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Abstract

Prominent approaches to belief revision prescribe the adop-
tion of a new belief that is as close as possible to the prior
belief, in a process that, even in the standard case, can be
described as attempting to minimize surprise. Here we ex-
tend the existing model by proposing a measure of surprise,
dubbed relative surprise, in which surprise is computed with
respect not just to the prior belief, but also to the broader
context provided by the new information, using a measure
derived from familiar distance notions between truth-value
assignments. We characterize the surprise minimization re-
vision operator thus defined using a set of intuitive rationality
postulates in the AGM mould, along the way obtaining rep-
resentation results for other existing revision operators in the
literature, such as the Dalal operator and a recently introduced
distance-based min-max operator.

1 Introduction
Belief change models rational adjustments made to an
agent’s epistemic state upon acquiring new information
(Peppas 2008; Hansson 2017; Fermé and Hansson 2018).
When the new information is assumed to be reliable, the
logic of changing one’s prior beliefs to accommodate such
new-found knowledge falls under the heading of revision.
Belief revision is typically thought of by appeal to a set
of intuitive normative principles, usually along the lines of
the AGM framework (Alchourrón, Gärdenfors, and Makin-
son 1985), alongside more concrete revision representations
and mechanisms (Grove 1988; Dalal 1988; Gärdenfors and
Makinson 1988; Katsuno and Mendelzon 1992; Rott 1992).

A perspective underlying many of these representations,
which we share here, is that belief revision is akin to a choice
procedure guided by a plausibility relation over possible
states of affairs: revising a belief, in this sense, amounts
to choosing the most plausible states of affairs consistent
with the new information. Plausibility over states of affairs,
in turn, is judged according to some notion of dissimilar-
ity, or distance between states of affairs: I judge a situation
to be less likely the further away from my own belief it is.
Among the various distance notions that can be used to make
this intuition precise, the approach using Hamming distance
to rank truth-value assignments is among the most promi-
nent, used for the well-known Dalal revision operator (Dalal
1988), and the more recently introduced Hamming distance

min-max operator (Haret and Woltran 2019).
Both the Dalal and the Hamming distance min-max op-

erator are designed to respond to new information by mini-
mizing departures from the prior belief, in what can be de-
scribed, just as well, as an attempt to prevent major surprise:
if I have a prior belief that all major carbon emitting coun-
tries will have halved their emissions by the end of 2049,
and it turns out that neither of them has, then I am likely to
be surprised—certainly more suprised than seeing my belief
confirmed. Consequently, if I acquire information to the ef-
fect that these are the only two possible outcomes (i.e., either
all countries cut emissions, or none of them does), then, on
the assumption that this information stems from some noisy
observation of the true state, I will use my prior belief and
gravitate towards the outcome that occasions less surprise.

In this revision procedure, consistent with both the Dalal
and the min-max operators, the measure of surprise is taken
to depend only on the absolute difference between my prior
belief and the states of affairs learned to be viable. How-
ever, we can readily imagine that the amount of anticipated
surprise depends in equal measure on other factors, e.g., the
context provided by the newly acquired information: if in
2049 it turns out that none of the countries has reduced emis-
sions, then I am likely to be less surprised if I had been told
in advance that at most one of them would than if I had
been told that, possibly, any number of them could achieve
the target. In other words, it is desirable to have a broader
notion of surprise complementing the absolute one, to ac-
count for situations in which change in the epistemic state
depends not just on the prior belief but also on the range of
options provided by the new information. However, despite
the fact that surprise minimization is a natural idea that has
been gaining traction in Cognitive Science (Friston 2010;
Hohwy 2016), there are not many belief revision policies
that explicitly take it into account.

In this paper we put forward a notion of relative surprise
that is richer in precisely this sense, and leverage it to de-
fine a new type of revision operator, called the Hamming
surprise min-max operator, and which is calibrated to take
into account contextual effects as described above. Though
it deviates from some of the postulates in the AGM frame-
work (notably, Vacuity, Superexpansion and Subexpansion
(Fermé and Hansson 2018)), we show that the Hamming sur-
prise min-max operator shares other desirable, though less



obvious, features with the Dalal and the Hamming distance
min-max operator. Significantly, we use these features to
fully characterize the newly introduced surprise operator, in
the process obtaining full chacterizations for the Dalal and
Hamming distance min-max operators.

Contributions. On a conceptual level, we argue that the
notion of distance standardly used to define revision opera-
tors can be seen as quantifying a measure of surprise, with
different distance-based operators providing different ways
to minimize it. We then enrich this landscape by introducing
a notion of relative surprise, which is then put to use in defin-
ing the Hamming surprise min-max operator. We compare
this operator against the standard KM postulates for revision
(Katsuno and Mendelzon 1992) and present new postulates
that complement the KM ones, for a full characterization.
The versatility of the ideas underlying these postulates is
showcased by adapting them to the Dalal and Hamming dis-
tance min-max operators: in the case of the min-max oper-
ator our postulates complement the subset of KM postulates
the operator is known to satisfy; in the case of the Dalal op-
erator our postulates strengthen the KM postulates. In both
cases, we obtain full characterizations.

Related work. Among belief revision operators that are
insensitive to syntax, the Dalal operator has received a sig-
nificant amount of attention, either from attempts to ex-
press it by encoding the Hamming distance between truth-
value assignments at the syntactic level (del Val 1993;
Pozos-Parra, Liu, and Perrussel 2013); as an instance of
the more general class of parameterized difference operators
(Peppas and Williams 2018; Aravanis, Peppas, and Williams
2021); or in relation to Parikh’s relevance-sensitivity axiom
(Peppas et al. 2015). However, to the best of our knowledge,
the characterization we offer here is the first of its kind.

Strengthening the AGM framework to induce additional
desired behavior from revision operators has been consid-
ered in relation to issues of iterated revision (Darwiche
and Pearl 1997), or relevance sensitivity (Parikh 1999;
Peppas and Williams 2016). In terms of choice rules, the
closest analogue to the surprise minimization operator is
the decision rule that minimizes maximum regret in deci-
sions with ignorance (Milnor 1954; Lave and March 1993;
Peterson 2017), with Hamming distances playing the role of
utilities in our present setting. However, the logical setting
and the fact that the distances depend on the states them-
selves means that decision theoretic results do not translate
easily to our current framework.

Outline. Section 2 introduces the main notions related to
propositional logic and belief revision that will be used in the
rest of the paper, and argues for the surprise-based interpre-
tations of distances, Section 3 defines the relative Hamming
surprise measure and the Hamming surprise min-max oper-
ator. Sections 4 and 5 consist of a slight detour in which the
Dalal and Hamming distance min-max operators are char-
acterized, setting up the stage for the characterization of the
surprise operator in Section 6. Section 7 offers conclusions.

2 Preliminaries
Propositional Logic. We assume a finite set A of propo-
sitional atoms, large enough that we can always reach into
it and find additional, unused atoms, if any are needed. The
set L of propositional formulas is generated from the atoms
in A using the usual propositional connectives (∧, ∨, ¬, →
and ↔), as well as the constants ⊥ and ⊤.

An interpretation w is a function mapping every atom in
A to either true or false. Since an interpretation w is com-
pletely determined by the set of atoms in A it makes true,
we will identify w with this set of atoms and, if there is no
danger of ambiguity, display w as a word where the letters
are the atoms assigned to true. The universe U is the set of
all interpretations for formulas in L. If w1 and w2 are inter-
pretations, the symmetric difference w1△w2 of w1 and w2 is
defined as w1△w2 = (w1 \ w2) ∪ (w2 \ w1), i.e., as the set
of atoms on which w1 and w2 differ. The Hamming distance
dH : U × U → N is defined, for any interpretations w1 and
w2, as dH(w1, w2) = |w1△w2|. Intuitively, the Hamming
distance dH(w1, w2) between w1 and w2 counts the number
of atoms that w1 and w2 differ on, and is used to quantify
the disagreement between two interpretations.

The models of a propositional formula φ are the interpre-
tations that satisfy it, and we write [φ] for the set of models
of φ. If φ1 and φ2 are propositional formulas, we say that
φ1 entails φ2, written φ1 |= φ2, if [φ1] ⊆ [φ2], and that they
are equivalent, written φ1 ≡ φ2, if [φ1] = [φ2]. A propo-
sitional formula φ is consistent if [φ] ̸= ∅. The models of
⊥ and ⊤ are [⊥] = ∅ and [⊤] = U . We will occasionally
find it useful to explicitly represent the models of a formula,
in which case we write φv1,...,vn for a propositional formula
such that [φv1,...,vn ] = {v1, . . . , vn}. A propositional for-
mula φ is complete if it has exactly one model, and we will
typically denote a complete formula as φv to draw attention
to its unique model v. The null formula ε and the full for-
mula α are defined as ε =

∧
p∈A ¬p and α =

∧
p∈A p, i.e.,

as the conjunction of the negated and non-negated atoms in
A, respectively. Note that [ε] = {∅} and [α] = A.

Distance-based belief revision. A revision operator ◦ is a
function ◦ : L × L → L, taking as input two propositional
formulas, denoted φ and µ, and standing for the agent’s
prior and newly acquired information, respectively, and re-
turning a propositional formula, denoted φ ◦ µ. Two revi-
sion operators ◦1 and ◦2 are equivalent, written ◦1 ≡ ◦2, if
φ ◦1 µ ≡ φ ◦2 µ, for any formulas φ and µ.

The primary device for generating concrete revision op-
erators we make recourse to here is the Hamming distance.
Thus, the Hamming distance min-min operator ◦dH,min, or,
as it is more commonly known, the Dalal operator (Dalal
1988), is defined, for any propositional formulas φ and µ, as
a formula φ ◦dH,min µ such that:

[φ ◦dH,min µ] = argminw∈[µ] min
v∈[φ]

dH(v, w).

Intuitively, the shortest distance from w to any model of φ,
i.e., minv∈[φ] dH(v, w), can be interpreted as a measure of
distance between w and φ, and we will refer to it as the Ham-
ming min-distance between φ and µ. The result φ ◦dH,min µ



dH ∅ abcd min max

∅ 0 4 0 4
abcd 4 0 0 4
abe 3 3 3 3

Table 1: Hamming distances dH(v, w) for v ∈ [φ], w ∈ [µ], with
[φ] = {∅, abcd} and [µ] = {∅, abcd, abe}. The lower dH(v, w)
is, the more plausible w is considered to be, from the standpoint
of v. The minimal and maximal values per model of µ are tallied
on the right, with the values preferred by operators ◦dH,min and
◦dH,max, i.e., the minimal among the minimal and maximal values,
respectively, in bold font.

of revision, then, selects those models of µ that are closest
to φ according to this measure.

Recently, an alternative revision operator has been ana-
lyzed (Haret and Woltran 2019): what we will call here the
Hamming distance min-max operator ◦dH,max, defined, for
any φ and µ, as a formula φ ◦dH,max µ such that:

[φ ◦dH,max µ] = argminw∈[µ] max
v∈[φ]

dH(v, w),

i.e., a formula whose models are exactly those models of [µ]
that minimize the Hamming distance to maxv∈[φ] dH(v, w),
the Hamming max-distance between φ and µ.

Distance as surprise. Consistent with the idea that revi-
sion models the agent learning about the world around it,
we can see the new information µ as a noisy observation
of some underlying ground truth state w∗: by acquiring µ,
the agent learns of a set of outcomes (the models of µ), all
of which stand a chance of being the true state w∗. In that
sense, the distance d(v, w) between any v ∈ [φ] and w ∈ [µ]
stands for a quantity that can be aptly described as surprise:
it is the difference between what the agent expects is the
case (v) and what might turn out to actually be the case (w).
Naturally, the agent will want to minimize the divergence
between its predictions and reality, with existing revision op-
erators providing different means to do so.

Example 1. Consider a set A = {a, b, c, d, e} of atoms,
standing for countries that might meet their emission targets
before 2049, and formulas φ = (¬a∧¬b∧¬c∧¬d∧¬e)∨
(a ∧ b ∧ c ∧ d ∧ ¬e) and µ = φ ∨ (a ∧ b ∧ ¬c ∧ ¬d ∧
e), with [φ] = {∅, abcd} and [µ] = {∅, abcd, abe}. Using
the Hamming distances depicted in Table 1, we obtain that
[φ ◦dH,min µ] = {∅, abcd} and [φ ◦dH,max µ] = {abe}.

Intuitively, we read this as saying that if an agent believes
the true state to be either of the worlds in [φ] = {∅, abcd},
but finds out it is one among [µ] = {∅, abcd, abe}, then
◦dH,min selects the new belief to be {∅, abcd}, as this sup-
plies the least amount of surprise in an optimistic, best
best-case scenario: if the true state turns out to be either
of ∅ or abcd, then the agent, believing this, will be able
to say “I told you so!”; the abe case, which is surprising
in both cases, is ignored. In a complementary approach,
the ◦dH,max operator shifts the agent’s belief to {abe}, as
this provides, more cautiously, the best worst-case scenario:

from the standpoint of both ∅ or abcd, abe seems the least
risky of the other options.

Example 1 serves as a springboard for some important ob-
servations. Firstly, it illustrates that ◦dH,min and ◦dH,max

are distinct operators. Secondly, it is apparent from Ex-
ample 1 that, given prior beliefs φ, interpretations can be
ranked according to their Hamming min- or max-distance to
φ. It is straightforward to see that (i) in both cases the re-
sulting rankings depend only on the models of φ, are total
and admit ties; (ii) the min-distance places models of φ at
the bottom of this ranking, i.e., as the most plausible inter-
pretations according to φ, in a pattern that goes under the
name of a faithful ranking (Katsuno and Mendelzon 1992);
and, perhaps, less conspicuously, that (iii) the max-distance
places models of the so-called dual of φ (i.e., the formula
obtained from φ by replacing all its atoms with their nega-
tions), at the very top, i.e., as the least plausible interpreta-
tions according to φ (Haret and Woltran 2019). The differ-
ent flavors of rankings, faithful or otherwise, generated in
this distance-based approach usually play a prominent role
in representation results for revision, as they open up a level
of abstraction between that of concrete numbers and gen-
eral principles. In this work, however, we will bypass talk of
rankings and work directly at the interface between distance-
based measures and normative principles.

Finally, an observation that will prove useful is that we
can (and will) think of the individual models v of φ as gen-
erating their own plausibility rankings over interpretations:
these rankings correspond to the columns in Table 1 and are
the rankings that would be generated if the prior belief were
the complete formula [φv] = {v}, i.e., what the landscape of
plausibility looks like if the agent puts the entire weight of
its belief on φv . Revision can then be seen as employing a
function (min or max) to aggregate the individual rankings,
and then choosing something out of the aggregated result:
the Dalal operator ◦dH,min chooses, optimistically, the mod-
els that are the best of the best, while ◦dH,max chooses, pes-
simistically, the best of the worst models across the individ-
ual rankings. In keeping with this way of looking at things,
we will often speak, loosely, of formulas and interpretations
‘judging’ and ‘choosing’ among possible outcomes.

What recommends the choice behavior of operators (such
as Dalal’s operator) as reasonable is adherence to a set of
intuitive normative principles, or rationality postulates. The
most common set of such principles consists of the AGM
postulates for revision (Alchourrón, Gärdenfors, and Makin-
son 1985), which we present here in the Katsuno-Mendelzon
formulation (Katsuno and Mendelzon 1992). The postulates
apply for any propositional formulas φ, µ, µ1 and µ2:

(R1) φ ◦ µ |= µ.

(R2) If φ ∧ µ is consistent, then φ ◦ µ ≡ φ ∧ µ.

(R3) If µ is consistent, then φ ◦ µ is consistent.

(R4) If φ1 ≡ φ2 and µ1 ≡ µ2, then φ1 ◦ µ1 ≡ φ2 ◦ µ2.

(R5) (φ ◦ µ1) ∧ µ2 |= φ ◦ (µ1 ∧ µ2).

(R6) If (φ ◦ µ1) ∧ µ2 is consistent, then φ ◦ (µ1 ∧ µ2) |=
(φ ◦ µ1) ∧ µ2.



The primary assumption of revision (postulate R1) is that
new information originates with a trustworthy source; thus,
revising φ by µ involves a commitment to accept the newly
acquired information. Postulate R2, known as the Vacuity
postulate, says that if the newly acquired information µ does
not contradict the prior information φ, the result is just the
conjunction of µ and φ. Postulate R3 says that if the newly
acquired information µ is consistent, then the revision re-
sult should also be consistent. Postulate R4 says that the
result depends only on the semantic content of the infor-
mation involved. Postulates R5 and R6, known as Subex-
pansion and Superexpansion, respectively, enforce a certain
kind of coherence when the new information is presented se-
quentially, which is for present purposes best understood as
akin to a form of independence of irrelevant alternatives fa-
miliar from rational choice (Sen 2017): the choice over two
alternatives (here, interpretations w1 and w2 in [µ]) should
not depend on the presence of other alternatives in the menu
(here represented by new information µ).

The Dalal operator ◦dH,min satisfies postulates R1-R6

(Katsuno and Mendelzon 1992), though these postulates
do not uniquely characterize it. The Hamming distance
max-operator ◦dH,max satisfies postulates R1 and R3-R6 but
not R2, though it does satisfy the following two postulates
(Haret and Woltran 2019), where φ stands for the dual of φ,
as defined above:

(R7) If φ ◦ µ |= φ, then φ ◦ µ ≡ µ.

(R8) If µ ̸|= φ, then (φ ◦ µ) ∧ φ is inconsistent.

In certain circumstances, φ can be thought of as the point of
view opposite to that of φ, such that, taken together, postu-
lates R7 and R8 inform the agent to believe states of affairs
compatible with φ only if it has no other choice in the mat-
ter: the models of φ should be part of a viewpoint one is
willing to accept only as a last resort.

3 Relative Hamming Surprise Minimization
In this section we introduce our novel surprise-based opera-
tor. We start by defining, for any interpretations v and w, the
(relative) Hamming surprise sµH(v, w) of v with respect to w
relative to µ, as:

sµH(v, w) = dH(v, w)− dH(v, µ),

i.e., the distance between v and w normalized by the distance
between v and µ. The new information µ, here, serves as the
reference point, or context, relative to which surprise is cal-
culated. The Hamming surprise min-max operator ◦s,max is
defined as a formula φ ◦sH,max µ such that:

[φ ◦sH,max µ] = argminw∈[µ] max
v∈[φ]

sµH(v, w),

i.e., as a formula whose models are exactly those models of
µ that minimize maximum Hamming surprise with respect
to φ, and relative to µ. We refer to maxv∈[φ] s

µ
H(v, w), as

the max-surprise of φ with w relative µ.

Example 2. Consider formulas φ and µ as in Example 1,
with [φ] = {∅, abcd} and [µ] = {∅, abcd, abe}. We
have that dH(∅, µ) = minw∈[µ] dH(∅, w) = 0, and thus

sµH ∅ abcd max

∅ 0− 0 4− 0 4
abcd 4− 0 0− 0 4
abe 3− 0 3− 0 3

Table 2: Relative Hamming surprise sµH(v, w) for v ∈ [φ], w ∈
[µ], for [φ] = {∅, abcd}, [µ] = {∅, abcd, abe}, and relative to
µ: dH(v, w) is normalized by the distance dH(v, µ) from v to µ.
The lower surprise is, the more plausible w is considered to be,
from the standpoint of v. The model minimizing overall surprise is
emphasized in bold font.

sνH ∅ abcd max

abcd 4− 3 0− 0 1
abe 3− 3 3− 0 3

Table 3: Relative Hamming surprise sνH(v, w), [φ] = {∅, abcd},
[µ] = {∅, abcd, abe}. The best interpretation is now abcd: the
ranking induced by relative surprise depends on µ, as well as φ.

sµH(∅, abcd) = dH(∅, abcd) − dH(∅, µ) = 4 − 0 = 4. The
surprise terms are depicted in Table 2. We obtain, thus, that
[φ ◦sH,max µ] = [φ ◦dH,max µ] = {abe}. Consider, now, a
formula ν with [ν] = {abcd, abe}, with the surprise scores
depicted in Table 3. Note that in this case we obtain that
[φ ◦sH,max ν] = {abcd}. Thus, in revision by µ, abe is
chosen over abcd, whereas in revision by ν the choice is
reversed. Intuitively, when ∅ stops being a viable option,
abcd becomes more attractive than abe, as the amount of
surprise it would inflict, from the standpoint of ∅, relative to
abe, becomes smaller: considering the options, abcd is not
as extreme as abe. In other words, for ∅ the two interpre-
tations abcd and abe are sufficiently alike to be considered
almost equally risky: the marginal surprise that abcd car-
ries over abe is not big enough to be considered significant,
so that the final decision ends up choosing abcd as carrying
the least amount of risk. By contrast, when ∅ is present as
an option (see Table 2) the situation is markedly different, as
the relative surprise of actually ending up with abcd or abe
becomes much more significant.
The type of scenario depicted in Example 2 is reminiscent
of deviations from the principle of independence from irrel-
evant alternatives signaled in the rational choice literature
(Sen 1993), and immediately points toward a salient feature
of the relative surprise operator we have introduced: it is not
guaranteed to satisfy postulates R2, R5 and R6. Indeed, for
φ and µ from Example 2 we have that [φ ◦sH,max µ] =
{abe}, despite the fact that [φ ∧ µ] = {∅, abcd}, which
speaks to postulate R2. Since φ ◦sH,max µ coincides, in this
case, with φ◦dH,maxµ, and ◦dH,max is already known not to
satisfy postulate R2, this is perhaps not surprising, but simi-
lar reasoning shows that φ ◦sH,max µ does not satisfy postu-
lates R7 and R8 either. And [φ ◦sH,max (µ ∧ ν)] = {abcd},
despite the fact that [(φ ◦sH,max µ) ∧ ν] = {abe}, which
speaks to postulates R5 and R6. More to the point, the rank-
ing on interpretations that is generated by the surprise mea-
sure s+ H varies with µ, to the extent that narrowing down



the new information, as in Example 2, can lead to inver-
sions between the relative ranking of two interpretations. At
the same time, the ranking plainly depends on nothing more
than φ and µ, such that the result of revision is invariant to
the syntax of the prior and new information. Additionally,
◦sH,max selects the result from the models of µ, and is guar-
anteed to output something as long as µ is consistent. We
summarize these observations in the following proposition.
Proposition 1. The operator ◦sH,max satisfies postulates
R1, R3 and R4, but not R2, R5, R6, R7 and R8.
One detail worth mentioning is that when φ is complete all
operators presented so far coincide.
Proposition 2. For any complete formula φv , φ◦dH,minµ ≡
φ◦dH,max ≡ φ ◦sH,max µ, for any formula µ.

Proof. For complete φv it is only the relative ranking of in-
terpretations with respect to v that matters, and this is the
same for all three operators.

Proposition 1 shows that the ◦sH,max operator does not
fit neatly into the standard revision framework. However,
since, we have argued, ◦sH,max formalizes an appealing in-
tuition, it will be useful to unearth the general rules under-
pinning it: our goal, now, is to find a set of normative prin-
ciples strong enough to characterize ◦sH,max. A set of such
principles is offered in Section 6, but, since ◦sH,max can be
seen as a more involved min-max operator, we set the scene
by first characterizing ◦dH,max. And to set the scene for
◦dH,max, we first characterize the Dalal operator.

4 Characterizing the Dalal Operator
In this section we present a set of postulates that characterize
the Dalal operator ◦dH,min. Apart from being of indepen-
dent interest, this section presents, in the familiar setting of
a known operator, the main intuitions and techniques used
in subsequent sections. We start by introducing some addi-
tional new notions.

A renaming r of A is a bijective function r : A → A.
If φ is a propositional formula, the renaming r(φ) of φ is
a formula r(φ) whose atoms are replaced according to r.
On the semantic side, if w is an interpretation and r is a
renaming of A, the renaming r(w) of w is an interpretation
obtained by replacing every atom p in w with r(p). If W is
a set of interpretations, the renaming r(W) of W is defined
as r(W) = {r(w) | w ∈ W}, i.e., the set of interpretations
whose elements are the renamed interpretations in W .

A flip function f : 2A ×L → L is a function that takes as
input a set v ⊆ A of atoms (equivalently, v can be thought
of as an interpretation) and a propositional formula φ, and
returns a propositional formula fv(φ) that is just like φ ex-
cept that all the atoms from v that appear in φ are flipped,
i.e., replaced with their negations. Overloading notation, a
flip function applied to interpretations v and w returns an in-
terpretation fv(w) in which all the atoms from v that appear
in w are flipped, i.e., fv(w) = {p ∈ A | p ∈ w and p /∈
v, or p ∈ v and p /∈ w}. It is straightforward to see
that fv(w) = w△v. If W is a set of interpretations, then
fv(W) = {fv(w) | w ∈ W}, i.e., the set of interpretations
obtained by flipping every atom in v.

Example 3. For the set A = {a, b, c} of atoms, consider
a formula φ = a ∧ ¬c, with [φ] = {a, ab}, and a re-
naming r such that r(a) = b, r(b) = c and r(c) = a.
We obtain that r(φ) = r(a) ∧ ¬r(c) = b ∧ ¬a, with
[r(φ)] = {b, bc} = {r(a), r(ab)}. Flipping atoms b and c,
we have that fbc(φ) = a∧¬(¬c), with [fbc(φ)] = {abc, ac}.
Note that [fbc(φ)] = {fbc(a), fbc(ab)} = {a△bc, ab△bc}.

In Example 3 it holds that: (i) [r(φ)] = r([φ]), (ii)
[fw(φ)] = fw([φ]) and (iii) [fw(φ)] = {v△w | v ∈ [φ]},
and we note here that all these equalities hold generally (for
(ii) see, for instance, Exercise 2.28 in (Goldrei 2005)). Their
relevance will become apparent shortly.

To characterize the Dalal operator ◦dH,min we introduce
a set of new postulates, starting with Neutrality RN:

(RN) If φ is complete, then r(φ ◦ µ) ≡ r(φ) ◦ r(µ).
Postulate RN states that revision is invariant under renaming
atoms and hence neutral in that the specific labels for the
atoms do not matter towards the final result. This postulate
is inspired by similar ideas in social choice and has appeared
before in belief change contexts (Herzig and Rifi 1999;
Marquis and Schwind 2014; Haret and Woltran 2019).

The next postulate concerns the effect of flipping the same
atoms in both φ and µ, and is called, appropriately, the Flip-
ping postulate RF:

(RF) If φ is complete, then fv(φ ◦ µ) = fv(φ) ◦ fv(µ).
An additional constraint, the Addition postulate RA, is ob-
tained by considering the effect of adding new atoms that
affect the standing of one interpretation, and is meant to ap-
ply to any formulas φ and µ and set x of new atoms, i.e.,
such that none of the atoms in x appears in either φ or µ:

(RA) If φ is complete and (φ ◦ µw1,w2
) ∧ µw1

is consistent,
then φ ◦ µw1,w2∪x ≡ µw1

.

Postulate RA is best understood through a choice perspec-
tive: if w1 is chosen by φ over w2 when the choice is
[µw1,w2

] = {w1, w2}, then adding extra new atoms x to
w2, (and, thereby, increasing the distance to φ) ensures that
w2 ∪ x is not chosen when the choice is [µw1,w2∪x] =
{w1, w2 ∪ x}. In all of these postulates the prior belief φ
is assumed to be complete: this is not essential for the char-
acterization of the Dalal operator, but makes life easier in
the characterization of the surprise minimization operator,
in Section 6.

The next postulate involves a mix of flips and we ease into
it by introducing an intermediary notion. The best-of-best
formula βφ,µ with respect to φ and µ is defined as:

βφ,µ = ε ◦
( ∨

v∈[φ]

fv(µ)
)
,

i.e., as the result of revising the null formula ε (recall that
[ε] = {∅}) by a disjunction made up of multiple versions of
µ, where each such version is obtained by flipping the atoms
in a model v of φ. Intuitively, the intention is to recreate
the table of Hamming distances (e.g., Table 1) without us-
ing numbers: recall that [fv(µ)] = fv([µ]) and fv(w) =
w△v and thus, semantically, we have that [

∨
v∈[φ] fv(µ)] =



{wi△vj | wi ∈ [µ], vj ∈ [φ]}. In other words, we are cre-
ating a scenario in which ε has to choose between interpre-
tations obtained as the symmetric difference of the elements
of [φ] and [µ]. The result we are working towards, yet to
be proven, is that an element of [

∨
v∈[φ] fv(µ)] chosen by

ε, i.e., an interpretation wi△vj ∈ [βφ,µ], corresponds to an
interpretation wi ∈ [µ] that minimizes the overall Hamming
distance to φ, and is thus among the best of the best interpre-
tations in this revision scenario. The role of the Best-of-Best
postulate RBOB, then, is to recover the models of µ from the
models of βφ,µ:

(RBOB) φ ◦ µ ≡
(∨

v∈[φ] fv(βφ,µ)

)
∧ µ.

Postulate RBOB stipulates that the result of revising φ by µ
consists of those interpretations of µ that come out of flip-
ping βφ,µ by each model of φ, in this way reversing the ini-
tial flips that delivered the revision formula posed to ε.

What is the significance of the null formula ε in βφ,µ?
We want to reduce arbitrary revision tasks to a common de-
nominator, a base case in which the result of revision can be
decided without explicit appeal to distances (i.e., numbers),
and only by appeal to desirable normative principles, such
as the postulates laid out above. The case when the prior be-
lief is ε turns out to be well suited for this task, since, as we
show next, postulates R1, R3-R6, RN and RA guarantee that
ε always selects the interpretations with minimal cardinality.
Lemma 1. If a revision operator ◦ satisfies postulates R1,
R3-R6, RN and RA, then, for any formula µ, it holds that
[ε ◦ µ] = argminw∈[µ]|w|.

Proof. (“⊆”) Suppose, first, that w1 ∈ [ε ◦ µ] and there is
w2 ∈ [µ] such that |w1| > |w2|. Using postulate R5 we
obtain that w1 ∈ [φ◦µw1,w2 ]. We now show that this leads to
a contradiction, and we do this using the Neutrality postulate
RN: however, we would like to apply RN to interpretations
of equal size. Towards this, take a set x of new atoms (i.e.,
that do not occur in either φ or µ), with |x| = |w1| − |w2|,
and add x to w2 to form w′

2 = w2 ∪ x. We have that |w′
2| =

|w2|+(|w1| − |w2|) = |w1|, i.e., w1 and w′
2 are of the same

size, which implies that |w1 \ w′
2| = |w′

2 \ w1|. Applying
the addition postulate RA, we obtain that w′

2 /∈ [ε ◦µw1,w′2].
Consider, now, a renaming r that swaps atoms in w1 \

w′
2 with atoms in w′

2 \ w1, made possible by the fact that
w1 \ w′

2 and w′
2 \ w1 are of the same size. This implies

that r(w1) = w′
2 and r(w′

2) = w1 and thus r([µw1,w′
2
]) =

r({w1, w
′
2}) = {r(w1), r(w

′
2)} = {w′

2, w1} = [µw1,w′
2
].

Applying the Neutrality postulate RN to ε ◦ µw1,w′
2

with the
renaming r thus defined, and, keeping in mind that [r(ε)] =
[ε], and thus that r(ε) ≡ ε, we obtain that:

{w1} = [ε ◦ µw1,w′
2
] by assumption and A

= [r(ε) ◦ r(µw1,w′
2
)] by def. of r and R4

= [r(ε ◦ µw1,w′
2
))] by N

= r([ε ◦ µw1,w′
2
]) property of r

= r({w1}) by assumption

= {w′
2}.

This implies that w1 = w′
2 but, since w′

2 contains a non-
negative number of atoms that do not appear in w1, this is a
contradiction.

(“⊇”) For the opposite direction, suppose that w1 ∈
argminw∈[µ]|w| but w1 /∈ [ε ◦ µ]. Using postulates R1 and
R3 we have that there is w2 ∈ [φ◦µ] and, with postulate R6

we obtain that [ε ◦ µw1,w2 ] = {w2}. Since |w1| ≤ |w2| we
add to w1 a set x of new atoms, where |x| = |w2| − |w1|,
and denote w′

1 = w1 ∪ x. Applying RA we obtain that
[ε ◦ µw′

1,w2
] = {w2} and, using a renaming r defined,

as in the previous direction, such that r(w2) = w′
1 and

r(w′
1) = w2, and applying RN to r and ε◦µw′

1,w2
, we obtain

that [ε ◦ µw′
1,w2

] = {w′
1}, leading to a contradiction.

Lemma 1 shows that, in the very particular case in which the
prior belief is ε, we can ensure that the result of revision co-
incides with the result delivered by the Dalal operator. The
next move consists in using the Flipping postulate RF to ex-
tend this fact to complete formulas.

Lemma 2. If a revision operator ◦ satisfies postulates
R1, R3-R6, RN, RA and RF, then, for any formula µ
and complete formula φv , it holds that [φv ◦ µ] =
argminw∈[µ]dH(v, w).

Proof. By postulate RF it holds that fv(φv ◦ µ) ≡ fv(φv) ◦
fv(µ). Note, now, that [fv(φv)] = {v△v} = {∅}, and thus
fv(φv) ≡ ε, while [fv(µ)] = {w△v | w ∈ [µ]}. By Lemma
1, it holds that [ε ◦ fv(µ)] = minw△v∈[fv(µ)] |w△v| and,
since dH(v, w) = |w△v|, we derive the conclusion.

Lemma 2 shows that it is not just the formula ε that makes
choices consistent with the Dalal operator, but any complete
formula φv . The intuition driving Lemma 2 is that the sit-
uation where v chooses between w1 and w2 is equivalent,
through the Flipping postulate RF, to a scenario where ∅
chooses between w1△v and w2△v: and we know that in this
situation postulates RN and RA guide ∅ to choose the inter-
pretation wi△v of minimal cardinality, which corresponds
to wi being at minimal Hamming distance to v.

The next step involves pushing this intuition even further,
to the case of any propositional formula φ. As anticipated,
the Best-of-Best postulate RBOB is the postulate that facili-
tates this move, and the proof goes through the intermediary
obervation that the best-of-best formula βφ,µ selects inter-
pretations corresponding to the desired redult.

Lemma 3. If ◦ is a revision operator that satisfies postulates
R1, R3-R6 R4, RN, RA and RF then, for any formulas φ and
µ and interpretations w and v, it holds that w△v ∈ [βφ,µ]
if and only if w ∈ argminw∈[µ] minv∈[φ] dH(v, w).

Proof. By Lemma 1, [βφ,µ] chooses exactly those interpre-
tations wi△vj , for wi ∈ [µ] and vj ∈ [φ], that are of min-
imal cardinality. Since |wi△vj | = dH(wi, vj), the conclu-
sion follows immediately.

By Lemma 3, the result of the Dalal operator ◦dH,min ap-
plied to φ and µ consists of those interpretations w ∈ [µ]
such that w△v ∈ [βφ,µ], for some v ∈ [φ]. The Best-of-
Best postulate RBOB instructs us that these are exactly the
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Figure 1: By flipping the atoms of v ∈ [φ] in a model w of
µ we get an interpretation w△v whose size corresponds to the
Hamming distance between v and w, i.e., |v△w| = dH(v, w) =
dH(∅, v△w) = dH(∅, fv(w)). In this way, flipped models that
get chosen by ε corresponds to models of µ that minimize overall
Hamming distance to φ.

models of µ that should be chosen by an operator ◦, and
provides the final piece in the sought after characterization.
Theorem 1. A revision operator ◦ satisfies postulates R1,
R3-R6, RN, RA, RF and RBOB if and only if ◦ ≡ ◦dH,min.

Proof. For one direction, we take as known that the Dalal
operator ◦dH,min satisfies postulates R1, R3−6 (Katsuno and
Mendelzon 1992) and RN (Haret and Woltran 2019). For
postulate RN, given Lemma 3, satisfaction of postulates RN,
RA, RF and RBOB follows straightforwardly.

For the other direction, we have to show that if
◦ satisfies all the stated postulates, then [φ ◦ µ] =
argminw∈[µ] minv∈[φ] dH(v, w), for any formulas φ and µ.
Lemma 3 already gives us that βφ,µ selects those inter-
pretations wi△vj for which dH(wi, vj) is minimal among
the set {w△v | w ∈ [µ], v ∈ [φ]} of symmetric dif-
ferences between models of φ and of µ. This means that
if wi ∈ argminw∈[µ] minv∈[φ] dH(v, w), then wi△vj ∈
[βφ,µ], for some vj ∈ [φ], and hence (wi△vj)△vj = wi ∈
[fvj (βφ,µ)], i.e., if wi is selected by the Dalal operator then
it shows up in [(

∨
v∈[φ] fv(βφ,µ)) ∧ µ]. Conversely, sup-

pose there is an interpretation wi ∈ [(
∨

v∈[φ] fv(βφ,µ)) ∧ µ]

that is not at minimal distance to φ. This means that wi =
(wj△vk)△vl, where wj ∈ [µ] corresponds to a model of µ
that is at minimal Hamming distance to φ and vk, vl ∈ [φ].
We infer from this that wi△vl = ((wj△vk)△vl)△vl =
wj△vk, and thus |wi△vl| = |wj△vk|. But this contradicts
the assumed minimality of wj△vk.

Note that postulate R2 is not present in Theorem 1, even
though the Dalal operator satisfies it, as it follows from the
other postulates.

Theorem 1 can be read not just as a characterization of the
Dalal operator, but also as a recipe, or a step-by-step argu-
ment, for constructing φ ◦ µ from a set of simpler problems,
in a srquence of steps guided by the transformations inher-
ent in postulates RN, RA, RF and RBOB. The form such an
argument could take is illustrated in the following example.
Example 4. Consider formulas [φ] = {a, b} and [µ] =
{ac, abc} and note, first, that [φ ◦dH,min µ] = {ac}, as ac
minimizes overall distance to φ via dH(a, ac) = 1. Assume,
however, that we are given a revision operator ◦ that is not

defined using distances, but is presented only as satisfying
postulates R1, R3−6, RN, RA, RF and RBOB. An agent re-
vising according to ◦ can use the postulates to work its way
toward [φ ◦dH,min µ] without knowing anything about dis-
tances. This can be done by, first, splitting the problem into
two revision problems, one for each model of φ: φa ◦ µ and
φb ◦ µ, where [φa] = {a} and [φb] = {b}. The next step
consists in reducing both problems to the common denomi-
nator of revising with prior belief ε, where [ε] = {∅}. This is
done by flipping a and b, respectively, in the two problems,
to obtain the revision scenarios ε◦fa(µ) and ε◦fb(µ), with
[fa(µ)] = {fa(ac), fa(abc)} = {ac△a, abc△a} = {c, bc}
and, likewise, [fb(µ)] = {abc, ac} (see Figure 1). This move
preserves Hamming distances in a crucial way: to take one
instance, dH(a, ac) = 1, where a ∈ [φ] and ac ∈ [µ], coin-
cides with the Hamming distance between ∅ and fa(ac) = c,
and this distance coincides with the number of atoms in
fa(ac) = c. The operator ◦, of course, knows nothing of
this: it performs these transformations solely because pos-
tulate RBOB warrants them. Thus, in the next step ε chooses
among the models obtained from the successive flips of µ,
i.e., it solves the revision problem ε ◦ (fa(µ) ∨ fb(µ)). Pos-
tulates R1, R3-R6, RN and RA, via the argument in Lemma
1, dictate that ε chooses the interpretation of minimal cardi-
nality, such that [βφ,µ] = [ε ◦ (fa(µ) ∨ fb(µ))] = {c}. The
result obtained, i.e., interpretation c, is the result of flipping
the atom a in the interpretation ac ∈ [µ]: to recover ac from
c, we ‘reverse’ the original flips: one flip by a and one by b,
to get [fa(βφ,µ) ∨ fb(βφ,µ)] = {ac, bc}. By postulate RBOB,
we have that [φ◦µ] = [fa(βφ,µ)∨fb(βφ,µ)∧µ] = {ac}, i.e.,
exactly the result produced by the Dalal operator ◦dH,min.

5 Characterizing the Hamming Distance
Min-Max Operator

The postulates put forward in Section 4 for characteriz-
ing the Dalal operator prove their worth in an additional
sense, as they can be put to use, with minimal modifications,
in characterizing the Hamming distance min-max operator
◦dH,max. This is the topic of the current section.

Of the newly proposed postulates, the Neutrality, Addi-
tion and Flipping postulates (RN, RA and RF, respectively)
can be used as stated in Section 4, while the Best-of-Best
postulate RBOB has to be modified. Intuitively, this makes
sense: postulates RN, RA and RF are used in regulating what
happens when the prior information is a complete formula
φv (alternatively, for what happens in the ranking that corre-
sponds to the v-column in the table of distances, e.g., Table
1), in which case, as per Proposition 2, all operators pre-
sented here coincide, whereas postulate RBOB instructs us
how to choose when the prior information consists of more
than one model (alternatively, across different columns of
the table of distances). Correspondingly, postulate RBOB en-
codes the constraint that revision should pick the best of the
best models across all of the φv’s, for v ∈ [φ], but this is
not the rule that defines operator ◦dH,max. For ◦dH,max we
need a principle that mandates picking the best of the worst
models across the φv’s. The key fact allowing us to do this
relies on a certain duality specific to the Hamming distance



that will guide us in designing an appropriate postulate for
◦dH,max, and which is summarized in the following result.
Recall that A is the set of all atoms.
Lemma 4. If v and w are interpretations and |A| = n, then
dH(v, w) = n− dH(A \ v, w).
Intuitively, Lemma 4 implies that the further away w is from
v (in terms of Hamming distance), the closer w is to A \ v.
In particular, we can infer that:

dH(v, w) = dH(∅, |v△w|)
= dH(∅, fv(w))
= n− dH(A, fv(w)). (1)

Hence, w ∈ [µ] is among the models of µ at maximal Ham-
ming distance to v if and only if fv(w) is, among the mod-
els of fv(µ), the closest to A, or, more intuitively, the worst
model of µ according to v is the best model of fv(µ) ac-
cording to α, where [α] = A. We can thus define the best-
of-worst formula γφ,µ with respect to φ and µ as:

γφ,µ = ε ◦
( ∨

v∈[φ]

(
α ◦ fv(µ)

))
,

i.e., as the result of revising the null formula ε by a dis-
junction made up of the results obtained from a sequence of
revisions of the full formula α. In this sequence α is revised,
in turn, by fv(µ), for every model v ∈ [φ].

Thus, similarly as for βφ,µ from Section 4, γφ,µ simulates
the process of going through the table of Hamming distances
(e.g., Table 1), except that in this case we are interested in (i)
selecting the worst elements according to each φv , for v ∈
[φ], an operation reflected by the revision α◦fv(µ), and (ii)
selecting the best among these worst elements, an operation
reflected by submitting the results obtained previously to ε
for an additional round of revision. A bespoke postulate,
called the Best-of-Worst postulate RBOW, recovers the models
of µ from the models of γφ,µ:

(RBOW) φ ◦ µ ≡
(∨

v∈[φ] fv(γφ,µ)

)
∧ µ.

Postulate RBOW stipulates that the result of revising φ by µ
consists of those models of µ that come out of flipping γφ,µ

by each model of φ, in this way reversing the initial flips that
delivered the revision formula posed to ε.

The proof that the postulates put forward actually char-
acterize the ◦dH,max operator hinges on γφ,µ selecting in-
terpretations corresponding to models w of µ that minimize
maximal Hamming distance to φ.
Lemma 5. If ◦ is a revision operator that satisfies postulates
R1, R3-R6, RN, RA, RF and RBOW, then, for any formulas φ
and µ and interpretations w and v, it holds that w△v ∈
[γφ,µ] if and only if w ∈ argminw∈[µ] maxv∈[φ] dH(v, w).

Proof. Using postulates RN, RA and RF we can prove that α
selects the models of µ that minimize Hamming distance to
A, in a way completely analogous to Lemmas 1 and Lemma
2. Thus, using Equality 1, α ◦ fv(µ) selects interpretations
w△v such that dH(v, w) = maxw′∈[µ] dH(v, w

′). Then,
using Lemma 1, we obtain that γφ,µ selects interpretations
w△v where w minimizes max-distance to φ.
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Figure 2: To get the best of the worst models of µ according to
a and b we got through two rounds of revision: first, flip µ by a
and by b. The results of α ◦ fa(µ) and β◦fb(µ) correspond to the
models of µ at maximal distance to a and b, respectively. This
result is further refined by passing it to ε for revision.

With Lemma 5 the characterization of ◦dH,max follows im-
mediately.

Theorem 2. If ◦ is a revision operator, then ◦ satisfies pos-
tulates R1, R3-R6, RN, RA, RF and RBOW iff ◦ ≡ ◦dH,max.

The proof is similar, in its essentials, to the proof of The-
orem 1 and is therefore omitted. The following example,
however, illustrates how the mechanism works on a concrete
case.

Example 5. Consider formulas [φ] = {a, b} and [µ] =
{ac, abc}, as in Example 4, over the set A = {a, b, c}
of atoms. Using the ◦dH,max operator we obtain that
[φ ◦dH,max µ] = {abc}, but we can show that a (puta-
tively different) revision operator ◦ known only to satisfy the
stated postulates arrives at the same conclusion. It does so
by first figuring out, using postulates R1, R3-R6, RN, RA,
RF that [α ◦ fa(µ)] = {bc} and [α ◦ fb(µ)] = {abc},
with α, in this case, such that [α] = {abc} (see Figure
2 for an illustration). At this point, we have obtained the
(flipped versions of) the models of µ at maximal Hamming
distance to a and b, respectively. FOllowing this, we get that
[γφ,µ = [ε ◦

(
(α ◦ fa(µ)) ∨ (α ◦ fb(µ))

)
] = {bc}, where bc

was obtained from abc by flipping a. Postulate BOW then be
recovers abc through an extra flip of a.

6 Characterizing the Hamming Surprise
Min-Max Operator

Finally, we return to the operator ◦sH,max and, using the
wisdom gained in Section 4 and 5, provide it with an ax-
iomatic foundation. In doing so we pursue that same strat-
egy as in the previous sections: (i) establish, axiomatically,
what the revision result should be in the ‘base’ case in which
the prior belief is of a simple type, which can be decided by
appeal to an argument using appealing notions of symmetry;
(ii) reduce, axiomatically, an arbitrary instance φ ◦ µ of re-
vision to the base case, in a manner that preserves the result
of ◦sH,max on the given instance.

The base case for this section consists, as for the ◦dH,max

operator, of revision when prior information is either ε or
α, and we want to make sure we employ a set of postulates



that deliver the expected result: since ◦sH,max behaves ex-
actly like the Dalal and ◦dH,max operators when prior infor-
mation is complete, postulates RN, RA and RF can be used
without modification (the assumption of completeness made
in Section 4 pays off here). We can also use the standard
postulates R1 and R3-R4, which we already know ◦sH,max

satisfies (see Proposition 1). Postulates R5-R6 are, however,
problematic, since ◦sH,max does not satisfy them in their
unrestricted form (also Proposition 1). However, the equiva-
lence of ◦sH,max with the Dalal and ◦dH,max operators when
prior information is complete means that we can use postu-
lates R5 and R6, restricted to the case when φ is complete.
The restrictions are denoted Rc

5 and Rc
6, respectively.

The next step involves engineering a choice situation fo-
cused on α and ε that is equivalent, in terms of what gets
chosen, to the mechanics of ◦sH,max. This is done us-
ing a few intermediary notions, as follows. If φ and µ
are formulas such that [φ] = {v1, . . . , vn}, the adjunc-
tion interpretations x1, . . . , xn are interpretations consist-
ing of completely new atoms such that |xi| = dH(vi, µ).
For vi ∈ [φ], the corrected interpretation v∗i is defined as
v∗i = vi∪ (x1∪ . . . xi−1∪xi+1∪· · ·∪xn), i.e., as the result
of adding to vi all the adjunction interpretations, except xi.
Then, the best-surprise formula σφ,µ with respect to φ and
µ is defined as:

σφ,µ = ε ◦
( ∨

vi∈[φ]

(
α ◦ fv∗

i
(µ)

))
.

In words, inside the main parenthesis we repeatedly revise
α by a flipped version of µ: one revision for every model vi
of φ, flipping µ by the atoms in the corrected interpretation
v∗i . The disjunction of all these revisions is then passed on
to α for another round of revision.

The reasoning behind this definition is that it recasts the
surprise min-max revision scenario for [φ] = {v1, . . . , vn}
and µ into a min-max distance revision scenario for [φ∗] =
{v∗, . . . , v∗n} and µ (which we know how to axiomatize from
Section 5), while keeping the relative ranking of the models
of µ intact. The following result makes this precise.

Lemma 6. If φ and µ are propositional formulas, vi, vk ∈
[φ] and wj , wℓ ∈ [µ], then sµH(vi, wj) ≤ sµH(vk, wℓ) iff
dH(v

∗
i , wj) ≤ dH(v

∗
j , wℓ).

Proof. Take [φ] = {v1, . . . , vn}, and mi = dH(vi, µ), for
vi ∈ [µ]. We have that:

sµH(vi, wj) ≤ sµH(vk, wℓ) iff
dH(vi, wj)−mi ≤ dH(vk, wℓ)−mk.

We now add
∑

1≤r≤n mr on both sides, to get an equiva-
lence with dH(vi, wj) +

∑
1≤r≤n,r ̸=i mr ≤ dH(vk, wℓ) +∑

1≤r≤n,r ̸=k mr. This, in turn, is equivalent to dH(vi ∪
(
⋃

1≤r≤n,r ̸=i xr), wj) ≤ dH(vk ∪ (
⋃

1≤r≤n,r ̸=k xr), wℓ),
which can be rewritten as dH(v∗i , wj) ≤ dH(v

∗
i , wℓ)

Intuitively, the table of Hamming distances for [φ∗] =
{v∗, . . . , v∗n} and µ can be thought of as obtained from the
surprise table for φ and µ (see, e.g., Table 2) by adding a

constant term (i.e.,
∑

1≤r≤n mr) to every entry, a transfor-
mation that does not modify the relationships between the
values: the v∗i are the interpretations that induce the appro-
priate distances. This ensures that the models of σφ,µ, ob-
tained through a min-max distance type of postulate, corre-
spond to models of µ that minimize maximum surprise with
respect to φ and relative to µ, and warrants the following
postulate, called Best-of-Worst-Surpise:

(RBOWS) φ ◦ µ ≡
(∨

v∈[φ] fv∗(σφ,µ)

)
∧ µ.

As expected, the RBOWS postulate delivers exactly those mod-
els of µ that minimize maximum surprise, and underpins the
final characterization result.
Theorem 3. A revision operator ◦ satisfies postulates R1,
R3-R4, Rc

5-Rc
6, RN, RA, RF and RBOWS iff ◦ ≡ ◦sH,max.

The following example illustrates the way in which postulate
RBOWS obtains the revision result.
Example 6. Consider, again, formulas [φ] = {a, b} and
[µ] = {ac, abc}. We have that [φ ◦sH,max µ] = {ac, abc}.
Assuming we are working with an operator ◦ of which the
only thing we know is that it satisfies the postulates in The-
orem 3, we notice that dH(a, µ) = 1 and dH(b, µ) = 2. The
postulates then direct us to compute the Hamming distance
min-max result for [φ∗] = {ayz, bx} and µ, with x and yz
as the adjunction interpretations. The result obtained in this
way is exactly {ac, abc}.

7 Conclusion
We have introduced the Hamming surprise min-max opera-
tor ◦sH,max, a revision operator that minimizes surprise rel-
ative to the prior belief as well as the newly acquired in-
formation. We have shown that, even though ◦sH,max does
not satisfy all standard KM revision postulates, it is under-
pinned, in its choice behavior, by principles similar to those
guiding established revision operators, among them appeal-
ing symmetry notions such as invariance under renamings
and flips. When unearthed and formulated as logical pos-
tulates, these principles (or slight variations thereof) turned
out to be powerful enough to fully characterize not just the
surprise operator, but also the existing Dalal and Hamming
distance min-max operator.

One obvious direction for future work lies in taking the
idea of context dependence further: what other aspects
of the environment influence an agent’s plausibility rank-
ings? Things that come to mind are issues of trust, the
‘strangeness’ of the new information, or peer effects. An al-
ternative is to exploit the bottom-up, DIY nature of some of
the postulates presented here in order to construct a frame-
work, similar to that employed in collective decision-making
(Cailloux and Endriss 2016), for offering justifications for
revision results, i.e., human-readable and at the same time
rigorous step-by-step arguments for how to obtain a partic-
ular result, starting from a specific set of postulates. Finally,
the assumptions embedded in the present treatment call for
taking the epistemic stance seriously, and investigating the
relative worth of the various revision operators with respect
to recovering the ground truth.
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