Note thatbecause the induced posteriors have been deprived
of information about w,, the agent has taken pains to become sharply opinionated about
w; and w3, becoming over fourteen times as confident that one of these states occurs rather

she does in confusing either for w,. For this reason, optimal attention is directed primarily at discriminating
w1 from w3 and not at discriminating w, from other worlds.
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1
523)

Figure 4: Partial disclosure 7'(11’ deterministically maps extreme states w;, w; to associated
signals but scrambles intermediate state w, between them.

2 2

Sf Sh
Sha 0935 0.065
Shay 0.065 0935

Table 4: Conditional probabilities c(ss;) of attention outcomes s; given information out-

comes sll).

than the other. As a result, she is now certain to take one of the risky actions f or & and to
reap expected utility —0.509 as a result of having learned enough about the extreme states
w1, w3 to reward her risk. This is an improvement on the expected utility —0.543 of her
decision after optimal attention to full disclosure.

Attention outcome Associated act  Associated posterior = Prior E[V(I,)]

f cr =(0.623,0.333,0.044) 05 -0.509
h cn = (0.044, 0.333,0.623) 0.5 -0.509

S

SN SN

S

Table 5: Acts and posteriors corresponding to attention outcomes after rational attention
to partial disclosure, prior probabilities of each posterior, and prior expected utilities of
resulting decision problems.

This completes our proof of (13), showing that Good’s Theorem Extended no longer
holds for rationally inattentive agents.

10 Maher’s Theorem revisited
What happens to Maher’s Theorem in this setting? As before, let 7t; be an information

policy and let t;, be any compatible attention policy, optimal or not. Then 7, - 777 is an
experiment in the sense required by Maher’s Theorem. Therefore, letting cr,.n, be the
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credence function that results from applying 7; and 7, then conditioning on the results,
we have:

(Maher’s Theorem for Inattentive Agents) 7 .(cn,x,) < Z.(c). (15)

Attentionally-constrained learning is still learning, so agents cannot expect even the most

attentionally-constrained learning to decrease the expected accuracy of their credences.
However, the extension of Maher’s Theorem fails for rationally inattentive agents in

the same way that Good’s Theorem Extended fails for them. Letting rif, 77" be full and

partial disclosure policies and 75", i0* be optimal attentional responses to each, we can
have:?

IC(CTL?-RI;) > IC(CTLIZD*J'(I]?)' (16)

That is to say, agents can expect to hold more accurate credences as a result of rational
attention to partial information than they would as a result of rational attention to full
information. As before, some information cannot be worse than no information, but it
does not follow that full information is better than partial information.

In the present example, we can show (Appendix) that the prior expected inaccuracy
I (Crym,) Of the agent’s posterior credence is the sum of the posterior expected inaccuracies
I, (c;) weighted by the prior credence c(cn,.r, = ¢;) that each posterior will come about.
After rational attention to full information, the posterior expected inaccuracies and the
prior probabilities of each posterior are given by Table 6. This puts the expected inaccuracy
after full disclosure at (0.266)(0.094) + (0.664)(0.812) + (0.266)(0.094) = 0.590. This is better
than the prior expected inaccuracy Z.(c) of 0.666, but again we can do better.

Ica(cﬂ) C(Cﬂ2'7'l1 = Cll)

cr 0266 0.094
c, 0.664 0.812
c, 0.266 0.094

Table 6: Posterior expected inaccuracies and prior probabilities of posteriors after rational
attention to full disclosure.

After rational attention to partial disclosure through 7, the posterior expected inaccu-
racies and prior probabilities of each posterior are given by Table 7. This puts the expected
inaccuracy after partial disclosure at 0.499, an improvement over full disclosure. Just as
our agent expects partial rather than full disclosure to improve the final quality of her
decisions, she also expects partial disclosure to improve the accuracy of her credences.

% As a referee notes, there are two ways to interpret attentional costs x in this section. The first would
be as the epistemic cost of attention, determined perhaps by the opportunity cost of foregone accuracy
improvements that compete for scarce attentional resources. The second would be as the practical cost of
attention, understood as before. Both interpretations yield distinct and important interpretations of the
results of this section.
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I.(ca) c(Crymy = Ca)

¢/ 0499 05
o 0499 05

Table 7: Posterior expected inaccuracies and prior probabilities of posteriors after rational
attention to partial disclosure.

11 Reflection and the value of knowledge revisited

What happens to Reflection and Value of Knowledge in this framework? Our agent is
certain to update by conditionalization, and under most conditions including the present
setup, conditionalizers obey Reflection (Kadane et al. 1996; Briggs 2009). Likewise, our
agent continues to satisfy both versions of the value of knowledge relation.

Suppose again that our agent holds priors c and knows that at some future time she will
shift to posteriors cy. We might, but need not also suppose she knows that this transition
will occur through the combination of an unknown information and attention policy. We
still have:

(Value of Knowledge) E[V(I;,)] > V(D). (17)

Likewise, suppose an agent is certain that cr correctly identifies the world state. Then as
before, even if we no longer assume the agent is certain which credence function cr is, we
have:

(Value of Knowledge Extended) E[V(I';)] > E[V(Fcf)]. (18)

But we need to be careful in interpreting Value of Knowledge Extended.

Previously, we assumed that all gathered evidence is learned. This allowed us to gloss
Value of Knowledge Extended as the claim that the agent expects gathering complete
evidence about the world to bring about weakly better decisions than those brought
about by any competing process of opinion change. When we remove the assumption
that all gathered evidence is learned, no such gloss is true. For example, let 7} be a full
disclosure information policy and 7}’ be an optimal attentional response. It is not true
that for any posterior c¢, we have:

EIV(L. ,. )1 > ELV(T)] (19)

The failure of (19) means that agents can expect some opinion changes to produce better
decisions than those produced by gathering and rationally attending to complete evidence
about the world, even when they know nothing about how the competing opinion change
will be produced.

As before, if 7} is the policy of fully attending to nf, we will have:

EIV(T., )2 E[V(T)] (20)

But since agents can rationally expect, or even be certain that their opinions will not shift
to cqr.qr, (20) is not naturally glossed as a defense of gathering full evidence. It is most

R
T(T[l
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naturally glossed as a statement about how agents must regard the omniscient credence
function.

This result reinforces the lesson that Reflection and Value of Knowledge are character-
izations of learning, not evidence gathering. When all evidence gathered is fully learned,
as in the case of agents who conditionalize on all gathered evidence, then Reflection and
the Value of Knowledge will continue to support reformulated versions of results such
as Good’s Theorem Extended and Maher’s Theorem Extended. But when gathering evi-
dence is driven apart from learning, we will not recover these reformulated results. We
still recover the unexpanded results. But these results no longer tell us anything terribly
direct about the value of gathering evidence. They tell us instead about the value of
learning experiences, of which evidence gathering is only one part.

12 Taking stock

This paper began by presenting the classic case for gathering cost-free evidence. We saw
that agents who are certain to conditionalize on all gathered evidence cannot expect to
lose decision quality (Section 2) or credal accuracy (Section 3) as a result of gathering some
evidence rather than no evidence, or complete evidence rather than partial evidence. We
saw that both results are naturally interpreted in light of principles of Reflection (Section
4.1) and the Value of Knowledge (Section 4.2) which are often held to characterize genuine
learning experiences.

We asked how these results fare for agents with limited attention (Section 5). Although
standard models of rational inattention (Section 6) do not yield clear verdicts about the
results of evidence gathering (Section 7), an extended model which separates the processes
of gathering and attending to evidence (Section 8) does better. In this framework, we
saw that agents still cannot expect to lose decision quality (Section 9) or credal accuracy
(Section 10) as a result of gathering and rationally attending to some evidence rather than
no evidence, but they can expect to lose decision quality and credal accuracy as a result of
gathering and rationally attending to full rather than partial evidence. Since inattentive
learning is still learning, these results are not driven by failures of Reflection or the Value of
Knowledge (Section 11). Rather, we saw that they are driven by a reading of Reflection and
Value of Knowledge as characterizations of learning experiences. When learning involves
further processes beyond evidence gathering, Reflection and Value of Knowledge lose
some of their original force in underwriting connections between evidence gathering,
credal accuracy and decision quality.
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A. Appendix

A.1 Full disclosure: Posteriors

Since cy, cg, ¢, are probability functions, we have:

cr(wy) + cp(ws) + cp(ws) =1 (21)
Co(wr) + cg(ws) + cg(ws) =1 (22)
ch(wl) + Ch(ZUz) + Ch(ZU3) =1 (23)

By Caplin and Dean (2013) Theorem 1, for each pair a,b of acts from f, g,h and each
state w; we have:

ca(w;) = cp(w;)e @b (24)

Solving (24) for cg, c, in terms of cf and substituting into (22)-(23) gives:
e_lcf(w1) +ecp(wy) + e3cf(w3) =1 (25)
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e~ *cr(wr) + cf(wy) + e*cp(ws) = 1 (26)

Solving the system of equations (22), (25), (26) for ¢, and calculating cg, ¢; in terms of
cr using (24) gives cy, cg, cj, as in Table 8.

Exact Approximate
w1 [£%) w3 w1 wy w3
O o o) ol 0845 0140 0015
€ o SoSer) o 0311 0378 0311
o L O—(lvere) ¢ 0.015 0.140 0.845

e(e=1)(1+e)?2  e(e—1)(1+e)? e(e—1)(1+e)?

Table 8: Exact and approximate probabilities c,(w;). Subsequent calculations use approxi-
mate probabilities.

A.2 Full disclosure: Prior probabilities of posteriors

As before, let us abuse notation to let cf, ¢g, ¢, stand for both credence functions and the
propositions that these credence functions are adopted as the agent’s posterior. By the
law of total probability and Reflection, we have for each world w;:

cw) =), elcetwicy) (27)
ael{f,g,h}

= Z C(Ca)ca(wi) (28)
ael{f,g,h}

Plugging in the previously calculated values for c,(w;) and the prior (1/3,1/3,1/3) to (28)
gives a system of three equations:

1/3 = 0.845¢(cy) + 0.311c(cy) + 0.015¢(cp) (29)
1/3 = 0.140c(cs) + 0.378c¢(c,) + 0.140c(cp,) (30)
1/3 = 0.015¢(cy) + 0.311c(cy) + 0.845¢(cr) (31)

Which is solved at c(c), c(cy), c(cn) = 0.094,0.812,0.094.

A.3 Full disclosure: Signal inducing posteriors

. . . 2 2 2 . F . . . .
Posteriors cy, ¢, ¢ are induced by signals s 85/ 5) Since 7, is a full disclosure policy, it

produces signals s, ,s}, ,si,, with c(s},|w;) = 1if i = jand 0if i # j. This means that the

w3
signals s}, have priors c(s,) = c(w;) = 1/3.
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To find the optimal attention policy 7, inducing posteriors cy, ¢,, ¢y, we need to find
c(s3lst,) for eacha € {f, g, h} and i € {1,2,3}. Note that for 4, i as before, we have:

o(5y,15)e(s7)

c(slsy,) = T (32)
i)
T c(sh) (33)
_ Ca(wi)c(ca)
sk 64

We saw above that C(Srl,u,-) = 1/3 for each i. Posteriors c,(w;) were found in Section A.1.
Priors c(c,) were found in Section A.2. Substituting into (34) and solving gives:
2 2 2
f 5% S
0.238 0.758 0.004

0.039 0922 0.039
0.004 0.758 0.238

S

1
w
1
wy
1
w3

Table 9: Conditional probabilities c(s;ls},) of attention outcomes s? given information
outcomes s, .

A.4 Full disclosure: Expected utility

Note that:
EIV(Imr)l= ) V(L) (35)
ae{f,gh}
Since:
V(T,,) = (0.845)(0) + (0.140)(-1) + (0.015)(—4) = —0.200 (36)
V(T,,) = (0.311)(~1) + (0.378)(0) + (0.311)(~1) = ~0.622 (37)
V([¢,) = (0.015)(—4) + (0.140)(-1) + (0.845)(0) = —0.200 (38)

Substituting (36)-(38) into (35) and solving gives E.[V(I'y,.n,)] = —0.543.

A.5 Full disclosure: Expected inaccuracy

Note that:
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Tewn) = ), clcde(le) (e w) (39)

weQ,ae(f,g,h}

= ). )@, w) (40)
weQ,ae(f,g,h}

= Y cle)Tq (). (41)
ae(f,g,h}

Calculating the values of 7, (c,) and recalling the priors c(c,) found in Section A.2 gives:

Icn(ca) C(an-m = Ca)

cr 0266 0.094
c, 0.664 0.812
cp, 0266 0.094

So that 7.(Cr,.n,) = (0.266)(0.094) + (0.664)(0.812) + (0.266)(0.094) = 0.590.

A.6 Partial disclosure: Posteriors

It is never optimal to have more attention outcomes than information outcomes, so there
must be at most two attention outcomes. It is also never optimal to have two attention
outcomes favoring the same act. This leaves four possible combinations of attention
outcomes, labeled in terms of the acts they favor:

Case 1: ¢y, cq
Case 2: ¢y, ¢y
Case 3: ¢y, ¢y
Case 4: ¢, for some a.

The argument against Case 1 will show by symmetry that we are not in Case 2. Ruling
out Case 4 will then leave Case 3. Along the way, we will also identify the posteriors in
Case 3, which are the posteriors that result from rational inattention.

A.6.1 Case1: ¢y, cq

Note that u(f, 5312)) =2/3(0) + 1/3(-1) = —=1/3 and calculating in the same way, we have:

Since cy, ¢q are probability functions we have:

cf(s}u)) + cf(sgzg)) =1. (42)
cg(sglz)) + cg(s%zs)) =1. (43)
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f g

5‘112) 13 -2/3
Sy 3 23

1 1

Table 10: Utilities of acts f, ¢ given partial disclosure signals s, 5,5

And solving (24) for ¢, in terms of c¢f as before, then substituting into (43) gives:

e Pcs(sfyy) + €Pcs(sly) = 1. (44)
Solving (42) and (44) gives:
fF &
siu) 970 .695
Spy 030 305

Table 11: Posterior credences ¢, (s,%) in information outcomes after partial disclosure, Case
1.

Note that for a € {f, g} and i € {1,2, 3} we have:

)= Y culspeaawis)). (45)
be{(12),(23)}

45) allows us to express cy, ¢, in terms of w;, w,, w3 as in Table 12. But this is impossible,
: P frCs p
since:

1/3 = c(w1) = c(e)er(wr) + c(cg)eg(wr) (46)
= ¢(c/)(0.647) + (1 — c(c/))(0.462) > 0.462 (47)
Cf Cg
w; 647 462
w, 333 .333
ws .020 .205

Table 12: Posterior credences c,(w;) in worlds after partial disclosure, Case 1.

A.6.2 Case 3: cf, ¢y

We can calculate the utilities u(a, s};) of acts given information outcomes as before:
Since cy, ¢, are probability functions we have:
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f h

5(112) -1/3 -3
Spzy "3 -1/3
Table 13: Utilities of acts f, h given partial disclosure signals 5312)/ 5323).
Cf (5212)) + (5%23)) =1 (48)
ch(s}m) + Ch(ség)) =1 (49)

As before, solving (24) for c;, in terms of ¢ and substituting into (49) gives:

e~8/ 3cf(s(112)) + % 3cf(s%23)) =1 (50)

Solving (48) and (50) for ¢ and using (24) to find ¢, in terms of ¢ gives:

Cf Cy
Stp 0.935 0.065
522,3) 0.065 0.935

1

Table 14: Posterior probabilities ¢, (sllj) of information outcomes s, .

As before, we can use (45) to express ¢y and ¢, in terms of wy, w,, w3 as:

Cf Cy
w; 0.623 0.044

wy, 0.333 0.333
ws 0.044 0.623

Table 15: Posterior probabilities c,(w;) of worlds w;.

A.6.3 Cased: c,

Given a single attention outcome c,, Reflection forces ¢, = c. This yields no improvement
in decision quality and incurs no attention cost, so has value zero, less than the value of
Case 3. So Case 4 is suboptimal.

A.7 Partial disclosure: Prior probabilities of posteriors

As before, note that:
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cw) =Y cle)ealw) (51)
a€{fh}
For worlds w;, w3, this generates a system of two equations:

1/3 = 0.623c(cy) + 0.044c(cr) (52)

1/3 = 0.044c(cy) + 0.623¢(ch) (53)

These equations are solved at c(cs) = c(cy) = 0.5.

A.8 Partial disclosure: Signal inducing posteriors

The signaling structure involves signals s;, sy inducing cy, ¢, respectively. Note that for
alla € {f,h} and b € {(1, 2), (2,3)} we have:

c(s7ls,) = c(cals,) (54)
= (s lca)c(ca) /c(sy) (55)
= ¢,(s))(0.5)/(0.5) (56)
= co(sp) (57)

So we can read the signal structure directly from Table 14, giving Table 16.

2 2
f h
Sha 0935 0.065

Shay 0.065 0935

S S

Table 16: Conditional probabilities c(s3]s;) of attention outcomes s; given information

outcomes s;.

A.9 Partial disclosure: Expected utility
We can calculate E[V(T.,)] = E[V(I;,)] = —0.509, forcing E[V(I'z,.~,)] = —0.509.

A.10 Partial disclosure: Expected inaccuracy

As before, note that:
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IC (Cn2~n1 )

Calculating yields 7 .(cy) = Z,(c) =

c(ca)e(wleg)Z (ca, w)
weQ,ae(f,h}

c(Ca)Ca(w) I (cqy w)
we,ae(f,h}

Y, clen T ).

aef{f,h}

0.499 forcing 7 .(Cry-n,) = 0.499.
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