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0 Introduction

Suppose you (A) and I (B) are weather forecasters. Very early each morning, we look at a bunch
of data and come up with private predictions for whether it will rain later that day. Sometimes
before I go on television, I learn what you think. Based on my estimation of your skill as a
weatherperson, how should I revise my own forecast upon hearing yours?

We’ll be using this template as a backdrop for the problem of disagreement. As in other cases
of philosophical interest, the agents have overlapping—and sometimes even the same—evidence
that they’ve thought through, but they nonetheless might arrive at substantially different ver-
dicts.1 The goal is to help give an agent advice for what to do based on her antecedent assessment
of her advisor’s ability when it turns out they have distinct levels of confidence in some propo-
sition p.

Commonly, authors take what I’ll call a micro-approach. On our weather model, they tell
me how my antecedent expectations about you should affect my prediction for that token dis-
agreement on some particular day i after I learn your view. A simple but orthodox version of
the equal weight view, for instance, says that if I expect you ex ante to be as good as I am at pre-
dicting whether it will rain that day, then upon learning your forecast, I should give you equal

Thanks to Alex Anthony, Nick Beckstead, David Christensen, Tom Donaldson, Andy Egan, Branden Fitelson,
Thony Gillies, Amy Hilty, Jim Joyce, Irwin Levinstein, Brian Weatherson, and audiences at the Rationality and
Decision conference in Groningen, Rutgers Graduate Colloquium, and Rutgers Dissertation Seminar for essential
advice on this paper and/or its ancestor “What Your Credence Tells Me About Whether p”.

1Indeed, if we believe Silver (2012, Ch. 4), weather forecasting is a surprisingly apt case for modeling the problem
of peer disagreement. Many clever weatherpersons use computer models with breath-taking levels of power and
sophistication, but there aren’t clear or agreed upon algorithms for how to use the computer outputs to arrive at
forecasts. The human agents, then, have various degrees of shared background evidence that they’re not entirely
certain how to handle and often end up disagreeing.
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With All Due Respect

weight. In particular, because I take us to be peers with respect to that proposition, symmetry
demands that I split the difference and take the average of our credences. Thus, on this view, we
have actionable advice for what my posterior credence in rain should be today as a function of a
few simple input parameters.

Instead of looking at the problem from this angle, I’ll take a macro-approach to the question
of how to handle disagreement. Our task will be to characterize the trends that should emerge in
the long-run or in expectation as far as my updating behavior is concerned. Rather than give rules
for how to update my forecast on day i , we’ll look at what should happen on average. Given
an assessment of an advisor’s expected level of accuracy, there are broad constraints on how to
update once we learn her opinion. In any particular case, these constraints don’t amount to
much. Nearly anything is compatible with any non-extremal level of antecedent expected accu-
racy assigned to an advisor. Over many cases, however, the constraints become much stronger. If
expected and actual behavior don’t converge after enough trials, something’s gone wrong some-
where. Either we’ll have to rethink our process of ex ante evaluation, or we’ll have to start
updating differently when we learn other people’s views, or both.

As we’ll see, there are payoffs both in terms of results and methodology. After some initial
discussion of the latter, we give necessary and sufficient conditions for expecting to give equal
weight, viz., you expect to give two parties equal weight just in case you expect them both to
be equally accurate. Thus, if we take one common understanding of peer—understood as an
agent with ex ante equal expected reliability—a version of the equal weight view falls out.2 This
strong relationship between accuracy and weight is, however, invisible at the micro-level and
cannot be maintained as anything close to an exceptionless rule. That holds for two reasons:
first, the actual amount of weight given often has to depend on the actual credences reported,
and second, ex ante evaluations are often based upon expectations about what an advisor thinks.
The relationship between expected accuracy and actual weight, then, can only be taken as a
wide-scope macroscopic norm.3,4

Second, we’ll show that the notion of symmetry motivating equal weight views has been
importantly misconstrued. On orthodox versions of EWV, an agent is advised to split the dif-

2Authors like Elga (2007); Enoch (2010); White (2009) inter alia adopt (roughly) this understanding of peer.
3It’s macro-norm because the constraints are emergent over many trials. It’s wide-scope (in the sense of Kolodny

(2005)) because one could either change her evaluative practices or her updating practices or both should she find
herself in violation.

4If, on the other hand, we adopt a less directly alethic notion of peer—understood in terms of some epistemic
virtue like intelligence or general rationality—we’ll see what’s required for expected equal weight, viz., some argu-
ment that equality of that virtue should require equal expected accuracy. For this type of understanding of peer, see
Gutting (1982); Kelly (2005, 2010).
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ference, i.e., take the straight average of her credence x and her advisor’s credence y more or less
regardless of the values of x and y. Indeed, this understanding of equal weight is so common
that it’s often identified with the view.5 Given the supposed parity between peers, splitting the
difference seems unavoidable. However, both defenders and detractors of EWV worry that such
a policy will lead to spinelessness.6 That is, if you go around splitting the difference a lot, you’ll
end up overly agnostic on too many propositions. Nearly all your credences will be around the
middle of the [0,1] interval, especially in areas rife with disagreement.

It turns out splitting the difference is spineless. When both agents are relatively reliable, we
show the level of weight given to one party will tend to grow with boldness. That is, on average
(though again not necessarily in any particular case), if you take both yourself and your advisor
to be reliable, then if one of you has a credence closer to 0 or 1, you ought to give that person
more weight. Because splitting the difference (or any method of linear averaging) keeps the
relative weights fixed regardless of the extremity of the actual credences reported, it usually gives
undue weight to the more agnostic of the two disputants. As a result, splitting the difference will
produce overly timid attitudes and thus falls prey to the spinelessness objection.

Here’s the plan. Throughout the body of the paper, we’ll proceed in a largely informal
manner with more technical discussion relegated to the appendices. §1 covers the basics of the
macro-approach. §2 first explicates the claim that equal expected inaccuracy is equivalent to equal
expected weight and explores the consequences. §3 informally lays out the import of Theorems
(A.6), (A.8), and (A.9) and examines the various flaws of the split-the-difference view. §4 looks at
the upshots of earlier discussion for updating in areas with rampant disagreement and wraps up.
Appendix A states and provides proofs of the background results. Appendix B explores some
formal relationships between expert and peer disagreement.

1 Expectations and Calibration

As an epistemic agent, your ultimate goal is to be accurate. Given your cognitive powers and
resources—such as computational ability, memory, reasoning power, and so forth—you ought
to develop the best policies for matching your doxastic state to the world. A big advantage of

5Lehrer and Wagner (1981) defend splitting the difference, and Elga (2007), Kelly (2010), and Enoch (2010) claim
EWV generally requires difference-splitting but allow some wiggle-room. Christensen (2009, 2011) is careful to
point out that his view is more flexible, but he thinks difference-splitting is likewise often called for. For technical
problems with difference-splitting of a different sort than we’ll explore below, see Jehle and Fitelson (2009); Loewer
and Laddaga (1985).

6See Elga (2007); Enoch (2010); Kelly (2005, 2010).

3



With All Due Respect

the macro-approach is that over time, certain patterns should emerge that are invisible at the
micro-level. Any given case can diverge more or less arbitrarily far from expectation. Over
time, however, your expectations and reality should tend to converge. One particular method
of diagnosing flaws in your behavior that’s only applicable in the macro comes through the
following criterion:

CALIBRATION Good epistemic agents are long-run approximately calibrated.

To get the idea behind CALIBRATION, let’s go back to the weather example at the beginning.
Look at your history as a weather forecaster over your career and consider how many of the days
on which you’ve forecast, say, a 60% chance of rain it actually did rain. Supposing you’ve been
at this gig for a while, the answer should be right around 60%.

Why is CALIBRATION an evaluative criterion worth caring about? Informally, the answer is
that ceteris paribus being calibrated improves your overall accuracy. LetX be the set of proposi-
tions you have credence .6 in, and suppose that as a matter of fact only 50% of the propositions
in X are true. From a pragmatic perspective, if I thought I could predict that only 50% of the
propositions in X were true, I could run a kind of stochastic dutch-book. That is, I can, over
time, pump you for money by selling you bets for $1 on each proposition inX for $.60 a piece.
In more purely epistemic terms, I could exploit you for accuracy. Even if I had no idea how to
read a Doppler forecast, if I announce a 50% chance of rain every time you forecast a 60% chance
of rain, I’d end up more accurate.

Now, we need to make a big caveat before proceeding. CALIBRATION (along with the more
general requirements that expectation and reality eventually converge) is not an epistemic goal.
Your only goal as an agent is to be accurate, and an agent can use calibration considerations
as a means toward greater accuracy. Treating calibration as an epistemic end-in-itself, however,
results in obviously bad epistemic behavior. If you adopted credence .5 in every proposition,
you’d be guaranteed to be perfectly calibrated, but at the expense of accuracy. After all, you’d do
better if you had credence 1 that 2+ 2= 4. As your credences grow bolder, calibration is harder
to maintain. If you don’t know much about weather prediction, but you always forecast either a
90% or a 10% chance of rain, you’ll eventually end up far from well-calibrated.

Your overall accuracy is determined by how close your credences are, on average, to truth-
values, so high average accuracy requires both boldness and near-calibration. If you can increase
boldness without losing much calibration, the epistemic risk you take will paid off, and you’ll
improve your average accuracy.7

7For further problems with calibration as a goal, see Joyce (1998, pp. 593–6) and Seidenfeld (1985). For more
detail on the relationship between accuracy, boldness, and calibration, see the discussion DeGroot and Fienberg
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Good policies result in calibrated credence functions. When you realize you’re uncalibrated,
you can use that information as a signal that something’s gone wrong with your epistemic be-
havior and search for ways to improve it. That is, you know that if you were behaving correctly,
you would likely be calibrated. When you discover you’re not close to calibrated after a suffi-
cient amount of time, you then recognize the need for some kind of change in policy: Being
bold and uncalibrated is a sign of over-confidence, while being timid and uncalibrated is a sign of
under-confidence.

Now that we’ve cleared up the role of CALIBRATION, let’s see how to extend its application.
In addition to evaluating credences alone, we can also use CALIBRATION to check whether we’re
forming estimates well generally. Suppose you’re a veteran logic instructor. You try to set your
exams so that the average score is always around 70% without any adjustment post hoc for a
curve. Nothing necessarily is off if your students do worse one time, but you’re clearly doing
something wrong if they on average get a score of 40% year after year.

When we take a macro-approach to disagreement, our updating behavior should converge in
the long run to our expectations. Imagine you expect an advisor B to be a really good forecaster
of election outcomes. Each election, you ask for her credence that some candidate will win, and
she always give you a sincere reply. Maybe she turns out to be way off in election 1: she had
a very high level of confidence that one candidate would win, but she ended up wrong. That’s
okay. She might still be reliable generally. However, if she is consistently way off, but you
continue to give her a very high antecedent level of expected accuracy, you’re probably doing
something wrong yourself. Presumably, you should change your ex ante assessment of her and
downgrade your expectations for how well she’ll do in the future. There are no guarantees, of
course. But over the long run, consistent poor performance is a good sign of epistemic error.

The same goes for your own updating behavior. You may well expect to give an advisor
equal weight but find out she has an out-of-left-field credence and decide not to pay her much
heed. That’s fine. Regardless of how much weight you expected to give somebody ex ante,
you shouldn’t listen to people who tell you Obama is secretly a space alien. However, as with
estimates generally, CALIBRATION requires long run convergence.

Note that CALIBRATION is evaluatively useless in the micro. Suppose a hapless weather
forecaster Jim makes only one prediction—say a 60% chance of rain on March 15, 2013—and
then dies. Jim is necessarily uncalibrated, since either 100% or 0% of the days he forecast a 60%
chance of rain, it in fact rained. However, he clearly didn’t do anything wrong just because he
made a non-extremal prediction that day. Our appeal to CALIBRATION only can gain traction

(1982, 1983), Schervish (1989), and §4 of Winkler (1996).
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on disagreement when the sample-size is sufficiently large. Thus, by taking a macro-approach,
we gain a genuinely new angle on the original problem.

Before looking at some additional liberation granted by the macro-perspective, let’s quickly
discuss two potential worries one may have. First, the world may not cooperate. You could be
behaving in a rationally optimal manner, but even so, you don’t end up close to calibrated. That’s
possible, but it’s only an in-principle worry. The bigger the sample size becomes, the more likely
it is that you’re to blame. Just as it’s possible that a fair coin can come up heads arbitrarily many
times in a row, it becomes more and more certain that the frequency will eventually converge
around 1/2.

You might also worry about what counts as “the long run”. After all, as Keynes famously
remarked, “In the long run, we are all dead” (1924, p. 80). As with some equilibrium theorems
of economics, theorems in macro-epistemology aren’t guaranteed to be of much use. Here,
however, I think we can point out an empirical fact. Disagreement is really quite common even
with people we have a lot of antecedent respect for. You, like me, will probably have no shortage
of sample size.

Now for some details of the new approach.

1.1 The t0-Perspective

Because we’re free to depart from our expectations in any given case, we can step back and look
at updating policies more generally. Instead of only considering disagreements that arise once
the agent has already already gotten a bunch of evidence and arrived at a credence, the macro-
approach allows us to consider strategies or policies for handling potential future disagreements.

To see how this idea works schematically, let’s return to the weather forecasters. On day 0,
I don’t have much evidence concerning whether it will rain on day 1, at least not relative to my
later self. I know that between now and then, I’ll get a bunch of Doppler radar images and other
data that will probably help me get a more accurate credence in whether it will rain (r1). I also
know that you will have access to some data (possibly the same) and will also have a credence at
t1 about whether r1 is true. From my perspective at t0, I can consider what should happen if my
better informed future time-slice disagrees with your future self at t1.

Because CALIBRATION will be doing a lot of evaluative work, let’s spell this out. Suppose it’s
t0 and you take B to be a peer of your t1-self. By the time t1 rolls around, pretty much anything
could have happened. On many occasions, you’ll obtain unexpected evidence either about r1

or about B that will legitimately lead to dissonance between your two time-slices. That’s as it
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should be. When the evidence changes, you should change your mind. Nonetheless, over the
long run, things should average out.

For instance, suppose every morning you and your friend decide to gather evidence—possibly
the same, possibly not—for some proposition of your choosing. After deciding on the proposi-
tion of the day, you think about how accurate you expect your friend to be. At the end of the
day, you make a second evaluation before learning your friend’s credence, and then you update
one final time based just on what her credence turns out to be.

Suppose your actual behavior and your expected behavior don’t converge. We now know
something went wrong. You could be forming bad evaluations in the morning or at the end of
the day. You could be bad at predicting the sort of evidence you’ll end up getting. You might
be bad at predicting what your friend will end up thinking. Regardless, some feature(s) of your
doxastic habits should change. Since you’re not well-calibrated, you’ll have some guidance as to
where to look for improvement. Compare: If I believe both p and ¬p, I know I’ve messed up
somewhere, but I don’t yet have enough information to decide which of the two beliefs I should
drop. Nonetheless, realizing this fact is helpful for improving my epistemic state.

Note we can let t0 = t1 and treat present disagreements as a special case. In such circum-
stances, you’ve already gathered the salient evidence, and you know your own credence going
into the disagreement. In the weather example, that corresponds to the time after having col-
lected data like Doppler images but before finding out what the other forecaster thinks about
rain. When you’ve already reasoned through your evidence and have credence b in p, you’re
simply a trivial advisor to yourself: one about whom the information is known and to whom
you defer.

Indeed, there’s also an important second level of generality we gain. Instead of thinking
about an advisor’s (or your own) expected epistemic performance with respect to some fixed
proposition p, we can consider some domain D of propositions if we like. Again, let’s take
the weather case. You might have some expectations about your and your advisor’s level of
accuracy for predicting whether it will rain tomorrow (ri+1), and the macro-approach will have
something to say about your expected updating behavior. However, you might instead generalize
and consider your expectations about how well you and your advisor will do at predicting the
weather on average over the course of the year. In this case, D is the set of all ri . Thus, as
we’ll see, we can look at expected updating behavior given expected accuracy levels both for
individual propositions and for larger subject areas. Of course, the more general the subject
matter, the more individual cases will vary from expectations. Nonetheless, CALIBRATION

requires eventual convergence.
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1.2 Some Notation and Housekeeping

I’ll use capital letters like A and B to refer to agents, and Fraktur lower-case letters at and bt to
represent their credence functions at t . We’ll generally be considering disagreement from the
t0-perspective with B as the representative agent, so most of the time the salient function for
evaluation is b0, which I’ll sometimes abbreviate further as just b when appropriate.

At t0, I know neither what I’ll think in the future after acquiring more evidence about some
proposition p nor what you’ll think. So, from the perspective of b0, both a1(p) and b1(p)
are random variables whose value is generally unknown. Since we’re interested in what my
expectations about updating are given assumptions about the epistemic performance of A and
B , we’ll often be looking at distributions of the form b0(p|a1(p)&b1(p)), but that’s quite a
mouthful. So, since we’ll focus mostly on expectations of disagreement over a single proposition
p (like it will rain on day i ), I’ll use bA1B1

0 (or sometimes just bAB ) to represent b0(p|a1(p)&b1(p)).
That is, bA1B1

0 represents B -at-t0’s credence conditional on what A and B think at t1. Again,
b0 doesn’t know yet what a1(p) and b1(p) are, so b0 treats bA1B1

0 as a variable whose value is
unknown.

One further simplification: when it’s clear what’s meant, I’ll sometimes shamelessly abuse
notation and write At = x for at (p) = x and also use At to refer to agent A at time t .

2 Necessary and Sufficient Conditions

First, let’s take a moment to examine the notion of epistemic weight given to an advisor. Suppose
an agent B disagrees with her advisor A. How much relative weight did B give herself and her
advisor? The most natural way, I think, to understand the notion is in terms of the relative
distance (under an appropriate measure) between bAB

0 and the two credences at (p) and bt (p).
8

The closer to the former B ends up, the more weight she gave her advisor. The closer to the latter
she ends up, the more weight she gave to herself. In the special case where b0(p|at (p) = x) = x
no matter what the value of x, B treats At as an expert. That is, she’d defer to At regardless of her
actual credence. When she was going to ignore At no matter the value of At ’s credence, she was
determined to stick to her guns or stay pat. She gives A and B equal weight when bAB

0 is equally
far from both at (p) and bt (p).

Now, there are lots of different ways to measure distance, but in the body of the paper we’ll

8The word distance here is not meant to imply that the relevant measure is actually a metric. Whichever measure
we choose should correspond to some scoring rule for measuring inaccuracy (see Thm (A.4)), and scoring rules
won’t in general correspond to metrics, as Nau (1985) demonstrates.
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use squared-divergence. That is, we’ll say that the distance between two credences x and y is (x−
y)2.9 So, you give two advisors At and Bt equal weight when (bAt Bt −at (p))

2 = (bAt Bt −bt (p))
2.10

That is, according to this metric, b(p|A= x &B = y) gives equal weight to A and B just in case
b(p|A= x &B = y) = x+y

2 , which is not the case on every standard measure.

2.1 Inaccuracy

Inaccuracy—negative accuracy, which we’ll use for technical convenience—measures how far
your credence is from p’s truth value v(p). The closer to v(p) you end up being, the less in-
accurate you are.

Your ultimate goal as an epistemic agent is to be accurate—not to be rational, thoughtful
or prudent. You try to collect evidence and evaluate it as best you can because generally that
helps you in your quest for accuracy. Therefore, we’ll assume—for now, at least—that an agent’s
primary method of evaluating herself and her advisors is in terms of accuracy.

As with weight, there are all sorts of different measures of inaccuracy. For ease, we’ll go with
the most intuitive and most widely known scoring rule, which simply tracks Euclidean distance
between p and v(p):11

Definition 2.1. The Brier Score of credence x in p is

BS(x) := (v(p)− x)2 =







(1− x)2 p is true

x2 p is false

Here’s an example of how it works. Suppose you have credence .3 in the proposition r1: it
will rain tomorrow. We measure your inaccuracy with the square of the distance between .3 and
v(r1), which is just .09 if it doesn’t rain and .21 if it does.

9See Appendix A for brief discussion of more general measures. For more thorough treatment, see DeGroot and
Eriksson (1985); Gneiting and Raftery (2007); Schervish (1989); Winkler (1996).

10This notion works well for expositional reasons since it simply measures the square of the Euclidean distance
between credences. It works well for dialectical reasons because it’s the measure that best supports the Split-the-
Difference view.

11This measure was used originally by Brier (1950) to measure the inaccuracy of weather forecasts. I actually
don’t particularly like the Brier Score as a measure of inaccuracy (see Levinstein (2012a) for objections), but it’ll do
for our purposes. In Appendix (A), we’ll show that—while a few wrinkles are added—the results of this discussion
apply much more generally to nearly any measure of inaccuracy you might choose.
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2.2 The Role of Expectations

Our task is to look at how antecedent views about ourselves and our advisors relate to how we
end up updating upon discovery of everybody’s credences in p. In cases of interest, we don’t yet
know whether p, and we don’t yet know what our advisors think. Therefore, we can’t look to
people’s actual level of inaccuracy as a guide. Determining actual inaccuracy requires knowing
both whether p and what an advisor’s credence is.12

Instead, we’ll have to give updating advice based on expected inaccuracy and/or expected levels
of weight. The important question, then, is:

Question How do your expectations about the various levels of accuracy of yourself and advisors
or about the weight you’ll give yourself and advisors relate to your updating behavior after
finding out everybody’s credence?

Because (1) our primary method of evaluation is in terms of accuracy, and (2) it’s expectations
that we’ll have to use for updating, we’ll define peer along these lines, which we keep intentionally
somewhat rough:

Definition 2.2. Two advisors A and B are peers with respect to p according to C , which we abbre-
viate Peersp(At ,Bt ;c) just in case c expects A and B to be equally inaccurate with respect to p at
t . More generally, we say that A and B are peers with respect to a set of propositions D according to
c, abbreviated PeersD(A,B ;c), just in case c expects A and B to be equally inaccurate on average
over the domain D.

Now, we could make this definition more rigorous, but I hope the idea is clear. When you
assign the same level of expected inaccuracy to two people A and B either over some proposition
(like whether it will rain tomorrow) or over some general area (like predicting the weather not
just tomorrow but in general), you consider them peers (with respect to that proposition or
domain).13 When the salient proposition and/or domain is clear, I’ll often not index to them
explicitly.

12Of course that’s not always the case. I know that an omniscient agent will have a constant level of 0 inaccuracy,
for instance, even if I don’t know what she thinks.

13Generally, the notion of being a peer over some domain D will be interesting only when the relative skill of
the agents is thought to be roughly constant over D. For instance, you might be way better than I am at predicting
the weather, while I’m much more talented at determining election outcomes. If D contains propositions about
elections and weather, then we could well end up peers-over-D, and on average we should give each other equal
weight. However, since I’ll tend to listen to you about the weather, and you’ll tend to listen to me about elections,
most cases will deviate greatly from the mean.
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Three further notes: First, we emphasize again that our definition is relativized to a given
credence function c and is in terms of expected accuracy, not actual accuracy. So, Peers(A,B ;c) if
Ec(BS(A)) = Ec(BS(B)), where Ec denotes the expected value function by the lights of credence
function c. Second, I won’t have much to say about when you should take two agents to be peers
in this sense. Our task is to help clarify the disagreement debate and understand the relationships
between many of the salient concepts that epistemologists studying disagreement have made
appeal to. I’ll follow Elga (2007) in ducking out of this task:

How should one judge the epistemic abilities of weather forecasters, dentists, math
professors, gossipy neighbors, and so on? This is a question with the same sort
of massive scope as the question: “When does a batch of evidence support a given
hypothesis?” Fearsome questions both, and worthy of investigation. But leave them
for another day. Here I will focus on [another] question. . . . Given [the] rating of
the advisor’s judgment, how should you take her opinions into account? (483).

Third, if you don’t like this understanding of peer, as defined in these purely alethic terms, bear
with me. Given the result we’ll discuss, we can see how alternative notions relate to this one.

2.3 Equal Expected Accuracy Iff Equal Expected Weight

Now that we have the notions of weight and inaccuracy in place, we can now state:

Theorem 2.3. Suppose A and B are advisors. Then the expected amount of weight given to A equals
the expected amount of weight given to B if and only if A and B have equal expected accuracy.

In other words, you expect to give your peers equal weight. As we show in Appendix A, this
relationship is surprisingly robust and holds across all sorts of different measures. The notion of
expected inaccuracy of an advisor B simply factors into the sum of the expected inaccuracy of cB

and the divergence between B ’s credence and cB on any reasonable way of measuring inaccuracy.
The measures of inaccuracy and divergence vary, but this relationship stays the same. From
here, it’s easy to show that Thm. (2.3) holds.14 Thus, on this rather common understand of peer,
expected equal weight falls out as a mathematical relationship on any standard measure.

Furthermore, as we’ve indicated, it doesn’t matter whether we’re talking about a single
proposition p or a domain of propositions. If you expect that somebody else is as good of a
weather forecaster as you under some set of circumstances, then you expect that in general you’ll
give her equal weight on average in those circumstances.

14For the details and a more careful statement of this result, see Thms. (A.4) and (A.5).
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Let’s now look at some consequences of this result.

2.4 Cleaning Up the Equal Weight View

As we’ve mentioned, a number of authors—such as Elga (2007); Enoch (2010); White (2009)—
understand peer in essentially accuracy-theoretic terms. On the standard view, once you expect
your advisor to be equally accurate, you’re supposed give her equal weight in actuality, not just
in expectation. That is, according to EWV-orthodoxy, once you judge her to be equally accurate
in expectation you commit yourself to giving her equal weight ex post. Of course, there are a
number of caveats and potential out-clauses, but even with those nuances thrown in, such a view
is untenable, and we can show where it goes wrong.

Think about the nature of expectation and how we calculate the expected inaccuracy of an
advisor A whose credence we don’t know.15 For simplicity, let’s assume we know our advisor
A has one of some finitely many potential credences x1 < . . . < xn.16 For each such credence xi ,
we’d first consider our conditional expected inaccuracy of A were she to announce credence xi .
Since it’s clear which credence function we’re using for calculations, we’ll write the conditional
expected Brier Score of A when A’s credence is xi simply as:

EBS(A|A= xi )

We then multiply EBS(A|A= xi ) by b(A= xi ) and sum over the values. We’ll arrive at:

EBS(A) =
n
∑

i=1

b(A= xi )EBS(A|A= xi )

What’s important to note is that how likely you think it is that A has various credences xi can
and often should affect the expected level of inaccuracy you assign her. Let’s take an extreme
case:

SUNRISE I ask Tom what his credence that the sun will rise tomorrow is.

I consider Tom—and indeed, nearly everybody I ever come in contact with—roughly a peer
when it comes to the question of whether the sun will rise tomorrow. The reason I hold such an

15Of course, in practice even when we have credences over events like rain and expectations about how accurate
an advisor will be, we usually don’t have well-defined distributions over what an advisor might think. However, the
idea is that by looking at how such expected inaccuracy is calculated in more idealized circumstances, we’ll be able
to identify flaws with the orthodox EWV.

16The more general case in which A could adopt any credence in [0,1] is a fairly straightforward generalization,
so I omit it in order to avoid technical distractions.
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egalitarian view is almost entirely based on my expectations about what these people think. My
distribution b(Tom’s credence is x) over potential credences he may have in the proposition that
the sun will rise tomorrow has nearly all its weight right around 1. That is, b(Tom’s credence
is in [1− ε, 1]) ≈ 1 for some very small value of ε. And, conditional on him having a credence
right near 1, I assign him very low expected inaccuracy. If he surprises me and tells me that
his credence is close to .5, I’ll legitimately ignore him (almost) entirely, since reality diverged so
extremely from my expectations.

Indeed, lots of similar cases have plagued orthodox versions of the equal weight view. To take
another extreme one, consider the contrast between:17

RESTAURANT Five of us go out to dinner, and at the end of the night, the bill is $187.50. We
agree to split the bill evenly and tip 20%. You and I do the math in our heads, and I become
very confident that we each owe $45, while you’re highly confident that we each owe $43.
Since the two of us go way back, we’re both aware that we’re each equally talented at doing
arithmetic in our heads, and neither of us is especially tired, or drunk, or distracted.

And

EXTREME RESTAURANT Just like before, except I think we owe $45 each, while you think we
owe $450 each, which is more than the total bill.

Conciliationists have struggled to come up with explanations of principled reasons the latter
case is different from the former.18 From our macro-perspective, the answer is clearly a differ-
ence in degree and not of kind. What the micro-view misses is that the antecedent expectations
about an advisor’s expected inaccuracy can depend on expectations about what she thinks. That is,
your evaluation of her was based, in part, on expectations of her opinion. In SUNRISE and EX-
TREME RESTAURANT, you—at least implicitly—thought it very unlikely you’d get an answer
of credence around .5 or an estimate of $450. Were your advisor to surprise you with such an
answer, it’s perfectly legitimate not to listen very much to her because your ex ante assessment
of her accuracy was based on the assumption that she would almost surely have a much different
view.19

17These examples involve disagreement over expected values of a quantity, not credences in a proposition. It
turns out we can extend our inaccuracy measures to cover the more general case (see Gneiting and Raftery (2007)
and Winkler (1996)), but I won’t go into the details of how to do so here.

18See, for instance, Christensen (2011).
19Indeed, as we’ll see below, actual relative weight given often has to be a function of the actual credence reported.
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2.4.1 The Conceptual Relationship Between Accuracy and Weight

The relationship between expected weight and expected accuracy only exists as a wide-scope
macro-norm. It’s wide-scope because it doesn’t alone tell you which people you should expect to
be as accurate as you are. If, over the long haul, you discover that you tend to give people way
less weight than you expected to, you’re doing something wrong. Supposing you keep assigning
people low expected inaccuracy, you’ll have to start giving them more weight. However, you
may be right to change your ex ante assessments as well. Imagine, for instance, an egalitarian
steadfaster who will never give any weight to anybody else but who also thinks lots of people
are her peers even when they have the same evidence. That can only happen if she’s sure (or
almost sure) they’ll always have the same credence in p that she herself does. Our theorem re-
lating expected equal weight and expected inaccuracy doesn’t say whether she’s doing something
wrong. However, if people often do as a matter of fact end up disagreeing with her, then some
changes are called for. She can perfectly well retain her steadfast position, but she’ll have to start
expecting people to be less accurate than she did before.

It’s a macro-norm because the relationship between accuracy and weight is virtually invisible
for any particular case. Coherence is only violated over repeated trials, and the relationship only
emerges in the macroscopic limit. However, we still manage to put serious constraints on updat-
ing behavior. Any micro-norms on disagreement must, then, be compatible with this emergent
connection between weight and accuracy. That is, a necessary condition on the adequacy of a
micro-norm is that it on average advises giving equal weight to peers.

2.5 Other Notions of Peer

We defined the notion of peer alethically. However, in the literature, we often find less directly
truth-connected notions of peer. In the abstract, we think of our peers as people who are our
(expected) epistemic equals in some important sense, such as rationality, intelligence, familiarity
with the evidence, or some other kind of epistemic virtue. I don’t here wish to get into a dispute
over which if any of these notions is most appropriate for debates over disagreement. Instead,
I’ll highlight how Thm. (2.3) allows for a general kind of argument-schema for conciliationists.

First, pick some epistemic virtue v that you think is appropriate. Call advisors A and B v-
peers according to c if c assigns equal expected levels of virtue v to A and B . The conciliationist
will have to argue that generally if you expect A and B to be v-peers then you should also expect
them to be (accuracy) peers. That is, the salient virtue v should track accuracy well enough that
an agent ought to take them to be more or less substitutable. Since being an expected accuracy
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peer is necessary and sufficient for expected equal weight, this move must be made for any non-
alethic understanding of peer.20

Summing up, we see that if we adopt an alethic notion of peer, Thm. (2.3) shows that a version
of the EWV falls out. To expect equal accuracy just is to expect to give equal weight. However,
that can’t (as we’ll see below) and shouldn’t require giving equal weight in each case. For non-
alethic notions of peer, Thm. (2.3) shows what additional premises are needed to maintain any
version of an equal weight view.

3 Bold Conciliationism

As we’ve remarked, any notion of peer has to do with being (expected) epistemic equals in some
important sense. Therefore, there’s a real or perceived symmetry that holds between you and
those you (take to be) peers. Based on this thought, many take equal weight to require splitting
the difference (at least in normal circumstances). As we noted above, however, both defenders
and detractors of EWV worry that such a policy will lead to spinelessness. That is, by giving
your peers equal weight, you’ll end up overly timid: too close to the middle of the unit interval
and too far from 0 or 1.

We want to get a sense of Split the Difference as a pure updating policy with no confounding,
disagreement-independent factors. You can think of that as getting an idea of what Split the
Difference looks like ceteris paribus. So, we’ll first consider the case when I take us both to be
reliable, or to use a technical term, I take us to be experts for me with respect to the proposition
in question. Here’s how that works. Suppose I find out at t0 what my credence at t1 is, and I
don’t learn anything else. Then, in the cases we’ll look at, I’ll defer entirely to my future self.
That is, b(p|b1(p) = x) = x.21 Note that that doesn’t say that I’ll defer entirely if I learn my
future belief and some other evidence too. It just says that conditional only on my future belief in
rain being x, I have credence x.

Likewise, let’s say I just learn what your credence at t1 is. In the scenarios we’ll look at for
now, I treat you as an expert too, so b(p|a1(p) = x) = x. That would happen, for instance, if
I generally trusted you to assess the evidence. Imagine, say, that one day you got to look at the

20One common notion of peer concerns evidential rationality in particular. That is, A and B are taken to be
rationality-peers if they’re taken to be equally rational in handling of the background evidence. If rationality is
permissive and allows for multiply distinct but equally rational credences on the same evidence, then a number of
authors (such as Kelly (2005); Enoch (2010); Ballantyne and Coffman (2011)) have thought that that spells trouble
for conciliationism. I think that if anything, permissive rationality supports conciliationism. For more, see my
(2012b).

21This requirement is just the (in)famous Reflection Principle, from van Fraassen (1984).
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data but I didn’t. Treating you as an expert means that I’d defer to you in such a situation. The
question, then, is: when I-at-t0 conditionalize on both of our future credences, what will I do?

If I don’t treat one of us as experts, then there are times when I think at least one of us is
in some ways predictably error-prone independently of the disagreement. Even if I didn’t know
whether a disagreement would occur—that’s to say, even if we abstract from the input of the
other agent—I would think I could correct for some epistemic mistake. We’ll talk briefly about
the general case after and in more formal depth in Appendix B, but the case with two reliable
agents disagreeing is the way to look at an updating policy without any confounding factors.

3.1 Fortune Favors the Bold

In this part of the paper, by taking a macro-approach, we can show what goes wrong with split-
ting the difference. Recall that we call an agent’s credence bold (or synonymously opinionated)
if it’s close to 0 or 1. First, we show that weighted averaging (of which difference-splitting is a
special case) will systematically result in underly bold credences. We then go on to show that
when an agent hears both expert opinions, she should expect to end up with a bolder credence—
on any relevant measure—than she would have had she only heard the views of one of them.
Importantly, these results won’t depend on whether or to what extent the experts share evidence.
Below, we relate these results to the more general case of disagreement.22

3.1.1 Thrasymachus Was Right

Consider what you-at-t0 with credence function b0 think of the difference-split credence d :=
A1+B1

2 . If you think A1 and B1 are peers, then you’ll think d(p) will be more accurate than either
a1(p) or b1(p). Nonetheless, you also expect—more surprisingly—that d has some correctable
deficiencies, which we’ll go through informally here.23

First, d can’t be an expert for b0. That is, there are some values x ∈ [0,1] such that B0 thinks
it’s possible d(p) = x but b0(p|d(p) = x) 6= x.

To get a handle on how this works, here’s a frequential analog. Suppose that you (A) and I
(B) are both long-run calibrated at predicting rain. A third weatherman D listens to both our
forecasts and always adopts the difference-split credence. If we’re on average equally accurate,
then D is generally more accurate than either of us. However, D is also uncalibrated.

22Because we’re only concerned with a single proposition and time, I’ll invoke the simplified notation laid out in
§ 1.2 on page 8.

23See Thms. (A.8) and (A.9) for the formal details and for the more general case of n experts under an arbitrary
scoring rule.
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Now, it turns out that not only does d necessarily fail to be an expert, but we can also char-
acterize how it tends to produce deficient credences. In particular, d is always expected to be (1)
underly bold, but (2) on the right track. Here’s what I mean. As we show in Thm. (A.8), d is
expected to be too far from 0 or 1 and too close to b0(p). More formally: E(bd0(p)− b0(p))

2 >

E(d(p)− b0(p))
2, where E is b0’s expectation function.24 However, d is still expected to be on

the correct side of b0(p). That is, b0 expects bd0(p) to be between b0(p) and p’s truth-value. So,
should d be above b0(p), B0 will tend to overshoot it, and if it’s below, B0 will tend to undershoot
it.

It’s important to emphasize that this relationship holds regardless of whether the experts
share evidence. Even if they don’t arrive at their views independently, and even if b0 knows they
don’t, b0 will still expect the average to be overly timid. Furthermore, the same goes not just for
difference-splitting but for any method of linear pooling whatsoever regardless of the antecedent
levels of expected accuracy. For instance, suppose instead of taking the straight average, we’d
conditionalized on d∗ := 2/3A1 + 1/3B1. We’d still expect d∗ to be overly timid but on the right
track, and we couldn’t treat d∗ as an expert.

Think about what it takes for this result to hold. No matter what linear weighting we use,
the average is expected to be underly bold. That can only happen if the relative level of weight
for an expert tends to grow the bolder she is. In other words, we have to follow the:25

THRASYMACHUS PRINCIPLE When adjudicating a disagreement between two experts, gener-
ally favor the more opinionated of the two.

Note how discordant the THRASYMACHUS PRINCIPLE seems initially with intuition. First,
even if one of the experts was expected to be significantly less accurate than the other, we’ll still
end up on average giving her more weight should she turn out to be bolder.

Second, and more disconcertingly, we tend to shy away from policies that suggest fairly ex-
tremal credences and favor epistemic moderation. For instance, suppose I knew a fair coin were
going to be flipped a million times. Each time, I announce my credence that it will land heads
the next flip. Suppose Policy 1 advises me to have credence .5 every time. Policy 2 recommends
I alternate between credence .4 and .6. On either policy, my credence in Heads averages out to
.5, but Policy 2 is still clearly worse.

According to the THRASYMACHUS PRINCIPLE, however, even if I considered experts A and
B epistemic equals under every rule, when they disagree, I’ll give more weight on average to the

24We can generalize to a wide class of measures of distance from the prior. See Thm. (A.8).
25In Plato’s Republic, Thrasymachus says, “Justice is nothing but the advantage of the stronger” (338c). The

principle immediately below is an epistemic analog.
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bolder one. Shouldn’t I generally play it safe, given my normal epistemic risk-aversion?
No. If I treat you as an expert, then I expect you to be responsible and risk-averse in forming

your credences. When an expert has a fairly extremal credence, I take it she responsibly thought
she could cull a good amount of information about whether p from her evidence. Thus, from
my point of view, her credence alone carries quite a bit of information about p. When A and B
are both experts, but A is more extremal, I’ll generally think that A’s credence carries on balance
more information than B ’s credence carries. Therefore, the average of their credences will tend
to give undue weight to B . When it comes to experts, we simply can’t and shouldn’t commit to
treating all of them as epistemic equals regardless of what they say.

Indeed, despite the initial appeal of equal treatment for supposedly equal agents, in many
cases, we can often see that the ex post response should depend on the credences reported. To
begin, let’s look at an extreme case. If you treat agents A and B as experts, and you first learn
A is completely certain that p, then you become certain in p as well. If you then find out
that B only has credence .5, you can’t become any less confident in p, at least according to
orthodox bayesianism. Presumably, slightly less extreme cases in which A is not exactly certain
but 99.9999% sure that p should be treated nearly the same as this limiting case. It’d be quite odd
if it was right for you to remain 100% sure that p in the former case but split the difference and
up around 75% confident in latter.

In cases in which agents don’t share evidence, it’s often clear that relative boldness of cre-
dences should be important. Suppose you’re unsure whether Dallas or San Diego has a bigger
population, and you decide to ask two friends you antecedently think equally likely to know the
answer. One friend reports that she’s fairly uncertain, while the other says she’s almost sure that
San Diego is larger. Here, you should give more weight to the second friend supposing you have
some trust in her epistemic responsibility.

It’s still tempting, however, to think that perhaps different behavior is called for in cases in
which evidence is largely shared. Indeed, when two agents with the same evidence disagree,
one is often making some kind of cognitive error, and perhaps we should cast aside some of
the prescriptions of orthodox bayesianism because of such a peculiarity. That sentiment, for all
that’s been said, may indeed be partially correct, but such special treatment can’t work in the
way most conciliationists think. To see that an intuitive case in addition to a formal one can be
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made for this position, consider:

MURDER MYSTERY SH and HP are two equally competent and reliable detectives working on
a case. To toy with police, the criminal left behind an exceedingly difficult riddle whose
answer will reveal his identity. Both SH and HP are both unsure what the answer is de-
spite spending days working on the puzzle. SH’s assistant Dr. W enters and asks how the
investigation is coming. As HP is explaining that they still don’t know who the culprit is,
SH shouts “Aha!” and announces that his arch-nemesis Professor M was responsible.

PROOF Since 1971, Mathematicians have worked without result on the question of whether
P = N P . Fields Medalist TT announces on his blog that he has determined that it in fact
does and is highly confident of his result.

In both of these cases, the various agents have overlapping—or perhaps even the same—evi-
dence.26 Imagine yourself first as Dr. W in MURDER MYSTERY. Even though HP and SH
have talked through their evidence and much of their reasoning with each other and are equally
competent, SH is bolder and thinks he’s solved the case. Given your antecedent respect for both
of them, you know that SH wouldn’t become so confident prematurely. It’s more likely that
he’s determined the key to solving the puzzle. Even if you yourself are no super sleuth and can’t
even follow his reasoning, it seems intuitive that you (and probably HP as well) should end up
giving more weight to SH’s judgment than to HP’s agnosticism. On the other hand, had HP and
SH both been unsure while leaning in slightly different directions, it’s not nearly so clear that
one should be preferred over the other. Thus, the relative level of respect Dr. W should give to
either detective generally grows with boldness.

In the PROOF case, all agents have evidence that entails whether or not P =N P , but mathe-
maticians are nevertheless uncertain of its truth-value.27 Generally, however, when a reliable and
respected mathematician announces that he or she has determined the answer, then even before
the rest of the community sees the proof, that person’s claim is given serious credence. Again,
reliability combined with boldness ought to result in additional respect.

26Philosophers will differ on the extent to which these cases count as ones with completely shared evidence,
since it’s unclear how much private inferences contribute to one’s evidential base. The point is that the agents are
given enough information in the beginning to determine the answer but because of cognitive limitations are at least
temporarily uncertain.

27According to a 2002 poll of 100 mathematicians and computer scientists, 61 believed P 6= N P , 9 thought
P = N P , 22 were uncertain, and 9 thought the question was independent of the ZFC axioms (see Gasarch (2002)).
We ignore this latter possibility.
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Before closing this section, we mention one further fact: It also turns out that if we learn
both A and B ’s opinion, under modest conditions, we have to expect bAB

0 (p) to be strictly more
opinionated than either agent (see Thm. (A.9)).28

So, in sum, we have the following:

• Straight averaging is expected to beat both experts when Peers(A,B ;b0).

• Straight averaging is expected to be headed in the right direction but overly timid—regard-
less of the relative expected accuracy of the experts—and can’t be an expert itself.

• Learning what both the experts think is expected to lead to more opinionation.

• Regardless of any ex ante symmetry, we have to treat the experts differently ex post based
on how bold they are.

Again, all of these facts hold regardless of whether the experts share evidence.
Such results once again speak to the fruitfulness of the macro-approach. There are some

situations and particular values of d for which you might end up deferring. Moreover, there are
even cases in which you end up going in the opposite direction of d. It’s only in expectation and
in the long run that these relationships become apparent.

3.2 Disagreement in General

What about non-experts? As it turns out, we can in an important sense reduce disagreement
between agents in general to disagreement between experts when we take a macro-approach.
The process is a bit technically involved, so we relegate the details to Appendix B. However, we
have the ingredients to see what’s wrong with difference splitting here.

Suppose now that A1 and B1 are no longer experts for b0 but simply advisors. Since difference
splitting is underly bold when experts are involved, b0 could only possibly end up splitting the
difference generally when it expected that at least one of the agents—let’s say B1—was already
overly bold. That is, even if b0 didn’t get to hear from A1 or learn of any disagreement, bB1

0 (p)
was expected to be less bold than B was. In such a case, it’s possible that b0 might adopt a
uniform difference-splitting policy if the details worked out just right, but the difference splitting
had nothing to do with any symmetry stemming from disagreement. It simply worked out as
a fluke to correct for B1’s predictable epistemic errors that b0 already recognized (or thought it

28That’s not surprising, since advisors’ credences are evidence, after all, and we generally get more opinionated as
we gain evidence. However, given the worries about spinelessness, it’s worth emphasizing this point.
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recognized) anyway. Thus, without disagreement-independent confounding factors, splitting the
difference is generally spineless.

4 Epistemic Egalitarianism and Its Limits

At this point, it seems to me that we’ve laid the groundwork for a bolder and more flexible form
of conciliationism. Once you’re willing to make the initial step of conceding that you know
people whom you expect to be about as accurate as you with respect to p, there are serious
constraints on what you can expect your updating behavior to look like. If there are lots of these
sorts of propositions and many such advisors, then we should see you giving equal weight on
average and becoming more opinionated.

These results seem to have serious implications for how many of us should handle actual
disagreements. Speaking for myself, at least, I often expect many of the very smart people I
know to be at least as accurate as I am over many different domains even when we have the same
evidence. Nevertheless, we do often disagree, but as a matter of autobiographical fact, I’m not
generally as conciliatory as the above arguments suggest I should be. What are my options?

4.1 You Can’t Always Get What You Want

Here we can see how our values clash. When you’re opinionated, you have to think you’re doing
a good job at getting your credence close to v(p), so strong opinions require high self-regard. By
extension, if you think a bunch of your friends will end up about as accurate as you are, they’d
better tend to have pretty strong opinions too, since a moderate credence can only be but so
accurate. But if you expect them to be opinionated and as accurate as you, you also can’t expect
that they’ll generally be too far from your credence.29 Think again of the weather forecaster
paradigm case. It can’t turn out that (1) we’re both very accurate and usually give bold forecasts,
but (2) we tend to make very different predictions. So, if I know I’ll be giving a lot of bold
predictions and I expect you to be as accurate on average, I have to expect that we’ll generally be
close to agreeing on the next day’s forecast.

Therefore, if there’s some domain of propositions over which you think you’ll be quite opin-
ionated, that will mean that it’s pretty tough—by your lights—for somebody to be your peer.
When there’s a domain where strong disagreement is expected, you have some hard choices. In
general, the more opinionated you think you’ll be, the fewer people you’ll be able to consider

29Compare: If we have two measuring devices that are both very accurate, they’ll have to generally be in accord.
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peers ex ante.
Worries that we’ll be overly agnostic if we give peers equal weight can then be traced to a

failure to stand by one’s implicit evaluations. We don’t get to be opinionated and humble. If
we’re inclined to reject humility, we may be right to do so, but that can’t generally be good ad-
vice when disagreement is rampant. Indeed, the average of everybody’s credence will be more
accurate than average on any good measure.30 If we’re inclined to think lots of people are our
peers over controversial propositions, we should recognize our erstwhile opinionated credences
were epistemically reckless. If you’re like me, this route seems generally more plausible, and we
should probably be less opinionated than we are, since on reflection we’re unwilling to accept
the requisitely high self-regard necessary for boldness.31 But the fault, dear peer, lies not in con-
ciliationism, but in ourselves, for we are epistemic underlings. Maintaining strong opinionation
will only tend to make us worse off.

A Results

First, we generalize from the Brier Score to a much more general class of inaccuracy measures.
For simplicity, we stick to the single proposition case.

Definition A.1. A scoring rule is a function S : [0,1]× {0,1} → [0,∞] such that S(x, 1) and
S(x, 0) are strictly monotonically decreasing and increasing respectively.

We write S(x) for the score a credence of x in p receives at the actual world. We then say:

Definition A.2. A scoring rule S is proper if for all probability functions b where b(p) is defined
and all x ∈ [0,1], Eb(S(b(p))) ≤ Eb(S(x)). S is strictly proper if S is proper and equality obtains
only when x = b(p).

It’s standard to restrict attention to strictly proper scoring rules.32 We’ll require in addition
that S(x, 1) and S(x, 0) be continuous and differentiable in the first argument.

Definition A.3. A scoring rule S is admissible if S is strictly proper and S(x, i) is continuous and
differentiable in the first argument.

30That follows from the convexity of strictly proper scoring rules.
31Indeed, that’s what the empirical data suggest. By and large people are massively overly bold in making predic-

tions. See Hoffrage (2004) for a nice and disturbing discussion.
32Cf. Joyce (2009); Predd et al. (2009).
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As we’ve mentioned above, we’re focused primarily on expected inaccuracy. So we’ll use
ESb(A) to refer to the expected inaccuracy of advisor A (with respect to p). Keep in mind that
the value of A’s credence a(p)may or may not be known to b. As before, we use bA to represent
b’s credence conditional on A’s credence.

As shown by DeGroot and Fienberg (1982, 1983), each admissible scoring rule S comes with
an associated measure of divergence DS(x||y) that measures how “far” a credence of y is from a
credence of x. In other words, from our starting point of measuring how far a credence is from
a truth-value, we’re able to induce a more general measure that compares the disparity between
any two points in the unit interval. The gory mathematical details need not concern us, but one
can think of DS(b(p)||y) as the expected loss of accuracy between b(p) and y by the lights of b.
When A’s credence isn’t yet known, Eb(DS(b

A||A)) denotes the expected divergence according to
b between A’s credence and B ’s own as-yet-unknown credence conditional on what A thinks.
We now have:

Theorem A.4 (DeGroot and Fienberg). Suppose S is an admissible scoring rule, and A is an advisor.
Then ESb(A) = Eb(DS(b

A||A))+ESb(b
A).

In other words, you measure the expected inaccuracy of an advisor A simply by summing
how far you expect your posterior credence to be from A’s credence and how inaccurate you
expect your credence conditional on A’s credence to be. Note that ESb(b

A) = Eb(ESbA(bA)), and
since bA has strictly evidence than b, ESb(b

A) ≤ ESb(b). Thus, on any admissible measure, the
notion of expected inaccuracy factors into the expected level of respect you’ll have for A and the
expected evidential value of A’s credence with respect to p.

From Thm. (A.4), we then get necessary and sufficient conditions for equal expected weight
as an easy corollary.

Theorem A.5. For any scoring rule S and any advisors A and B, Ec(DS(c
AB ||A)) = Ec(DS(c

AB ||B))
iff ESc(A) = ESc(B).

Based on general convexity considerations, it’s also easy to show:

Theorem A.6. Suppose A1 and A2 are advisors, ESb(A1) = ESb(A2)<∞, and b(a1(p) = a2(p))< 1.
Then for hypothetical advisor A3 =

A1+A2
2 , ESb(A3)< ESb(A1) = ESb(A2).

So, when you expect two advisors to do equally well (so long as they don’t do infinitely
badly and might disagree), you expect that splitting the difference beats deferring to either one
completely.
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For use final two results referenced in the main text, it’ll be useful to invoke the main theorem
from Greaves and Wallace (2006), which we state in slightly imprecise form:

Theorem A.7 (Greaves and Wallace). Let S be an admissible scoring rule. Then for any probability
function b, updating by conditionalization minimizes expected inaccuracy under S according to b.

Now for the main result on linear pooling. We generalize here to the case with n experts and
strengthen the result to generalized divergence.

Theorem A.8. For i ∈ {1, . . . , n}, let Ai be experts (with respect to p) for b, and let b(p) = b . Fix
constants λi > 0 such that

∑

λi = 1, and let A=
∑

λi Ai . Suppose further that there exist i and j
such that b(Ai 6=Aj )> 0. We then have:

(I) b(bA 6=A)> 0. I.e., A isn’t an expert for b.
(II) Under any admissible rule S, DS(b

A||b )>DS(A||b )
(III) EBSb(A)< EBSa(A), where EBSc denotes the Expected Brier Score on credence function c.

Proof. We start with (I). For the reductio, suppose A is an expert for b. Then EBSb(A) =
Eb(v(p)−A)2 = Eb(A(1−A)). (For convenience, we’ll use E for Eb for the rest of the proof.)
Since A=

∑

λi Ai , then if A is an expert for b:

E(A(1−A)) =
n
∑

i=1

n
∑

j=1

λiλ j E(Ai (1−Aj )) (1)

We also have:

E(A(1−A)) =E

 

n
∑

i=1

λi

�

v(p)−Ai

�

!2

=
n
∑

i=1

n
∑

j=1

λiλ j E((v(p)−Ai )(v(p)−Aj ))

=
n
∑

i=1

n
∑

j=1

λiλ j E(v(p)
2−Ai v(p)−Aj v(p)+Ai Aj ) (2)

Since v(p) is either 1 or 0, E(v(p)2) = E(v(p)) = b . Furthermore, since each Ai is an expert,
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E(Ai ) = b , and it’s easy to see that E(Ai v(p)) = E(A2
i ). So, by (2):

E(A(1−A)) =
n
∑

i=1

n
∑

j=1

λiλ j E(Ai −A2
i −A2

j −Ai Aj )

=
n
∑

i=1

n
∑

j=1

λiλ j E(Ai (1−Aj ))−
n
∑

i=1

n
∑

j=1

λiλ j E(Ai −Aj )
2 (3)

By assumption, there exist experts Ai and Aj such that b(Ai 6= Aj ) > 0, so the last term in (3) is
positive, i.e.,

n
∑

i=1

n
∑

j=1

λiλ j E(Ai −Aj )
2 > 0 (4)

Therefore (1) and (3) have different values, which completes the reductio.
(III) easily follows. EBSa(A) is given by (1), whereas EBSb(A) is given by (3). By (4), EBSb(A)<

EBSa(A).
For (II), by Thm. (A.7) ESb(b

A) < ESb(A) since A isn’t an expert. However, for every i ,
ESb(Ai ) < ESb(b ), since each Ai is an expert. So, ESb(b

A) < ESb(A) < ESb(b ). Since DS is a
Brègman divergence, it’s convex in its first argument. The conclusion follows by application of
Thm (A.4).

Note that (III) in the above theorem guarantees that b expects to overshoot/undershoot A,
since b expects A to get a better Brier Score than A expects itself to get. Furthermore, note that
whether any of the experts share evidence is irrelevant.

The last result is an easy consequence of Thm. (A.7).

Theorem A.9. For i ∈ {1, . . . , n}, let Ai be experts (with respect to p) for b, and let b(p) = b . Let
~A := 〈a1, . . . ,an〉. Suppose that there’s no k such that b(ak(p) ∈ {0,1}) = 1, and there’s no k such
that b(b~A= ak(p)) = 1. Then under any proper scoring rule S, we have Ds (b

~A||b )> DS(b
Ai ||b ) for

all i .

B Expert Fix-Ups and Boldness

Here we show how to simulate a disagreement between two agents A and B as an isomorphic
dispute between two hypothetical expert versions A+ and B+ of them and then show a surprising
further consequence in terms of boldness in the case of peer disagreement.
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To see how this works, it’ll be enough to show how to generate one expert A+ from non-
expert A. First, recall Theorem (A.4). We saw that the expected inaccuracy of an advisor A under
an admissible scoring rule S for an agent C was simply DS(c

A||A) + ESc(c
A). From the agent’s

point of view, all that matters for her quest to determine whether p is the second term, since
it’s the metric by which she’ll measure the expected epistemic utility of any kind of evidence
whatever.

Let’s go through the formal details of our calculation of the expected inaccuracy for an ad-
visor A. First, we need a distribution cA over potential credences A might have. Next, for any
x, we consider how we would update should A adopt credence x. That is, for each x, we de-
termine c(p|a(p) = x). From there, we can calculate A’s expected inaccuracy by integration (or
summation).33 We’ll now construct an “expert” version of A, whom we’ll call A+.

Since the posterior credence cA depends only which credence A reports, let c(p|a(p) = x) =
f (x). Take the distribution cA, and let cA(x) = cA+( f (x)). Since whenever A reports credence
x, the agent updates to f (x), she might as well pretend she heard some expert report f (x). A+

need not actually exist, but from a formal point of view, this maneuver allows us to use results
about updating behavior when experts are involved to help us discover how updating works
on advisors’ opinions more generally. On any scoring rule ESc(c

A+) = ESc(c
A), so evidentially,

A+ and A are just as useful for the agent regardless of how you measure accuracy. A+, in other
words, has the exact same sensitivity-profile as A, where sensitivity measures how A’s credence
is thought (by C ) to track p’s truth-value. From the evaluative perspective, however, A and A+

are markedly different. The agent expects the expert versions of non-experts to be strictly more
accurate under any rule, as is easy to see from Theorem (A.4).

We now relate this idea back to peer and expert disagreement. Suppose an agent C -at-t0 treats
her future self C1 as an expert. And suppose she thinks both A and B are peers (in the alethic
sense) of C1. That is, Peers(A,C1;c0) and Peers(B ,C1;c0).

Suppose B is expert too. c0 will follow the THRASYMACHUS PRINCIPLE and expects cBC1
0

to be bolder than both B and C1.
Suppose that A isn’t an expert even though she’s taken to be a peer of C1. In this case, we

don’t necessarily get to claim that splitting the difference will result in over-hedged credences
because of disagreement-independent confounding factors. We do, however, have the resources
to show that our agent should expect to be even more opinionated should a disagreement arise

33You may be worried that (under the standard definition) conditional credences aren’t defined for events of
credence 0. I assume that for all credences A might have that are assigned non-zero density on cA, we can arrive
at a conditional credence either by taking conditional credence as primitive or by insisting that distributions be
well-behaved enough to use standard tools of deriving c(p|A= x) from limε→0 c(p|a(p) ∈ (x − ε, x + ε)).
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with A than should a disagreement arise with B .
Here’s why: Consider A+, the hypothetical expert version of A. As we’ve seen, c0 expects

that A+ is more accurate than A is. Since A and C1 are expected to be equally accurate, A+ must
be expected to be more accurate than both B and C1 are. Thus, from the epistemically self-
interested point of view of C0, she’d rather learn the credence of some non-expert who’s a peer
of C1 (viz., A) than she would of some expert-and-peer of C1 (e.g., B). In her quest to become
more accurate, the former will—she expects—help her more than the latter.

C0, then, has to expect that after updating on A’s credence, she’d end up closer to the truth
than she would after updating on B ’s credence. That will only happen if she expects to end up
more opinionated by updating on A than she would by updating on B . Since both A+ and B are
experts, C0 must in turn expect A+ to be more extremal than she expects B to be. Again, we end
up with a bolder form of conciliationism than is generally recognized.
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