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Abstract

E-variables are nonnegative random variables with expected value at most one un-
der any distribution from a given null hypothesis. Every nonasymptotically valid test
can be obtained by thresholding some e-variable. As such, e-variables arise naturally in
applications in statistics and operations research, and a key open problem is to charac-
terize their form. We provide a complete solution to this problem for hypotheses gener-
ated by constraints—a broad and natural framework that encompasses many hypothesis
classes occurring in practice. Our main result is an abstract representation theorem
that describes all e-variables for any hypothesis defined by an arbitrary collection of
measurable constraints. We instantiate this general theory for three important classes:
hypotheses generated by finitely many constraints, one-sided sub-ψ distributions (includ-
ing sub-Gaussian distributions), and distributions constrained by group symmetries. In
each case, we explicitly characterize all e-variables as well as all admissible e-variables.
Numerous examples are treated, including constraints on moments, quantiles, and con-
ditional value-at-risk (CVaR). Building on these, we prove existence and uniqueness of
optimal e-variables under a large class of expected utility-based objective functions used
for optimal decision making, in particular covering all criteria studied in the e-variable
literature to date.

1 Introduction

Fix a measurable space X and let M1 denote the set of all probability measures on X .
Suppose we observe a random datum X with values in X , and consider the null hypothesis
that the distribution of X belongs to some set of probability measures P ⊂ M1. An e-variable
for P is a nonnegative (possibly infinite) random variable whose expected value under every
distribution in P is at most one. The set of all e-variables for P is denoted by E :

E =

{
all measurable h : X → [0,∞] such that

∫
X
hdµ ≤ 1 for all µ ∈ P

}
.

E-variables have recently been recognized as fundamental objects in a variety of hypothesis
testing and inference problems. A rapidly growing body of work uses e-variables as the
basis for solving a wide range of problems in statistics and operations research, such as
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multiple testing, A/B testing, and sequential anytime-valid inference, just to mention a few.
Some recent papers include Wasserman et al. (2020); Vovk and Wang (2021); Shafer (2021);
Grünwald et al. (2024); several other key references appear later in this paper.

To see why e-variables are fundamentally connected to hypothesis testing, observe that
every e-variable for P yields a nonasymptotic level-α test for P: we reject the null when the
e-variable exceeds 1/α. Markov’s inequality implies that the type-I error of such a test is at
most α. Conversely, it is known that every level-α test for P can be recovered by thresholding
some e-variable at 1/α. Consequently, a description of all e-variables leads to a description
of all valid tests. Further, it is desirable to identify e-variables that lead to powerful tests.
Standard notions of power for e-variables are based on expected utility under an alternative
hypothesis (Shafer, 2021; Grünwald et al., 2024; Larsson et al., 2025), and finding powerful
e-variables amounts to solving optimization problems over the set E . In addition to their
importance for statistical analysis, solutions to these problems serve as input for optimal
decision making.

For these reasons, it is of interest to characterize E . Indeed, a characterization of E is
effectively a characterization of the set of all tests for P. Furthermore, a low-dimensional
parameterization of E simplifies the task of finding optimal e-variables.

In this paper we characterize all e-variables for sets P that are described by constraints.
The constraints we consider can be viewed as generalized moment constraints, meaning that
certain functions of the observed data must have nonpositive expectation. This is a very
natural class, especially in nonparametric settings. For example, it is common to test whether
some functional, such as the mean or variance, lies in some range; this is a constraint. It is
also common to specify classes of distributions whose moments or supports are restricted in
some way; these are also constraints. Thus, the classes P considered in this paper are quite
general, and special cases of such “constrained hypotheses” have been frequently considered
in the literature. Our work characterizes all possible e-variables for such classes, without
restrictions on the constraints (there could be uncountably many, they can be discontinuous
functions, etc.) and without restrictions on the underlying measure space (we do not require
any topological properties such as compactness, closedness, finite dimensionality, etc.). In
a nutshell, our main results show that every e-variable can be expressed in terms of conic
combinations of the constraint functions.

While we will cite papers that study special cases of P in later sections of the paper
that instantiate our general results, we note that the only general attempt to characterize e-
variables for constrained hypotheses appears in a recent work by Clerico (2024). Among our
contributions are greatly generalized versions of the results in that paper. For example, two of
their most important restrictions are that X is a closed subset of Rn and that constraint func-
tions are continuous, both of which we do not need. Their paper has other minor restrictions,
for example they disallow e-variables from taking the value +∞, and they need 0 to be in the
relative interior of the convex hull of the constraints; we avoid these. Their Lemma 4 shows
that these restrictions imply that P must include distributions that put mass on arbitrary
points in X ; our Theorem 3.10 allows imposing a reference measure like Lebesgue. Finally,
and critically, they handle only finitely many constraints. We would also like to highlight the
nonasymptotic nature of our work. This is in contrast to, for example, Romano et al. (2014),
who design asymptotically valid tests for finitely constrained hypotheses.

Lastly, although we frame our results as being about a single observation from the sample
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space X , we haste to emphasize two things. First, this “single observation” could be a finite
or infinite sample, say if X = Rn or X = R∞, and our results still apply. Second, given
an e-variable h(x) for P, the product

∏n
i=1 h(Xi) is an e-variable for any i.i.d. sequence

X1, . . . , Xn sampled from a distribution in P. More generally, it is an e-variable provided
that for all i, the conditional distribution of Xi+1 given X1, . . . , Xi belongs to P. Thus
our results immediately yield explicit e-variables in these settings as well, although we do
not characterize all e-variables in this case. This and other challenging open problems are
discussed in Section 10.

Paper outline. Section 2 formally defines hypotheses generated by constraints, introduces
the mathematical setting needed to analyze them, and presents the main result of this paper,
Theorem 2.2, which gives an abstract description of the set of all e-variables for any hypothesis
generated by constraints. An important role is played by the theory of dual pairs of vector
spaces, and in particular the notion of weak closure; we review these in the appendix.

Sections 3–5 instantiate the abstract theorem for three particular hypothesis classes of
practical interest. In Section 3, hypotheses generated by finitely many constraints are con-
sidered. The main results are Theorem 3.1 and Corollary 3.3, and several special cases are
discussed thereafter. Section 4 tackles an important and general class of distributions gener-
ated by uncountably many constraints, that of one-sided sub-ψ distributions, which includes
the well-studied sub-Gaussian case. The main result is Theorem 4.3. Section 5 is devoted
to another nontrivial and general class of distributions, those that are constrained to remain
invariant under a group of symmetries (such as exchangeable distributions). The main results
are Theorems 5.5 and 5.6.

Up to this point in the paper, the focus is on obtaining explicit descriptions of the set
of all e-variables for a given hypothesis. However, in statistical applications one wishes to
work with admissible e-variables whenever possible. This is the topic of Section 6, where
minimal complete classes of (admissible) e-variables are introduced. It is shown that such
classes do not exist in general, but do exist in the setting of this paper under mild additional
assumptions. The main result is Theorem 6.5.

Section 7 tackles the problem of finding optimal e-variables for finitely generated and sub-
ψ hypotheses. For a general class of objective functions, existence of optimizers is established
in Theorems 7.3 and 7.4, and a simple uniqueness criterion is provided in Theorem 7.6.
These results cover all objective functions studied in the e-variable literature to date, as well
as criteria such as the continuous variational preferences of Maccheroni et al. (2006). The
results in this section depend crucially on the representation theorems developed earlier.

The last part of the paper contains further discussion and amplifications. Section 8 stud-
ies hypotheses that are unions of hypotheses generated by constraints. A nontrivial example
involving conditional value-at-risk (CVaR) illustrates its utility. Section 9 considers hypothe-
ses with a relaxed integrability condition. It is shown that for finitely generated hypotheses,
this relaxation makes no difference to the set of associated e-variables, but leaves an open
question in the infinite case. Section 10 concludes with a discussion of further open problems.
Appendix A contains some basic results from topology and functional analysis that are used
in the paper, for example providing background for our convergence results that rely on nets
instead of sequences, and reviewing a key bipolar theorem that underlies our main results.
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Notation. We denote by L and M the space of all real-valued measurable functions and
finite signed measures, respectively, on our measurable space X . We write |µ| for the total
variation measure of any µ ∈ M. Given a subset P ⊂ M1 (the probability measures on X ),
we say that a measurable set A ⊂ X is P-negligible if µ(A) = 0 for all µ ∈ P. A pointwise
property of a function f ∈ L holds P-quasi-surely, abbreviated P-q.s., if the set where it fails
is P-negligible. A function f ∈ L is called a P-version of another function g ∈ L if f = g,
P-q.s. For subsets A,B of a vector space, we write A− B = {a− b : a ∈ A, b ∈ B}. The set
of natural numbers is N = {1, 2, . . .}.

2 Hypotheses generated by constraints

Definition 2.1. A constraint set is any nonempty set of functions Φ ⊂ L. The elements of
Φ are called constraint functions. The hypothesis generated by Φ is the (possibly empty) set
P of probability measures given by

P =

{
µ ∈ M1 :

∫
X
|f |dµ <∞ and

∫
X
fdµ ≤ 0 for all f ∈ Φ

}
. (2.1)

Although the hypothesis P is defined through inequality constraints, it is easy to encode
equality constraints by letting Φ contain both f and −f . Given a constraint set Φ and the
hypothesis P that it generates, we define the vector spaces

LΦ =

{
f ∈ L :

∫
X
|f |dµ <∞ for all µ ∈ P

}
,

MΦ =

{
µ ∈ M :

∫
X
|f |d|µ| <∞ for all f ∈ LΦ

}
.

These spaces serve as a useful arena for our theory because LΦ contains all bounded measur-
able functions, all constraint functions, and all (finite) e-variables. Moreover, MΦ contains
the hypothesis P and all Dirac measures, and its elements integrate all the functions in LΦ

by construction. It is also convenient to introduce the quasi-surely positive cone,

LΦ
p = {f ∈ LΦ : f ≥ 0, P-q.s.},

with subscript “p” for “positive”, as well as the set of functions in LΦ that are nonnegative
everywhere,

LΦ
+ = {f ∈ LΦ : f ≥ 0}.

These two sets are different in general. Finally, we define

C = cone(Φ)− LΦ
p . (2.2)

This is the convex cone consisting of all functions that are quasi-surely dominated by a conic
combination of constraint functions. In symbols, C consists of all f = g− h with g ∈ cone(Φ)
and h ∈ LΦ

p , or equivalently, f ≤ g, P-q.s. Note that cone(Φ) denotes the set of all (finite)
conic combinations of elements of Φ, and as such is convex.

The elements of C have nonpositive expectation under every measure in P. The following
result shows that the weak closure of C actually consists of all functions in LΦ with this
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property. This immediately leads to a description of the set of all e-variables for P. Here the
weak closure refers to the topology σ(LΦ,MΦ) induced by the dual pairing ⟨f, µ⟩ =

∫
X fdµ;

see Appendix A.2.

Theorem 2.2. (i) A function f ∈ LΦ satisfies
∫
X fdµ ≤ 0 for all µ ∈ P if and only if f

belongs to C, the weak closure of C.

(ii) In particular, the set E of all e-variables for P consists precisely of those [0,∞]-valued
measurable functions that are P-q.s. equal to 1 + f for some f ∈ C.

Proof. Let us first confirm that the bilinear form ⟨f, µ⟩ =
∫
X fdµ separates points. Indeed, if

µ ∈ MΦ is fixed and ⟨f, µ⟩ = 0 for all f ∈ LΦ, then by taking f = 1A for any measurable set
A ⊂ X , we see that µ = 0. If instead f ∈ LΦ is fixed and ⟨f, µ⟩ = 0 for all µ ∈ MΦ, we may
take µ = δx for any x ∈ X to see that f = 0. With this out of the way we may proceed with
the proof of the theorem.

(i): The bipolar theorem states that C◦◦ = C; see Theorem A.2. This is actually the
desired conclusion because, as we show next,

C◦◦ =

{
f ∈ LΦ :

∫
X
fdµ ≤ 0 for all µ ∈ P

}
.

This representation of C◦◦ follows directly from the identity C◦ = R+P, which we now prove.
(Here R+P refers to the set of nonnegative multiples of elements of P.) For the forward
inclusion, consider an element µ ∈ C◦. Since −1A ∈ C for every measurable set A we have
µ ∈ M+, and since Φ ⊂ C we have

∫
X fdµ ≤ 0 for all f ∈ Φ. Thus µ is a nonnegative multiple

of an element of P. Conversely, if µ is a nonnegative multiple of an element of P, then for any
function f ∈ C, say f = g − h with g ∈ cone(Φ) and h ∈ LΦ

p , we have
∫
X fdµ ≤

∫
X gdµ ≤ 0,

and hence µ ∈ C◦. Thus C◦ = R+P, and the proof is complete.
(ii): Since every e-variable is P-q.s. equal to a finite e-variable, and since LΦ contains all

finite e-variables, the claim is immediate from (i).

Remark 2.3. Although Φ is assumed to be nonempty, P may be empty, and Theorem 2.2 still
applies. In this case, LΦ is the set L of all measurable functions f . The condition

∫
X fdµ ≤ 0

for all µ ∈ P is vacuously satisfied by every such f , so the theorem states that C equals all
of L. This can also be seen directly: if P = ∅ then every measurable set A ⊂ X is negligible,
thus LΦ

p = LΦ = L, and C = cone(Φ)− LΦ
p = L (recall that Φ is nonempty).

Remark 2.4. A hypothesis generated by constraints will not admit a reference measure in
general. However, if a desired reference measure µ̄ is given, one can ensure that every µ ∈ P
satisfies µ≪ µ̄ simply by augmenting Φ with all functions 1A where A is a µ̄-nullset. At the
end of Section 3 we discuss this construction in the context of finitely generated hypotheses,
see especially Theorem 3.10.

For later use we record the following basic property of the quasi-surely positive cone.

Lemma 2.5. LΦ
p is weakly closed.

Proof. We claim that

LΦ
p =

{
f ∈ LΦ :

∫
X
fdµ ≥ 0 for all µ ∈ MΦ

+ with µ≪ P
}
, (2.3)
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where MΦ
+ is the set of nonnegative elements of MΦ, and µ ≪ P means that µ(A) = 0 for

every P-negligible set A. The forward inclusion “⊂” is clear. For the reverse inclusion “⊃”,
consider some f /∈ LΦ

p . Then the set A0 = {f < 0} is not P-negligible, and hence ν(A0) > 0

for some ν ∈ P. Define µ = ν( · ∩A0). Then µ belongs to MΦ
+ and µ≪ P (indeed, µ≪ ν).

But
∫
X fdµ < 0, so f does not belong to the right-hand side of (2.3). This establishes (2.3)

and shows that LΦ
p is an intersection of sets of the form {f ∈ LΦ :

∫
X fdµ ≥ 0}. Since

f 7→
∫
X fdµ is weakly continuous, all these sets are weakly closed, and thus so is LΦ

p .

3 Finitely generated hypotheses

Consider a finite nonempty constraint set,

Φ = {g1, . . . , gd},

and let P be the hypothesis generated by Φ. The constraint functions must be real-valued
and measurable, but can otherwise be completely arbitrary.

Theorem 3.1. A function f ∈ LΦ satisfies
∫
X fdµ ≤ 0 for all µ ∈ P if and only if

f ≤
d∑
i=1

πigi, P-q.s.

for some π = (π1, . . . , πd) ∈ Rd+. In particular, the set E of all e-variables for P consists
precisely of those [0,∞]-valued measurable functions which are P-q.s. dominated by

1 +
d∑
i=1

πigi

for some π = (π1, . . . , πd) ∈ Rd+.

Before giving the proof, we introduce some terminology. The support of a vector ρ ∈ Rd+ is
the set supp(ρ) = {i : ρi > 0}. An index set I ⊂ {1, . . . , d} is called redundant if there exists
some nonzero ρ ∈ Rd+ with supp(ρ) ⊂ I such that

∑d
i=1 ρigi = 0, P-q.s. Note in particular

that the empty set I = ∅ is not redundant. Note also that the set of vectors whose supports
are not redundant,

K =
{
π ∈ Rd+ : supp(π) is not redundant

}
, (3.1)

is closed. Indeed, if πn ∈ K converges to some π ∈ Rd+, then supp(π) ⊂ supp(πn) for all
sufficiently large n. Since the latter are not redundant, neither is the former, so π ∈ K.
Finally, recall the set C = cone(Φ)− LΦ

p introduced in (2.2).

Lemma 3.2. Every g′ ∈ cone(Φ) has a P-version g =
∑d

i=1 πigi for some π ∈ K. Thus
every f ∈ C is of the form f = g − h with g =

∑d
i=1 πigi for some π ∈ K and h ∈ LΦ

p .

Proof. Consider any g′ =
∑d

i=1 π
′
igi ∈ cone(Φ) with π′ ∈ Rd+. To see that g′ has a P-version

g =
∑d

i=1 πigi for some π ∈ K, suppose π′ does not already belong to K, meaning that
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supp(π′) is redundant. Let ρ ∈ Rd+ be as in the definition of redundant. Then there exists
ε > 0 such that π′′ = π′ − ερ belongs to Rd+ and satisfies supp(π′′) ⊊ supp(π′). Note that∑

i π
′′
i gi =

∑
i π

′
igi, P-q.s. If supp(π′′) is not redundant, we take π = π′′. Otherwise we

repeat the process, each time reducing the size of the support. Since the empty set is not
redundant, we must eventually reach a representation in terms of a vector π whose support
is not redundant. This proves the first statement of the lemma. For the second statement,
consider any f = g′−h′ ∈ C with g′ ∈ cone(Φ) and h′ ∈ LΦ

p . Let g =
∑d

i=1 πigi be a P-version
of g′ with π ∈ K and note that f = g − h where h = h′ + g − g′ still belongs to LΦ

p .

Proof of Theorem 3.1. We will show that the set C in (2.2) is already weakly closed; the result
then follows from Theorem 2.2. We will prove closedness by showing that the limit of any
convergent net in C is again an element of C. Nets are generalizations of sequences, and are
required for checking closedness in certain topological spaces. For the benefit of readers who do
not work with nets regularly, we review the basic definitions and properties in Appendix A.1.
Readers who are not familiar with nets may replace ‘net’ with ‘sequence’ and ‘α’ with ‘n’
everywhere below without losing any essential ideas. This modification of the proof would
show that C is sequentially closed, but this does not imply closedness in general. For this
reason the actual proof uses nets. We now turn to the details.

Consider a net (fα) in C that converges weakly to some f ∈ LΦ. We must show that
f ∈ C. Thanks to Lemma 3.2, for each α we have fα = gα − hα, where gα =

∑d
i=1 πα,igi for

some πα ∈ K and hα ∈ LΦ
p . We claim that the real-valued net ∥πα∥ = πα,1+ · · ·+πα,d cannot

converge to infinity. Assume for contradiction that it does, and write

d∑
i=1

πα,i
1 + ∥πα∥

gi −
fα

1 + ∥πα∥
=

hα
1 + ∥πα∥

. (3.2)

Since πα/(1 + ∥πα∥) is a bounded net in Rd+, we may pass to a subnet and assume that it
converges to some limit ρ ∈ Rd+, which then satisfies ∥ρ∥ = 1. Each πα/(1+ ∥πα∥) belongs to
the closed set K, so ρ does too. Since the vector space operations are weakly continuous, the
first term on the left-hand side of (3.2) converges weakly to

∑d
i=1 ρigi. Next, for any µ ∈ MΦ

we have ⟨fα, µ⟩ → ⟨f, µ⟩ and hence〈
fα

1 + ∥πα∥
, µ

〉
=

1

1 + ∥πα∥
⟨fα, µ⟩ → 0.

Thus the second term on the left-hand side of (3.2) converges weakly to zero. Overall, the
left-hand side converges to

∑d
i=1 ρigi, and we conclude using Lemma 2.5 that this quantity is

nonnegative, P-q.s. On the other hand, we have∫
X

d∑
i=1

ρigidµ =
d∑
i=1

ρi

∫
X
gidµ ≤ 0

for every µ ∈ P. Thus
∑d

i=1 ρigi = 0, P-q.s., which contradicts the fact that supp(ρ) is not
redundant. We conclude that ∥πα∥ cannot converge to infinity.

Since ∥πα∥ does not converge to infinity, it admits a convergent subnet, which we again
denote by πα. Denote the limit by π ∈ Rd+. It follows that gα converges to g =

∑d
i=1 πigi,
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and then that hα = gα − fα converges to h = g − f . The latter belongs to LΦ
p since this set

is weakly closed thanks to Lemma 2.5. We conclude that f = g − h ∈ C, showing that C is
weekly closed, as required.

An immediate consequence of Theorem 3.1 is the following generalization of a result of
Clerico (2024, Theorem 1). Here an e-variable h is called admissible if whenever another
e-variable h′ satisfies h′ ≥ h, P-q.s., we actually have h′ = h, P-q.s. (See also Section 6 for
further discussion of admissibility.)

Corollary 3.3. Every admissible e-variable is P-q.s. equal to

1 +
d∑
i=1

πigi

for some π in the set

ΠΦ =

{
π ∈ Rd+ : 1 +

d∑
i=1

πigi ≥ 0 P-q.s.

}
.

Conversely, every function of the above form is an admissible e-variable provided Φ satisfies
the following constraint qualification:

If g, g′ ∈ cone(Φ) and g ≤ g′, P-q.s., then g = g′, P-q.s. (3.3)

Proof. The first part is immediate from Theorem 3.1. For the second part, fix an e-variable
of the form 1 + g, where g =

∑d
i=1 πigi for some π ∈ ΠΦ, and consider any e-variable h that

P-q.s. dominates 1 + g. We must show that h = 1 + g, P-q.s. By Theorem 3.1, h is P-q.s.
dominated by an e-variable of the form 1 + g′, where g′ =

∑d
i=1 π

′
igi for some π′ ∈ Rd+. We

thus have 1 + g ≤ h ≤ 1 + g′, P-q.s. The constraint qualification (3.3) now yields g = g′, and
hence h = 1 + g, P-q.s. This shows that h is admissible.

Remark 3.4. In Corollary 3.3 we could further restrict π to the set K0 = K ∩ ΠΦ with K
given in (3.1); see Lemma 3.2. This is noteworthy because, as we show in Lemma 7.2 below,
the set K0 is compact. This significantly simplifies the problem of finding optimal e-variables,
and is discussed in detail in Section 7. It is worth mentioning that, is practice, ΠΦ itself is
often already compact.

As another corollary, we are able to describe all admissible nonasymptotically valid tests
for P. Here a level-α test for P, where α ∈ (0, 1), is a [0, 1]-valued measurable function φ
such that

∫
X φdµ ≤ α for all µ ∈ P. The test φ is admissible if whenever another such test

φ′ satisfies φ′ ≥ φ, P-q.s., we actually have φ′ = φ, P-q.s.

Corollary 3.5. Fix α ∈ (0, 1). Every admissible level-α test φ for P admits the representation
φ = 1 ∧ (α+

∑d
i=1 πigi), P-q.s., for some π ∈ ΠΦ.

Proof. Note that φ/α is an e-variable for P, and is thus P-q.s. dominated by some e-variable
of the form h = 1 +

∑d
i=1 π

′
igi with π′ ∈ ΠΦ. Define φ′ = 1 ∧ (α +

∑d
i=1 απ

′
igi). Then

φ′ ≥ φ, P-q.s., and, thanks to the e-variable property, φ′ is a level-α test for P. Since φ was
admissible, φ′ = φ, P-q.s. Setting π = απ′ we get the claimed representation.
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The representation in Corollary 3.3 is useful because the set ΠΦ can be described explicitly
in various cases of interest. The following simple, yet interesting, example illustrates this; see
Agrawal et al. (2020, 2021a); Clerico (2024); Wang and Ramdas (2023); Fan et al. (2025) for
more details.

Example 3.6. We take X = R and let P consist of all zero mean distributions with standard
deviation bounded by a positive number σ. This hypothesis is generated by the constraint set
Φ = {x,−x, x2 − σ2}. Thus ΠΦ consists of all (π1, π2, π3) ∈ R3

+ such that 1 + (π1 − π2)x +
π3(x

2 − σ2) ≥ 0 for all x ∈ R. (The only P-negligible set is the empty set, which is why the
inequality must hold for all x.) It is natural to re-parameterize in terms of α = π1 − π2 ∈ R
and β = π3σ

2 ∈ R+, constrained to satisfy 1+αx+β(x2/σ2−1) ≥ 0 for all x ∈ R. Minimizing
over x and requiring that the minimum value be nonnegative, one arrives at the constraint
σ2α2 + (2β − 1)2 ≤ 1 on α, β. We conclude that every admissible e-variable is of the form

1 + αx+ β

(
x2

σ2
− 1

)
, x ∈ R, (3.4)

for some (α, β) inside the ellipse determined by σ2α2 + (2β − 1)2 ≤ 1. Note we do not have
to impose β ≥ 0 separately, since this is already implied by the ellipse constraint. Finally, Φ
satisfies the constraint qualification (3.3). Indeed, if αx+β(x2/σ2− 1) ≥ α′x+β′(x2/σ2− 1)
for all x ∈ R, we first take x = ±σ to get α = α′, and then (say) x = 0 and x = 2σ to get
β = β′. Consequently, every function of the form (3.4) is an admissible e-variable.

The fact that the constraint functions are not required to satisfy any kind of continuity
or other regularity conditions beyond measurability is sometimes useful, for instance in the
context of quantiles.

Example 3.7. We continue to take X = R. Fix α ∈ (0, 1) and q ∈ R, and let P consist
of all distributions µ whose α-quantile is at most q, meaning that µ((−∞, q]) ≥ α. This
hypothesis is generated by the single constraint function α − 1(−∞,q](x). Since this function
takes both positive and negative values, the constraint qualification (3.3) holds. Thus the
admissible e-variables are the functions 1 + π1(α − 1(−∞,q](x)) with π1 ∈ [0, (1 − α)−1] to
ensure nonnegativity.

The following example is common in the recent literature involving the mean of a bounded
random variable.

Example 3.8. Take X = [0, 1] and let P consist of all distributions whose mean is at most
a given constant m ∈ (0, 1). This hypothesis is generated by the constraint function x −m,
and the constraint qualification (3.3) holds. Thus, the admissible e-variables are the functions
1 + π1(x − m) with π1 ∈ [0, 1/m] to ensure nonnegativity. If we further add the constraint
function m− x, then the resulting (smaller) class P consists of those distributions with mean
equal to m. In this case, the admissible e-variables have the same form, but with π1 ∈ [−1/(1−
m), 1/m].

In particular, this recovers the class of e-variables used in Waudby-Smith and Ramdas
(2024); Larsson et al. (2025); Orabona and Jun (2023); Clerico (2025). A minor variant of
Example 3.6 shows that without the boundedness assumption, there do not exist any nontrivial
e-variables.
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Example 3.9. Take X = R and let P consist of all distributions whose mean exists and equals
zero. This hypothesis is generated by the constraint functions x and −x, and the constraint
qualification (3.3) holds. Thus, the admissible e-variables are the functions 1 + (π1 − π2)x =
1 + αx, where we reparameterize in terms of α = π1 − π2 ∈ R as in Example 3.6. We must
choose α so that αx is nonnegative for any x ∈ R. This immediately implies α = 0, showing
that the e-variable equal to one is the only admissible e-variable in this class (and all other
e-variables must be less than or equal to one). The same argument shows that the hypothesis
of a well-defined and nonpositive mean, generated by the single constraint function x, also
only admits trivial e-variables.

We end this section with a brief discussion of reference measures, building on Remark 2.4.
In addition to the constraint set Φ = {g1, . . . , gd}, suppose a desired reference measure µ̄ is
given. We are interested in the hypothesis

Pµ̄ = {µ ∈ P : µ≪ µ̄}.

Note that Pµ̄ is generated by the augmented constraint set Φµ̄ = Φ ∪ {1A : µ̄(A) = 0}.
Moreover, functions which are zero µ̄-a.e. are actually Pµ̄-negligible, including all conic com-
binations of the constraint functions 1A with µ̄(A) = 0. Therefore the set C in (2.2), with Φµ̄
in place of Φ, consists of all functions of the form f =

∑d
i=1 πigi − h with π1, . . . , πd ∈ R+

and h ≥ 0, Pµ̄-q.s. With this observation in hand we obtain the following result, whose proof
is word for word the same as that of Theorem 3.1 (including the proof of Lemma 3.2) and
Corollary 3.3, replacing only Φ with Φµ̄ and P with Pµ̄.

Theorem 3.10. The statements of Theorem 3.1 and Corollary 3.3 remain true with Φµ̄ and
Pµ̄ in place of Φ and P.

4 One-sided sub-ψ distributions

Fix a closed convex function ψ : R → R ∪ {∞} whose effective domain dom(ψ) is either
[0, λmax) for some λmax ∈ (0,∞], or [0, λmax] for some λmax ∈ (0,∞).1 We assume that ψ
is nonnegative and that ψ(0) = 0. Key examples include cumulant generating functions of
zero-mean distributions, modified to take the value infinity on the negative half-line. More
generally, ψ could be a CGF-like function in the terminology of Howard et al. (2020, 2021).
Our goal is to describe the e-variables for the hypothesis consisting of all distributions of the
following kind, whose usage stems back to the work of Cramér (1994) (originally 1938) and
Chernoff (1952).

Definition 4.1. A probability measure µ ∈ M1(R) is called (one-sided) sub-ψ if its cumulant
generating function is bounded above by ψ, that is,∫

R
eλxµ(dx) ≤ eψ(λ) for all λ ∈ dom(ψ).

1The effective domain is the set dom(ψ) = {λ ∈ R : ψ(λ) < ∞} where ψ is finite. That ψ is closed means
that its epigraph {(λ, y) ∈ R× R : ψ(λ) ≤ y} is closed. For our ψ, this just says that ψ is continuous at λmax

(if this is finite) and at 0.
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For example, when ψ(λ) = σ2λ2/2 and λmax = ∞, the measure is called σ-sub-Gaussian
in the sense that its (right) tail is lighter than that of a centered Gaussian with variance σ2.
The sub-ψ property in Definition 4.1 is “one-sided” in the sense that no condition is imposed
for negative values of λ. Several of the proofs below make use of this property. To simplify
terminology we will usually omit the qualifier “one-sided”.

The convex conjugate of ψ is the convex function ψ∗ given by

ψ∗(x) = sup
λ∈R

{λx− ψ(λ)}, x ∈ R.

Since ψ(0) = 0, ψ∗ takes values in [0,∞]. Moreover, because ψ is nonnegative and ψ(λ) = ∞
for λ < 0, we have ψ∗(x) = 0 for x ≤ 0. Thus the effective domain dom(ψ∗) contains the
negative half-line.

Lemma 4.2. Every sub-ψ distribution is concentrated on dom(ψ∗).

Proof. This follows from the well-known fact that any sub-ψ distributed random variable X
satisfies the Chernoff tail bound P(X ≥ x) ≤ e−ψ

∗(x) for all x. Indeed, if dom(ψ∗) = R
there is nothing to prove. Otherwise, let x̄ < ∞ denote the right endpoint of the interval
dom(ψ∗). If x̄ /∈ dom(ψ∗), then ψ∗(x̄) = ∞ and hence P(X ≥ x̄) ≤ e−ψ

∗(x̄) = 0, so that X is
concentrated on dom(ψ∗). If x̄ ∈ dom(ψ∗), then P(X > x̄) = limx↓x̄ P(X ≥ x) = 0, showing
that X is concentrated on dom(ψ∗) in this case too.

Thanks to Lemma 4.2, any sub-ψ distribution can be regarded as a probability measure
on dom(ψ∗). We thus take X = dom(ψ∗) with its Borel σ-algebra. Consider the infinitely
many (even uncountably many) constraint functions

gλ(x) = eλx−ψ(λ) − 1, x ∈ dom(ψ∗),

indexed by λ ∈ dom(ψ). The hypothesis generated by these functions is

P = {µ ∈ M1 : µ is sub-ψ}. (4.1)

If λmax is not already in dom(ψ), we include the additional constraint function

gλmax(x) = lim
λ↑λmax

gλ(x), x ∈ dom(ψ∗).

The limit exists and is finite because λ 7→ λx−ψ(λ) is concave and −1 ≤ gλ(x) ≤ eψ
∗(x) − 1.

Fatou’s lemma implies that
∫
X gλmaxdµ ≤ 0 for any sub-ψ distribution µ, so gλmax is redundant

in the sense that including it does not alter the generated hypothesis P in (4.1). It does,
however, play a role in the representation theorem below. Note that the constraint functions
gλ are now indexed by the compact set

Λ = [0, λmax]

(where we stress that λmax may be infinity), and the maps λ 7→ gλ(x) are continuous on Λ
for every x ∈ dom(ψ∗). Our full constraint set is

Φ = {gλ : λ ∈ Λ}.
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Theorem 4.3. (i) A function f ∈ LΦ satisfies
∫
X fdµ ≤ 0 for all µ ∈ P if and only if

f(x) ≤
∫
Λ
gλ(x)π(dλ), x ∈ dom(ψ∗),

for some π ∈ M+(Λ).

(ii) The set E of all e-variables for P consists precisely of those [0,∞]-valued measurable
functions that are pointwise dominated on dom(ψ∗) by∫

Λ
eλx−ψ(λ)π(dλ)

for some π ∈ M1(Λ). (Note that π is a probability measure here. Moreover, if λmax /∈
dom(ψ), the integrand for this value of λ is understood as limλ↑λmax e

λx−ψ(λ).)

Just as in the finitely generated case (see Corollary 3.5), we obtain a description of all
admissible tests for P. We do not repeat the proof.

Corollary 4.4. Fix α ∈ (0, 1). Every admissible level-α test φ for P admits the representation
φ(x) = 1 ∧

∫
Λ αe

λx−ψ(λ)π(dλ) for x ∈ dom(ψ∗) for some π ∈ M1(Λ).

We now give a brief roadmap of the proof of Theorem 4.3, introducing some notation
along the way. The most involved part of the proof is to show part (i). Once this has been
done, the proof of part (ii) is straightforward.

To deduce Theorem 4.3(i) from Theorem 2.2(i), it suffices to show that the weak closure
C of the set C = cone(Φ)− LΦ

p in (2.2) is equal to G − LΦ
+, where we define the convex cone

G =

{∫
Λ
gλπ(dλ) : π ∈ M+(Λ)

}
. (4.2)

By considering finitely supported measures π, one sees that G contains cone(Φ). Moreover, it
is shown in Lemma 4.6 below that the only P-negligible subset of dom(ψ∗) is the empty set,
and hence LΦ

p = LΦ
+. Thus C ⊂ G − LΦ

+. On the other hand, for any g =
∫
Λ gλπ(dλ) ∈ G and

µ ∈ P we have from Tonelli’s theorem that∫
X
g(x)µ(dx) =

∫
Λ

∫
X
gλ(x)µ(dx)π(dλ) ≤ 0.

This shows, first, that G is indeed a subset of LΦ. It also shows, via the forward implication
of Theorem 2.2(i), that G − LΦ

+ ⊂ C. In summary, we have

C ⊂ G − LΦ
+ ⊂ C.

Therefore, to show that G − LΦ
+ = C it is enough to show that

G − LΦ
+ is σ(LΦ,MΦ)-closed. (4.3)

This is the heart of the matter, and the proof relies on a closedness criterion for convex subsets
of Banach space duals known as the Krein–Šmulian theorem (see Appendix A.3).
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Unfortunately the Krein–Šmulian theorem cannot be applied directly, because LΦ is not
the dual of a Banach space. Instead, we first endow LΦ with a slightly weaker topology than
σ(LΦ,MΦ), which allows us to embed it into a larger space that is the dual of a Banach
space. Checking closedness in the weaker topology can now be done using the Krein–Šmulian
theorem. As we show below, this amounts to checking that for each r ∈ R+, the subset
Gr = {g ∈ G : g ≥ −r} ⊂ G of elements uniformly bounded below by r is compact. This
turns out to be fairly straightforward, because Gr is a continuous image of the compact set
{π ∈ M+(Λ): π(Λ) ≤ r} equipped with the usual weak topology coming from duality with
the continuous functions on Λ.

The details of this argument depend on several preliminary results.

Lemma 4.5. Let x0 ∈ dom(ψ∗). There exists y0 ≥ 0 such that for any p ∈ [0, 12e
−ψ∗(x0)] and

y ≥ y0, the probability measure ν = pδx0 + (1− p)δ−x0−y is sub-ψ.

Proof. Define

f(λ, p, y) =

∫
X
eλx−ψ(λ)ν(dx) = peλx0−ψ(λ) + (1− p)e−λ(x0+y)−ψ(λ).

If x0 ≤ 0, the right-hand side is bounded by one for any p ∈ [0, 1], y ≥ −x0, and λ ∈ R,
recalling that ψ is nonnegative and that ψ(λ) = ∞ for λ < 0. Thus ν is sub-ψ, and we may
take y0 = −x0.

Consider now the case x0 > 0. We have f(λ, 12 , 1) =
1
2(e

λx0 + e−λ(x0+1))e−ψ(λ), which is
strictly decreasing with respect to λ in a right neighborhood of zero. This is because ψ is
nondecreasing on [0,∞), being a nonnegative convex function, and d

dλ |λ=0(e
λx0+e−λ(x0+1)) =

−1. Moreover, f(0, 12 , 1) = 1, so there exists some λ0 > 0 such that f(λ, 12 , 1) ≤ 1 for all
λ ∈ [0, λ0]. For p ∈ [0, 12 ] and y ≥ 1, f(λ, p, y) is nondecreasing in p and nonincreasing in y,
so it follows that f(λ, p, y) ≤ 1 for all such p and y, provided λ ∈ [0, λ0].

For λ > λ0, p ∈ [0, 12e
−ψ∗(x0)], and y ≥ 1, we have the bound f(λ, p, y) ≤ 1

2+e
−λ0(x0+y)−ψ(λ0).

This uses that x0 > 0 and that ψ is nondecreasing on [0,∞). The right-hand side is bounded
by one for all y ≥ y0, where we may take y0 = max{1, λ−1

0 (log(2) − ψ(λ0)) − x0}. In sum-
mary, we have the sub-ψ inequality f(λ, p, y) ≤ 1 for all λ ∈ R, provided p ∈ [0, 12e

−ψ∗(x0)]
and y ≥ y0.

Lemma 4.6. The only subset of dom(ψ∗) that is P-negligible is the empty set.

Proof. Let A be any nonempty measurable subset of dom(ψ∗) and pick x0 ∈ A. Lemma 4.5
yields a sub-ψ distribution that charges x0. Thus A is not P-negligible.

Lemma 4.7. Every f ∈ LΦ satisfies supx∈dom(ψ∗) |f(x)|e−ψ
∗(x) <∞.

Proof. We prove the contrapositive. Let f be measurable with supx∈dom(ψ∗) |f(x)|e−ψ
∗(x) =

∞. Then for each n ∈ N, there exists xn ∈ dom(ψ∗) such that |f(xn)| ≥ 2neψ
∗(xn). Further-

more, Lemma 4.5 yields yn ≥ 0 such that the probability measure νn = pnδxn+(1−pn)δ−xn−yn
with pn = 1

2e
−ψ∗(xn) is sub-ψ. Then so is the mixture µ =

∑
n∈N 2−nνn. On the other hand,∫

X
|f(x)|µ(dx) =

∑
n∈N

2−n
∫
X
|f(x)|νn(dx) ≥

∑
n∈N

2−npn|f(xn)| ≥
∑
n∈N

pne
ψ∗(xn) = ∞.

This shows that f does not belong to LΦ, and completes the proof.
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Proof of Theorem 4.3(i). We will make use of the space

E = {µ ∈ M :

∫
X
eψ

∗
d|µ| <∞},

which is a Banach space with the weighted total variation norm ∥µ∥ =
∫
X e

ψ∗
d|µ|. The Banach

space dual E′ is itself a Banach space with the dual norm ∥φ∥′ = sup{φ(µ) : µ ∈ E, ∥µ∥ ≤ 1},
and admits the weak∗ topology σ(E′, E); see Appendix A.3. The positive cones of E and E′

are E+ = {µ ∈ E : µ ≥ 0} and E′
+ = {φ ∈ E′ : φ(µ) ≥ 0 for all µ ∈ E+}.

For any f ∈ LΦ and µ ∈ E we have∫
X
|f |d|µ| =

∫
X
|f |e−ψ∗

eψ
∗
d|µ| ≤ cf∥µ∥, (4.4)

where cf = sup |f |e−ψ∗ is finite thanks to Lemma 4.7. From (4.4) it follows that every f ∈ LΦ

defines a bounded linear functional φf (µ) =
∫
X fdµ on E, and we may thus regard LΦ as a

subspace of E′. In particular, E′ contains G, which is defined in (4.2) and is a subset of LΦ.
We will show below that

G − E′
+ is σ(E′, E)-closed. (4.5)

Once this has been done, the proof of Theorem 4.3(i) is completed as follows. Observe that
LΦ ∩ (G −E′

+) = G −LΦ ∩E′
+ = G −LΦ

+, where the equality LΦ ∩E′
+ = LΦ

+ holds because a
function f ∈ LΦ is nonnegative if and only if

∫
X fdµ ≥ 0 for all µ ∈ E+. Consequently, (4.5)

implies that G −LΦ
+ is closed in σ(LΦ, E), which is the trace of σ(E′, E) on LΦ. Now, thanks

to (4.4), E is a subset of MΦ. Thus the topology σ(LΦ, E) is weaker than σ(LΦ,MΦ), and
we conclude that G − LΦ

+ is closed in the latter topology as well. This establishes (4.3) and
proves the first part of the theorem.

We are left with proving (4.5). Thanks to the Krein–Šmulian theorem (see Theorem A.3),
we only need to show that

(G − E′
+) ∩B′

r is σ(E′, E)-closed for every r ∈ (0,∞),

where B′
r = {φ ∈ E′ : ∥φ∥′ ≤ r} is the centered closed dual ball of radius r. Fix any r ∈ (0,∞).

Let φ = g − η ∈ (G − E′
+) ∩ B′

r be arbitrary, and observe that for any µ ∈ E+ with ∥µ∥ ≤ 1
we have

−r ≤ −∥φ∥′ ≤ φ(µ) =

∫
X
gdµ− η(µ) ≤

∫
X
gdµ.

By taking µ = δx we find that g ≥ −r pointwise. We conclude from this that

(G − E′
+) ∩B′

r = (Gr − E′
+) ∩B′

r,

where Gr = {g ∈ G : g ≥ −r}. We will argue that Gr is σ(E′, E)-compact. This will conclude
the proof because E′

+ and B′
r are both σ(E′, E)-closed, the sum of a compact set and a closed

set is closed, and the intersection of two closed sets is closed.
To show that Gr is σ(E′, E)-compact, we define

Kr = {π ∈ M+(Λ): π(Λ) ≤ r},
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where we recall that Λ = [0, λmax] is compact. Then Kr is a compact subset of M+(Λ),
equipped with the usual weak topology induced by duality with the set of real-valued contin-
uous functions on Λ. Next, define the map

T : π 7→ T (π) =

∫
Λ
gλπ(dλ)

from Kr to LΦ ⊂ E′. Here we identify T (π) with the linear functional φT (π)(µ) =
∫
X T (π)dµ

on E. We claim that
Gr = T (Kr). (4.6)

The inclusion ‘⊃’ is clear since gλ ≥ −1 for all λ. For the inclusion ‘⊂’, consider any g ∈ Gr,
that is, g =

∫
Λ gλπ(dλ) ≥ −r for some π ∈ M+(Λ). Now, for all x < 0 and λ ∈ (0, λmax], we

have −1 ≤ gλ(x) ≤ 0 and limx→−∞ gλ(x) = −1, while g0(x) = 0 for all x. The dominated
convergence theorem then yields −r ≤ limx→−∞ g(x) = −π((0, λmax]). Thus the measure
π′ = π( · ∩ (0, λmax]) belongs to Kr, and we have g =

∫
Λ gλπ

′(dλ). This completes the proof
of (4.6).

Next, we claim that T is continuous when E′ is equipped with σ(E′, E). This is the initial
topology generated by the maps φ 7→ φ(µ), µ ∈ E, so to show continuity it suffices to show
that the composition

π 7→ φT (π)(µ) =

∫
X
T (π)dµ =

∫
Λ

∫
X
gλ(x)µ(dx)π(dλ) (4.7)

from M+(Λ) to R is continuous for every µ ∈ E. (We used Fubini’s theorem to interchange
the integrals on the right-hand side of (4.7).) The map λ 7→

∫
X gλ(x)µ(dx) is continuous

on the compact set Λ. This follows from the dominated convergence theorem because gλ is
continuous in λ and dominated in absolute value by eψ

∗ which is µ-integrable by definition
of E. Thus by definition of the weak topology on M+(Λ), the map in (4.7) is continuous.
We conclude that T is continuous, and hence that Gr = T (Kr) is σ(E′, E)-compact. This
completes the proof of Theorem 4.3(i).

Proof of Theorem 4.3(ii). Consider a [0,∞]-valued measurable function h that is pointwise
dominated on dom(ψ∗) by

∫
Λ e

λx−ψ(λ)π(dλ) for some π ∈ M1(Λ). Tonelli’s theorem and the
definition of P then yields

∫
X hdµ ≤ 1 for all µ ∈ P, showing that h is an e-variable.

Conversely, let h be an e-variable and set f = h − 1. Then by part (i) of the theorem,
there is some π′ ∈ M+(Λ) such that f(x) ≤

∫
Λ gλ(x)π

′(dλ) for all x ∈ dom(ψ∗). Since
f ≥ −1, the argument after (4.6) with r = 1 yields π′((0, λmax]) ≤ 1. Thus the measure
π = π′( · ∩ (0, λmax]) + (1 − π′((0, λmax]))δ0 belongs to M1(Λ). Since g0(x) = 0 for all x,
we have

∫
Λ gλ(x)π

′(dλ) =
∫
Λ gλ(x)π(dλ), and thus h(x) = 1 + f(x) ≤

∫
Λ(1 + gλ(x))π(dλ) =∫

Λ e
λx−ψ(λ)π(dλ), for all x ∈ dom(ψ∗).

5 Distributions invariant under a group of symmetries

Let Σ be a compact topological group acting (from the left) on the measurable space X . This
means that every group element σ ∈ Σ induces a map x 7→ σx from X to itself, the identity
element of Σ induces the identity map, and one has (σ1σ2)x = σ1(σ2x) for all σ1, σ2 ∈ Σ and
x ∈ X . We assume that the group action is measurable, meaning that the map (σ, x) 7→ σx
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is jointly measurable, where Σ is equipped with its Borel σ-algebra. Since Σ is compact,
it admits a unique left Haar probability measure π. Here are two examples of such group
actions.

Example 5.1. (i) The symmetric group on n elements Σ(n) acts on vectors in Rn by
permuting the components. Its Haar probability measure is the normalized counting
measure on Σ(n).

(ii) The special orthogonal group SO(n) acts on Rn by rotations. Its Haar probability mea-
sure is the uniform distribution on SO(n).

We use the left Haar probability measure π to symmetrize measures and to average func-
tions. First, for any measurable function f bounded below, we define its orbit average function
fπ by

fπ(x) =

∫
Σ
(σ∗f)(x)π(dσ),

where (σ∗f)(x) = f(σx) is the pullback of f under the map x 7→ σx. Thus fπ(x) is indeed
the average of f over the orbit Ox = {σx : σ ∈ Σ} of x. Next, there is a dual operation on
measures (we focus on probability measures for simplicity). For any µ ∈ M1 we define its
symmetrization µπ ∈ M1 by

µπ(A) =

∫
Σ
(σ∗µ)(A)π(dσ),

where (σ∗µ)(A) = µ(σ−1A) is the pushforward of µ under the map x 7→ σx. Here σ−1A =
{σ−1x : x ∈ A}. The fact that µπ has unit mass is seen by taking A = X and using that µ
and π both have unit mass. The following lemma records some basic properties of the orbit
averaging and symmetrization operations.

Lemma 5.2. Let f be a measurable function bounded below and let µ ∈ M1.

(i) The symmetrization µπ is Σ-invariant in the sense that σ∗µπ = µπ for all σ ∈ Σ.

(ii) One has the adjoint identity ∫
X
fπdµ =

∫
X
fdµπ. (5.1)

Proof. (i): For any σ ∈ Σ and any measurable set A ⊂ X , one has
∫
Σ µ((σρ)

−1A)π(dρ) =∫
Σ µ(ρ

−1A)π(dρ) thanks to the left-invariance of π. The left-hand side equals (σ∗µπ)(A) and
the right-hand side equals µπ(A), showing that the two are equal.

(ii): Linearity and the definition of pushforward yield
∫
X fdµπ =

∫
Σ

∫
X f(σx)µ(dx)π(dσ)

for every simple function f , and then for every bounded measurable f by the monotone class
theorem. On the other hand, Fubini’s theorem yields

∫
X fπdµ =

∫
Σ

∫
X f(σx)µ(dx)π(dσ) for

bounded measurable f . This shows (5.1) for all such f . For f unbounded above, just apply
(5.1) with f ∧ n in place of f , send n to infinity, and use monotone convergence.

Remark 5.3. Given the Σ-invariance property (i) of µπ, it is perhaps surprising that the
analogous property does not hold for fπ in the sense that σ∗fπ and fπ are not equal in general.
They are however equal if π is a right Haar measure, since then fπ(σx) =

∫
Σ fπ(ρσx)π(dρ) =
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∫
Σ fπ(ρx)π(dρ) = fπ(x), using the right-invariance of π in the second step. If the group Σ

is unimodular, for example, if it is a discrete group, then π is both a left and right Haar
measure, and thus σ∗fπ = fπ.

We are interested in describing the set of e-variables for the hypothesis consisting of all
Σ-invariant distributions,

P = {µ ∈ M1 : µ = σ∗µ for all σ ∈ Σ}.

Such classes, or infinite-sample versions of them, have been studied in many recent works.
For example, testing exchangeability (Vovk, 2021; Ramdas et al., 2022b; Saha and Ramdas,
2024), two-sample and independence testing (Shekhar and Ramdas, 2023; Podkopaev et al.,
2023; Podkopaev and Ramdas, 2023), but there are also papers that study this class in an
abstract and general manner (Koning, 2023; Pandeva et al., 2024) like we do above. We
note the subtle fact that our setting is different from the case where µ ̸= σ∗µ, but σ∗µ ∈ P
whenever µ ∈ P, for which the term ‘group invariance’ is also used (Pérez-Ortiz et al., 2024).

The following lemma is the key to characterizing the set of e-variables for P.

Lemma 5.4. A distribution µ ∈ M1 belongs to P if and only if
∫
X fdµ =

∫
X fπdµ for all

measurable functions f bounded below.

Proof. Fix µ ∈ M1. We have the following chain of equivalences:

µ ∈ P ⇔ µ = µπ ⇔
∫
X
fdµ =

∫
X
fdµπ for all measurable f bounded below,

where the first equivalence follows from the definition of P and of µπ for the forward impli-
cation, and Lemma 5.2(i) for the reverse implication. Thanks to (5.1), the third statement in
the above display is in turn equivalent to

∫
X fdµ =

∫
X fπdµ for all measurable functions f

bounded below. This completes the proof.

Theorem 5.5. The set E of all e-variables for P consists precisely of those [0,∞]-valued
measurable functions that are pointwise dominated by an e-variable of the form

1 + f − fπ

for some [−1,∞]-valued measurable f such that fπ ≤ 0. Moreover, every function of this form
is an exact e-variable, meaning that the e-variable property holds with equality for all µ ∈ P.

Proof. Let f be a [−1,∞]-valued measurable function such that fπ ≤ 0, and note that, in
addition, fπ ≥ −1. This ensures that h = 1 + f − fπ is a well-defined [0,∞]-valued function,
and that we may compute

∫
X hdµ = 1 +

∫
X fdµ −

∫
X fπdµ = 1 for every µ ∈ P, using

Lemma 5.4 in the last step. This shows that every function of this form is an exact e-variable.
Conversely, let h be an e-variable and set f = h − 1. Fix any x0 ∈ X and consider the

symmetrization µ = (δx0)π of the Dirac mass at x0, which belongs to P due to Lemma 5.2(i).
Thanks to (5.1) and the e-variable property of h we have fπ(x0) =

∫
X fπ(x)δx0(dx) =∫

X f(x)(δx0)π(dx) =
∫
X fdµ ≤ 0. Thus fπ ≤ 0, and we have h ≤ 1 + f − fπ pointwise.
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So far we have not made use of the abstract characterization of e-variables, Theorem 2.2.
Indeed, we were able to describe E completely without it. We may however use the abstract
theorem in a different way: our next result provides a general method of identifying constraint
sets Φ that generate P, and the abstract theorem then ensures that any e-variable can be
approximated in the weak sense using conic combinations of the constraint functions.

A set F of bounded measurable functions is a separating set for M if, for any µ ∈ M,
one has µ = 0 if and only if

∫
X fdµ = 0 for all f ∈ F . Such a set separates any two distinct

measures µ1, µ2 in the sense that there is some f ∈ F such that
∫
X fdµ1 ̸=

∫
X fdµ2. Next, a

generating set for Σ is a subset Σ0 such that any σ ∈ Σ can be expressed as σ = σ1σ2 · · ·σn
for some n ∈ N and σ1, . . . , σn ∈ Σ0.

Theorem 5.6. Let F be a separating set for M, and Σ0 a generating set for Σ. A distribution
µ belongs to P if and only if

∫
X (f(σx)− f(x))µ(dx) = 0 for all σ ∈ Σ0 and f ∈ F . In other

words, P is generated by the constraint set

Φ = {σ∗f − f : σ ∈ Σ0, f ∈ F ∪ (−F)}.

Proof. The forward implication follows because for any µ ∈ P and any bounded measurable
function f ,

∫
X f(σx)µ(dx) =

∫
X f(x)(σ∗µ)(dx) =

∫
X f(x)µ(dx). We thus focus on the reverse

implication and assume that ∫
X
(f(σx)− f(x))µ(dx) = 0 (5.2)

for all σ ∈ Σ0 and f ∈ F , where µ ∈ M1 is fixed. We let Lb denote the space of all bounded
measurable functions on X .

Because F is separating, its span is σ(Lb,M)-dense in Lb. Indeed, if the span were
not dense, the Hahn–Banach theorem would yield a nonzero measure vanishing on the span,
contradicting that F is separating. Furthermore, the map f 7→

∫
X f(σx)µ(dx) =

∫
X fd(σ∗µ)

is σ(Lb,M)-continuous by definition of the topology. Combining these two facts, we deduce
that (5.2) holds for all σ ∈ Σ0 and all f ∈ Lb.

Next, fix any σ ∈ Σ and f ∈ Lb, write σ = σ1σ2 · · ·σn for some σ1, . . . , σn ∈ Σ0, and
set fi(x) = f(σ1 · · ·σix) for i = 1, . . . , n − 1 as well as f0(x) = f(x). We then have fi(x) =
fi−1(σix) and fn−1(σnx) = f(σx), and hence also the telescoping sum

f(σx)− f(x) =

n−1∑
i=0

(fi(σix)− fi(x)).

Since each fi belongs to Lb, we may use that (5.2) holds for functions in Lb and group elements
in Σ0 to obtain ∫

X
(f(σx)− f(x))µ(dx) =

n−1∑
i=0

∫
X
(fi(σix)− fi(x))µ(dx) = 0.

This shows that (5.2) actually holds for all σ ∈ Σ and all f ∈ Lb. By integrating over Σ and
using Fubini’s theorem, we obtain

∫
X fπdµ =

∫
X fdµ for all f ∈ Lb, and then by monotone

convergence for all measurable f bounded below. Lemma 5.4 now yields µ ∈ P.
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Example 5.7. A finite sequence of random variables X1, . . . , Xn is exchangeable if and only
if its joint distribution is invariant under the symmetric group Σ(n). The cardinality of Σ(n)
is n!, and the (left and right) Haar probability measure π is simply the uniform distribution
assigning mass 1/n! to each permutation. The symmetrization of any probability measure µ
on Rn is then

µπ(A) =
1

n!

∑
σ∈Σ(n)

µ(σ−1A) =
1

n!

∑
σ∈Σ(n)

µ(σA).

Moreover, the e-variables in Theorem 5.5 take the form

1 + f(x)− 1

n!

∑
σ∈Σ(n)

f(σx),

for some [−1,∞)-valued measurable f such that its symmetrization 1
n!

∑
σ∈Σ(n) f(σx) is non-

positive. In particular, all e-variables for this hypothesis are finite, because otherwise the
symmetrization could not possibly be nonpositive (and the same would hold for any finite
group). Alternatively, one can actually write any e-variable as

g(x)
1
n!

∑
σ∈Σ(n) g(σx)

,

using any [0,∞)-valued measurable function g and interpreting 0/0 = 1. One can move
between these two representations easily. In one direction, given f , define g(x) = 1 + f(x)−
1
n!

∑
σ∈Σ(n) f(σx) and note that its symmetrization equals one to conclude that the above two

expressions are equal. In the other direction, given g, define f(x) = (g(x)/ 1
n!

∑
σ∈Σ(n) g(σx))−

1 and note that its symmetrization equals zero to reach the same conclusion.
Next, while Σ(n) contains n! elements, it admits small generating sets. For instance, in

the context of Theorem 5.6, one may take Σ0 to consist of only two permutations: the trans-
position σ12 : (1, 2, 3, . . . , n) 7→ (2, 1, 3, . . . , n) and the cyclic permutation σ◦ : (1, 2, . . . , n) 7→
(n, 1, 2, . . . , n−1). One could take F to be, for example, the set of all bounded continuous func-
tions. Theorem 5.6 then yields that the set P of exchangeable distributions on n observations
is generated by

Φ = {σ∗12f − f, σ∗◦f − f : f ∈ F}.

Finally, we note that we could have also derived these e-variables by conditioning on the
unordered set of observed data, which we represent here using the order statistics, X() =
(X(1), . . . , X(n)). Effectively, conditioning on X() collapses the data distribution on Rn to a
distribution on the orbit {σX() : σ ∈ Σ} having n! elements. Under the null P, this conditional
distribution collapses to a point null hypothesis, which is a uniform distribution over the orbit.
The above e-variables are conditional e-variables in the sense that they satisfy

Eµ

[
g(x)

1
n!

∑
σ∈Σ(n) g(σx)

∣∣∣∣∣ X()

]
≤ 1, µ ∈ P.

In fact, one can straightforwardly interpret the above e-variable as a likelihood ratio, with
the denominator being the aforementioned uniform, to read off the implied alternative in the
numerator, against which this e-variable is in fact log-optimal. See also Pérez-Ortiz et al.
(2024) for the study of log-optimal e-variables in this context.
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6 Admissible e-variables and complete classes

Consider a hypothesis P and its set of e-variables E . Recall that an e-variable h ∈ E is
admissible if any other h′ ∈ E with h′ ≥ h, P-q.s., actually satisfies h′ = h, P-q.s. The
results in this paper, in particular Theorem 3.1, Corollary 3.3, Theorem 3.10, Theorem 4.3,
and Theorem 5.5, lead to conditions for admissibility. We now elaborate on this aspect of
our results and show that we actually obtain minimal complete classes, defined below, for the
hypotheses under consideration. This generalizes Clerico (2024, Section 3).

Definition 6.1. A complete class of e-variables for P is a subset E ′ ⊂ E such that every
h ∈ E is P-q.s. dominated by some h′ ∈ E ′. A complete class E ′ is minimal if removing an
e-variable (and all its P-versions) from E ′ renders the class non-complete.

For statistical applications it suffices to work with complete classes, and minimal complete
classes are preferable. Clearly E itself is a complete class, but it is not minimal. Existence of
a minimal complete class has some useful implications, recorded in the following result which
extends Clerico (2024, Lemma 3.3) to our more general class of hypotheses.

Lemma 6.2. A minimal complete class E ′ exists if and only if every e-variable is P-q.s.
dominated by an admissible e-variable. In this case, every h′ ∈ E ′ is admissible, and every
admissible h ∈ E has a version h′ ∈ E ′. In particular, a minimal complete class is unique
provided different P-versions of any e-variable are identified.

Proof. We drop the “P-q.s.” qualifier for brevity. If every e-variable is dominated by an
admissible e-variable, then E ′ = {h′ ∈ E : h′ is admissible} is a complete class. It is also
minimal, simply because admissible e-variables cannot be strictly dominated. Conversely, if
a minimal complete class E ′ exists, then by completeness, every h ∈ E is dominated by some
h′ ∈ E ′, but by minimality, h′ cannot be further strictly dominated, so it is admissible. This
reasoning also yields the remaining statements.

Any hypothesis with a reference measure admits a minimal complete class. This extends
Clerico (2024, Lemma 3.6), with a similar proof.

Theorem 6.3. Suppose P admits a reference measure µ̄ ∈ M1, i.e., µ ≪ µ̄ for all µ ∈ P.
Then a minimal complete class exists.

Proof. We use an argument from Ramdas et al. (2022a) based on transfinite induction to
show that every e-variable is dominated by an admissible e-variable. The result then follows
from Lemma 6.2. We pick any h ∈ E and recursively define an increasing transfinite sequence
of e-variables hβ ∈ E indexed by the countable ordinals β. First, h0 = h. For a successor
ordinal β = α+ 1 such that hα has already been defined, if hα is admissible we set hβ = hα,
otherwise we choose any hβ ∈ E that strictly dominates hα. (I.e., hβ ≥ hα, µ̄-a.s., and
hβ > hα with positive µ̄-probability.) For any countable limit ordinal β = limn αn such that
hα ∈ E has been defined for all α < β, we let hβ = limn hαn . By the monotone convergence
theorem, hβ ∈ E . By transfinite induction, hβ ∈ E for every countable ordinal β. Consider
now the decreasing [0, 1]-valued transfinite sequence cβ =

∫
X e

−hβdµ̄. This sequence must
become constant for all β beyond some countable ordinal β0; otherwise we would have an
uncountable strictly decreasing sequence in [0, 1], which is impossible. By construction, hβ0
is then admissible and dominates h.
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Unfortunately, as the following example shows, there are hypotheses for which a minimal
complete class does not exist. A different example, involving a certain non-measurable set, is
given by Clerico (2024, Appendix C).

Example 6.4. Let X = [0, 1] and let P consist of the standard uniform distribution together
with all measures of the form (δ0 + δx)/2 for x ∈ [0, 1]. Then E consists of all nonnegative
measurable functions h with

∫ 1
0 h(x)dx ≤ 1 and h(0) + h(x) ≤ 2 for all x ∈ [0, 1]. Note that

x = 0 is included here, so that h(0) ≤ 1.
We claim that if h is an e-variable with h(0) < 1, then it cannot be admissible. To show

this, assume h(0) < 1 and let y ∈ (0, 1] be such that h(y) < 2 − h(0); such y must exist,
because otherwise

∫ 1
0 h(x)dx = 2− h(0) > 1, contradicting the e-variable property. Then, the

function g with g(y) = 2 − h(0) and g = h elsewhere is still an e-variable, and it strictly
dominates h under (δ0 + δy)/2. So h is not admissible.

We deduce from this that the only way an e-variable h can be admissible is if h(0) = 1.
But then h(x) ≤ 2 − h(0) = 1 for all x ∈ (0, 1] so that, as a result, the only admissible
e-variable is the trivial e-variable equal to one. Thus if h(x) > 1 for some x ∈ (0, 1] (e.g.
h(x) = 2 and zero otherwise) then h cannot be admissible, and it cannot be dominated by an
admissible e-variable. Consequently, due to Lemma 6.2, no minimal complete class exists for
this hypothesis.

In view of this example, it is remarkable that the hypotheses considered in Sections 3–5
do admit minimal complete classes under mild additional assumptions. (We conjecture that
minimal complete classes exist even without these assumptions.)

Theorem 6.5. (i) With the setup and notation of Section 3, the set of nonnegative func-
tions of the form 1 +

∑d
i=1 πigi, with π ∈ Rd+, is a complete class for the hypothesis

generated by g1, . . . , gd. If (3.3) holds, this is a minimal complete class.

(ii) With the setup and notation of Section 4, let E ′ be the set of functions of the form∫
Λ hλ(x)π(dλ) for x ∈ dom(ψ∗), where hλ(x) = eλx−ψ(λ) and π ∈ M1(Λ).2 Then E ′

is a complete class for the one-sided sub-ψ hypothesis. Assume now that on R+, ψ is
the cumulant generating function of some zero-mean distribution µ̄ whose support has
a cluster point in the interior of dom(ψ∗). There are two cases depending on whether
dom(ψ∗) contains its right endpoint:

(1) if dom(ψ∗) = (−∞, x̄] with x̄ ∈ [0,∞), then E ′ is a minimal complete class.

(2) if dom(ψ∗) = (−∞, x̄) with x̄ ∈ [0,∞], then E ′
0 is a minimal complete class, where

E ′
0 ⊂ E ′ is the set of all functions of the form

∫
Λ0
hλ(x)π(dλ) for x ∈ dom(ψ∗),

with π ∈ M1(Λ0) and Λ0 = [0, λmax).

(iii) With the setup and notation of Section 5, the set of e-variables of the form 1 + f − fπ,
with f being [−1,∞]-valued measurable and such that fπ ≤ 0, is a minimal complete
class for the hypothesis of Σ-invariant distributions.

Proof. (i): This follows directly from Corollary 3.3 (or Theorem 3.10 in the setting with a
reference measure) and Lemma 6.2.

2Recall that Λ = [0, λmax] and that hλmax(x) = limλ↑λmax e
λx−ψ(λ) for x ∈ X , where X = dom(ψ∗).
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(ii): Theorem 4.3(ii) yields that E ′ is a complete class. Assume now that ψ is the cumulant
generating function of some distribution µ̄ as in the statement. We first consider case (1).
The minimality of E ′ will follow from Lemma 6.2 once we show that all e-variables in E ′

are admissible. To this end, pick h ∈ E ′ specified by some π ∈ M1(Λ), meaning that
h(x) =

∫
Λ hλ(x)π(dλ) for x ∈ dom(ψ∗). Let h′ be an e-variable that dominates h. By

completeness, h′ is further dominated by some h′′ ∈ E ′, specified by some π′′ ∈ M1(Λ). We
thus have h′′−h ≥ 0 on dom(ψ∗). We claim that

∫
X (h

′′−h)dµ̄ = 0. To see this, note that ψ(λ)
is the cumulant generating function of µ̄ at each λ ∈ [0, λmax), so that

∫
X hλ(x)µ̄(dx) = 1.

Moreover, because hλ(x) ≤ hλ(x̄) ≤ eψ
∗(x̄) < ∞ for x ∈ dom(ψ∗) and λ ∈ [0, λmax), the

dominated convergence theorem yields
∫
X hλmax(x)µ̄(dx) = 1 as well. Thus by Tonelli’s

theorem,∫
X
(h′′(x)− h(x))µ̄(dx) =

∫
Λ

∫
X
hλ(x)µ̄(dx)(π

′′ − π)(dλ) = π′′(Λ)− π(Λ) = 0.

Hence h′′(x) = h(x) for µ̄-a.e. x, and then, by continuity, for all x ∈ supp(µ̄). Since h and h′′

are real analytic in (−∞, x̄), and since supp(µ̄) has a cluster point there, the identity theorem
for real analytic functions (see e.g. Krantz and Parks (2002, Corollary 1.2.7)) implies that
h′′ = h on (−∞, x̄) and then by continuity on dom(ψ∗). It follows that h′ = h on dom(ψ∗),
showing that h is admissible.

Consider now case (2). Then hλmax(x) = 0 for all x ∈ dom(ψ∗). Indeed, if λmax <∞, this
follows from the fact that ψ(λ) → ∞ as λ ↑ λmax by virtue of being a cumulant generating
function. If λmax = ∞, we pick y ∈ (x, x̄) and note that hλ(x) ≤ e−λ(y−x)+ψ

∗(y), which tends
to zero as λ→ ∞. As a result, any h ∈ E ′, specified by π ∈ M1(Λ), is dominated by h′ ∈ E ′

0

specified by π′ = π(· ∩ Λ0) + (1− π({λmax}))δ0 ∈ M1(Λ0). Thus E ′
0 is a complete class. The

proof of minimality works as in case (1) on replacing E by E0 and Λ by Λ0. (Note that since
Λ0 does not contain λmax, there is no need to establish

∫
X hλmax(x)µ̄(dx) = 1, which does not

hold in the setting of case (2).)
(iii): This follows directly from Theorem 5.5 and Lemma 6.2, noting that exact e-variables

(see Theorem 5.5) are necessarily admissible.

7 Optimal e-variables

We now consider the problem of finding optimal e-variables in the set E of all e-variables for
a given hypothesis P. We work with a general class of objective functions defined in terms of
the following data:

• Alternative hypothesis: any family Q ⊂ M1 of probability measures such that Q ≪ P,
meaning that every P-negligible set is also Q-negligible.

• Utility function: a nondecreasing upper semicontinuous function U : [0,∞) → [−∞,∞)
that is linearly bounded in the sense that there exist a ∈ R and b > 0 such that

U(x) ≤ a+ bx for all x ∈ [0,∞).

• Penalty function: an arbitrary function χ : Q → R.

22



The objective function is defined in terms of these data as

U(h) = inf
Q∈Q

{∫
X
U(h)dQ− χ(Q)

}
, h ∈ E ,

with the convention that the integral is −∞ whenever
∫
X U(h)−dQ = ∞. This covers several

criteria appearing in the literature:

Example 7.1. (i) With a simple hypothesis Q = {Q}, log-utility U(x) = log(x), and van-
ishing penalty function χ = 0, one maximizes e-power (Ramdas and Wang, 2025, Ch. 3),
thus obtaining (assuming the optimal value is finite) the log-optimal GRO e-variable or
numeraire of Grünwald et al. (2024); Larsson et al. (2025).

(ii) More generally, log-utility can be replaced with any proper concave function U . By
concavity, such a function is automatically linearly bounded. Examples include the power
utilities considered by Larsson et al. (2025, Section 6) and those used by Koning (2025).

(iii) If, instead, we keep log-utility, let Q be composite, assume that both P and Q admit a
common reference measure, and maintain a zero penalty function, we obtain the GROW
e-variable problem of Grünwald et al. (2024). Of course, we can again work with general
concave utility functions.

(iv) Still in the composite setting with reference measure and log-utility U(x) = log(x), allow-
ing a bounded penalty function χ yields the REGROW e-variable problem of Grünwald
et al. (2024). The main example is χ(Q) = suph∈E

∫
X U(h)dQ, the optimal e-power for

the point alternative Q. The objective function U(h) can then be interpreted as (the neg-
ative of) the worst-case regret of using h instead of the e-variable with optimal e-power
for the particular alternative Q ∈ Q that actually generated the data. Note that our
setup does not require the penality function χ to be bounded.

(v) Any continuous variational preference in the sense of Maccheroni et al. (2006) is rep-
resented by a utility U(h) of the above form, with U affine and χ a nonpositive function
which, when extended to take the value −∞ outside Q, is concave and upper semicon-
tinuous with weakly compact super-level sets; see (Maccheroni et al., 2006, Sections 3.2
and 3.4) for details.

Because U is nondecreasing, so is U in the sense that U(h′) ≥ U(h) whenever h′ ≥ h,
P-q.s. and hence Q-q.s. For this reason it suffices to maximize U over a complete class of e-
variables; see Definition 6.1. Several of the results in this paper yield complete classes E0 which
are compactly parameterized in the sense that there is a compact set K0 and a continuous
map π 7→ h(π) from K0 onto E0. The problem of maximizing U(h) over E thus reduces
to maximizing U(h(π)) over K0. Thanks to this reduction, the existence of an optimal e-
variable boils down to the standard fact that an upper semicontinuous function on a compact
set achieves its supremum. In contrast, maximizing U(h) directly over E seems intractable
in general, especially when Q is non-dominated or U is non-concave. We elaborate below on
the details of this reduction in two cases: finitely generated hypotheses and one-sided sub-ψ
hypotheses. After that we discuss uniqueness of the optimizer.
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Finitely generated hypotheses. Consider a finite constraint set Φ = {g1, . . . , gd} and let
P be the hypothesis it generates. We know from Theorem 6.5(i), or directly from Theorem 3.1,
that a complete class is given by all e-variables of the form

h = 1 +
d∑
i=1

πigi

with π ∈ Rd+ belonging to the set ΠΦ defined in Corollary 3.3. Thanks to Lemma 3.2 we may
always restrict π to the set K in (3.1). Defining K0 = K ∩ ΠΦ, the problem of maximizing
U(h) over E thus reduces to

sup
π∈K0

u(π), where u(π) = inf
Q∈Q

{∫
X
U

(
1 +

d∑
i=1

πigi

)
dQ− χ(Q)

}
. (7.1)

The key advantage of this reduction is captured by the following lemma.

Lemma 7.2. The set K0 = K ∩ΠΦ is compact.

Proof. Both K and ΠΦ are closed, so it suffices to prove that K0 is bounded. The argument
is similar to the proof of Theorem 3.1. Suppose for contradiction that there is a sequence
(πn)n∈N in K0 with ∥πn∥ → ∞, where ∥πn∥ =

∑d
i=1 π

n
i . After passing to a subsequence and

using that K0 is closed and contains πn/∥πn∥ whenever ∥πn∥ ≥ 1, we obtain πn/∥πn∥ → ρ
for some ρ ∈ K0 with ∥ρ∥ = 1. We then get

∑d
i=1 ρigi = limn→∞(1 +

∑d
i=1 π

n
i gi)/∥πn∥ ≥ 0,

P-q.s. On the other hand,
∫
X
∑d

i=1 ρigidµ ≤ 0 for all µ ∈ P. Thus
∑d

i=1 ρigi = 0, P-q.s.,
contradicting the fact that ρ ∈ K. We deduce that K0 is bounded.

It is now straightforward to show existence of an optimal e-variable.

Theorem 7.3. Assume the constraint set is finite, Φ = {g1, . . . , gd}, and that∫
X
(|g1|+ · · ·+ |gd|) dQ <∞ for all Q ∈ Q.

Then there exists an e-variable h∗ = 1+
∑d

i=1 π
∗
i gi with π∗ ∈ K0 that achieves the supremum

suph∈E U(h).

Proof. We need to find π∗ ∈ K0 that maximizes u in (7.1). SinceK0 is compact by Lemma 7.2,
it suffices to show that u is upper semicontinuous. Set c = sup{∥π∥ : π ∈ K0}, which is finite
since K0 is compact, and note that U(1+

∑d
i=1 πigi) ≤ a+b+bc(|g1|+· · · |gd|) for any π ∈ K0.

Since the upper bound is integrable under any fixed Q ∈ Q, it follows from Fatou’s lemma
and upper semicontinuity of U that the map π 7→

∫
X U(1 +

∑d
i=1 πigi)dQ− χ(Q) from K0 to

[−∞,∞] is upper semicontinuous. Thus u is upper semicontinuous too, being the pointwise
infimum of a family of upper semicontinuous functions.

One-sided sub-ψ hypotheses. We now consider the hypothesis P associated with a func-
tion ψ as in Section 4. We then get from Theorem 6.5(ii), or directly from Theorem 4.3(ii),
that a complete class is given by all e-variables of the form

h(x) =

∫
Λ
eλx−ψ(λ)π(dλ), x ∈ dom(ψ∗),
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with π ∈ M1(Λ). The problem of maximizing U(h) over E thus reduces to maximizing u(π)
over M1(Λ), where

u(π) = inf
Q∈Q

{∫
X
U

(∫
Λ
eλx−ψ(λ)π(dλ)

)
dQ− χ(Q)

}
. (7.2)

Just as in the finitely generated case, this reduction immediately leads to a general existence
result.

Theorem 7.4. Assume P is the one-sided sub-ψ hypothesis associated with a function ψ as
in Section 4, and that ∫

X
eψ

∗
dQ <∞ for all Q ∈ Q.

Then there exists an e-variable h∗(x) =
∫
Λ e

λx−ψ(λ)π∗(dλ) with π∗ ∈ M1(Λ) that achieves the
supremum suph∈E U(h).

Proof. Since Λ = [0, λmax] is compact, so is M1(Λ) thanks to Prokhorov’s theorem; see,
e.g., Billingsley (1999, Theorem 5.1). Here M1(Λ) is equipped with the topology of weak
convergence. Moreover, if a sequence (πn)n∈N in M1(Λ) converges weakly to a limit π, then
the integrals

∫
Λ e

λx−ψ(λ)πn(dλ) converge to
∫
Λ e

λx−ψ(λ)π(dλ) for every x ∈ dom(ψ∗). Since

U

(∫
Λ
eλx−ψ(λ)π(dλ)

)
≤ a+ beψ

∗(x)

for all π ∈ M1(Λ), and since the upper bound is integrable under any fixed Q ∈ Q, the same
argument as in the proof of Theorem 7.3 now yields upper semicontinuity of u in (7.2). It
follows that an optimal e-variable h∗ of the stated form exists.

Here is an interesting example where the optimal h∗ and π∗ in Theorem 7.4 are explicit.
We thank one of the referees for suggesting this example.

Example 7.5. Fix a nondegenerate mean-zero distribution µ0 on X = R with finite cumulant
generating function ψ(λ), λ ∈ [0,∞). We let the null hypothesis P be the one-sided sub-ψ
hypothesis. Next, the exponential family generated by µ0 consists of the distributions µλ(dx) =
exp(λx−ψ(λ))µ0(dx), parameterized by λ ∈ [0,∞). Fix some λ∗ > 0 and consider the simple
alternative Q∗ = µλ∗. Note that Q∗ is not sub-ψ, because for λ > 0,∫

X
eλx−ψ(λ)Q∗(dx) =

∫
X
e(λ+λ

∗)x−ψ(λ)−ψ(λ∗)µ0(dx) = eψ(λ+λ
∗)−ψ(λ)−ψ(λ∗) > 1

by super-additivity of ψ for positive arguments. Now, because the function h∗(x) = exp(λ∗x−
ψ(λ∗)) is an e-variable by definition of P and, also, the likelihood ratio between Q∗ and an
element µ0 of P, h∗ is actually the numeraire, and as such optimal for the log-utility U(x) =
log(x); see Grünwald et al. (2024, Corollary 2) or Larsson et al. (2025, Theorem 4.1). This
identifies h∗ and π∗ = δλ∗ in this case.

Remarkably, the same h∗ remains optimal in the sense of GROW if the above simple alter-
native is replaced by the composite alternative Q = {Q :

∫
X x

−Q(dx) < ∞ and
∫
X xQ(dx) ≥

m∗}, where m∗ =
∫
X xQ

∗(dx) = ψ′(λ∗). In words, Q consists of all distributions with inte-
grable left tail whose (possibly infinite) mean is at least as large as the mean of Q∗. Because

25



ψ′ is increasing, Q contains in particular all members µλ of the exponential family for which
λ ≥ λ∗. To see that h∗ is GROW optimal, first note that any Q ∈ Q satisfies∫

X
log(h∗(x))Q(dx) = λ∗

∫
X
xQ(dx)− ψ(λ∗) ≥ λ∗m∗ − ψ(λ∗) =

∫
X
log(h∗(x))Q∗(dx).

On the other hand, since h∗ is log-optimal for the simple alternative {Q∗}, the right-hand
side dominates

∫
X log(h(x))Q∗(dx) for any other e-variable h. This yields the saddle-point

property ∫
X
log(h∗)dQ ≥

∫
X
log(h∗)dQ∗ ≥

∫
X
log(h)dQ∗

for all Q ∈ Q and h ∈ E. The claim that h∗ is GROW follows.

Uniqueness. Under suitable strict concavity conditions one expects that the e-variable
attaining the supremum is unique. However, since the objective value U(h) is unchanged if h
is replaced by a Q-version, one can only expect uniqueness up to Q-negligible sets. In what
follows, uniqueness will always be understood in this sense. It is clear that if U is concave,
then so is U. We say that U is strictly concave if U(th + (1 − t)h′) > tU(h) + (1 − t)U(h′)
holds for all t ∈ (0, 1) and all h, h′ ∈ E that are not Q-q.s. equal. Strict concavity of U implies
uniqueness of the optimal e-variable. However, in the general composite case, strict concavity
of U does not follow from strict concavity of U . We now present a simple sufficient condition
for uniqueness in terms of U and Q.

Theorem 7.6. Assume that U is concave, suph∈E U(h) ∈ R, and the following condition
holds:

if h1, h2 ∈ E and inf
Q∈Q

∫
X

(
U

(
h1 + h2

2

)
− U(h1)

2
− U(h2)

2

)
dQ = 0, then h1 = h2, Q-q.s.

Then the optimal e-variable is unique. The above condition holds, in particular, if U is strictly
concave and Q is contained in the convex hull of finitely many mutually absolutely continuous
probability measures.

Proof. Let h1, h2 ∈ E be any optimal e-variables, and set h = (h1 + h2)/2. We then have

U(h) = inf
Q∈Q

{∫
X
U(h)dQ− χ(Q)

}
= inf

Q∈Q

{
1

2

(∫
X
U(h1)dQ− χ(Q)

)
+

1

2

(∫
X
U(h2)dQ− χ(Q)

)
+

∫
X

(
U(h)− 1

2
U(h1)−

1

2
U(h2)

)
dQ

}
≥ 1

2
U(h1) +

1

2
U(h2) + inf

Q∈Q

∫
X

(
U(h)− 1

2
U(h1)−

1

2
U(h2)

)
dQ.

The first line is just the definition of U(h). To justify the second line, note that concavity
of U yields U(h) − U(h1)/2 − U(h2)/2 ≥ 0, and that the negative parts U(hi)

−, i = 1, 2,
are integrable under every Q ∈ Q since suph∈E U(h) > −∞. The last line follows from the
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definition of U(hi), i = 1, 2. We deduce that h is optimal, and then, since the optimal value
is finite, that

inf
Q∈Q

∫
X

(
U(h)− 1

2
U(h1)−

1

2
U(h2)

)
dQ = 0.

The assumption of the theorem now yields h1 = h2, Q-q.s., showing uniqueness.

8 Hypotheses expressed as unions

Some hypotheses of interest are naturally expressed as unions of simpler hypotheses. This
happens, for instance, if one imposes an upper bound on the conditional value-at-risk ; see
Example 8.2 below. Hypotheses of this form are not generated by constraints in a natural way,
but our results can still sometimes be used to describe their e-variables. This is a consequence
of the following simple but very general result.

Lemma 8.1. Consider an arbitrary collection of hypotheses Pθ, θ ∈ Θ, and let Eθ be the
set of e-variables for Pθ. Define the union P =

⋃
θ∈Θ Pθ, and let E be the associated set of

e-variables. Then E =
⋂
θ∈Θ Eθ.

Proof. A measurable function h : X → [0,∞] belongs to
⋂
θ∈Θ Eθ if and only if

∫
X hdµ ≤ 1

for all µ ∈ Pθ and all θ ∈ Θ. But this just says that f ∈ E .

It is worth mentioning that there is no analog of Lemma 8.1 allowing to reconstruct the
set E of e-variables for an intersection P =

⋂
θ∈Θ Pθ from the individual sets Eθ. Such an

analog would be of interest, because any hypothesis generated by a constraint set Φ can be
expressed as the intersection

⋂
f∈Φ Pf , where Pf is the hypothesis generated by the single

function f . To see the obstruction, consider the constraint function f(x) = x. We know from
Example 3.9 that Ef is trivial, and thus contains no information about the constraint function
that generated it. It follows that there is no way to use Ef and, say, Eg where g(x) = x2 − 1,
to construct the set of e-variables for the hypothesis generated by f and g, whose e-variables
are characterized in Example 3.6.

We now illustrate how Lemma 8.1 can be used by examining a hypothesis involving a
bound on conditional value-at-risk (CVaR). Interestingly, this example shows that e-variables
can be used to test CVaR without imposing any moment bounds as is done, for instance, by
Agrawal et al. (2021b). Backtesting of CVaR using e-variables has been studied by Wang et al.
(2025). The representation derived below extends the one in their Theorem 5 by removing
the restriction to e-variables that are increasing in x imposed in that theorem.

Example 8.2. Let X = R. For any α ∈ (0, 1), the conditional value-at-risk at level α of a
distribution µ is given by

CVaRα(µ) = min
θ∈R

{
θ +

1

1− α

∫
X
(x− θ)+µ(dx)

}
. (8.1)

This formula can be interpreted in terms of the value-at-risk of µ at level α, which is the
quantile VaRα(µ) = min{x ∈ R : µ((−∞, x]) ≥ α}. Assuming that µ does not have an atom
at VaRα(µ), one has CVaRα(µ) = E[X | X ≥ VaRα(µ)] in probabilistic notation, where X is
a random variable with distribution µ. A slightly more involved formula holds in the general
case. We refer to Rockafellar and Uryasev (2002, Definition 3) for details.
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For a given level α ∈ (0, 1) and threshold c ∈ R, we consider the hypothesis that the
conditional value-at-risk at level α does not exceed c, i.e.,

P = {µ ∈ M1 : CVaRα(µ) ≤ c}.

In view of (8.1), P is the union of the hypotheses Pθ, each generated by the single constraint
function θ − c + (x − θ)+/(1 − α). For θ > c, this function is strictly positive, so Pθ is
empty and can be excluded from the union. We thus restrict to θ ≤ c. For θ = c, Pθ consists
of all distributions on (−∞, c], and admits the single admissible e-variable 1 + ∞1(c,∞)(x).
For θ < c, we get from Corollary 3.3 that every e-variable for Pθ is pointwise dominated by
1+πθ(θ− c+(x− θ)+/(1−α)) for some πθ ∈ [0, (c− θ)−1]. We then deduce from Lemma 8.1
that every e-variable for P is dominated by a function of the form

h(x) = 1 + inf
θ<c

πθ

(
θ − c+

(x− θ)+

1− α

)
∧
(
∞1(c,∞)(x)

)
,

for some πθ ∈ [0, (c − θ)−1]. Here the only role played by the term ∞1(c,∞)(x) is to ensure
that h(c) = 1. Indeed, for x < c the infimum is negative, and for x > c it is, of course, finite.
Thus the minimum with ∞1(c,∞)(x) has no effect in these cases. But it does have an effect
for x = c, since h(c) = 1 + α

1−α infθ<c πθ(c − θ) ∧ 0 = 1. It is natural to reparameterize in
terms of wθ = πθ(c− θ), and we finally arrive at the form

h(x) =

1 + inf
θ<c

wθ

(
1

1− α

(
x− θ

c− θ

)+

− 1

)
, x ̸= c,

1, x = c,

(8.2)

where wθ ∈ [0, 1]. Since the pointwise infimum of a family of continuous functions is upper
semicontinuous and hence measurable, any h of the form (8.2) is measurable. As a result, h
is itself an e-variable for P and, therefore, the functions of this form constitute a complete
class for P in the sense of Definition 6.1.

It is remarkable that CVaR, unlike the mean, can be tested without any a priori moment
bounds. Indeed, taking c = 0 for simplicity, we obtain a nontrivial e-variable by setting
wθ = 1 for all θ < 0 in (8.2), namely

h(x) =


0, x < 0,

1, x = 0,

(1− α)−1, x > 0.

Although α is required to lie in (0, 1) above, it is worth noting that with α = 0, CVaR formally
reduces to the mean. In this case any choice of wθ ∈ [0, 1] in (8.2) yields a trivial e-variable
h(x) ≤ 1, which is consistent with Example 3.9.

9 Hypotheses with relaxed integrability

We now elaborate on the integrability requirement in the definition of P in (2.1). To illustrate
the issue, consider a single constraint function f0 which is bounded above but unbounded
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below. We can then find µ ∈ M1 such that
∫
X f0dµ is well-defined but equal to −∞. This

measure does not qualify for membership in P. More generally, given a general constraint set
Φ, it is natural to consider the larger, relaxed, hypothesis

P̃ =

{
µ ∈ M1 :

∫
X
f+dµ <∞ and

∫
X
fdµ ∈ [−∞, 0] for all f ∈ Φ

}
. (9.1)

What is the set Ẽ of e-variables for P̃? It is certainly included in E , but can the two be
different? Relatedly, suppose we start with a constraint set Φ and include a single additional
negative function f0 to form Φ0 = Φ ∪ {f0}. How, if at all, does this affect the hypotheses
and their sets of e-variables? Intuitively one might expect that including a negative con-
straint function would not change the hypothesis. In the following discussion we indicate the
constraint sets explicitly by writing P(Φ), P(Φ0), P̃(Φ), and P̃(Φ0) for the hypotheses, and
E(Φ), etc., for the corresponding sets of e-variables.

One may wonder why the theory presented so far does not already operate with the relaxed
definition in (9.1). The reason is that P̃ is in general not a subset of a vector space like MΦ.
This renders the machinery of topological vector spaces and their duality theory inapplicable.
However, once developed, our theory can be used to draw conclusions about the more general
objects P̃ and Ẽ , as we now discuss.

It is clear that the relaxed hypotheses P̃(Φ) and P̃(Φ0) are equal, and so are their sets of
e-variables. However, as the following example shows, P(Φ) can differ from P(Φ0), and their
sets of e-variables can also be different. Further, it shows Ẽ(Φ0) ̸= E(Φ0) in general.

Example 9.1. Let X = N. Consider the constraint set Φ consisting of the functions fn,
n ∈ N, defined by fn(x) = 1 for x ̸= n and fn(n) = 1 − 2n. Let Φ0 = Φ ∪ {f0}, where
the negative function f0 is given by f0(x) = −2x. For any µ =

∑
x∈N pxδx in the hypothesis

P(Φ), the condition
∫
N fndµ ≤ 0 translates to the inequality 1 − pn + pn(1 − 2n) ≤ 0, or

pn ≥ 2−n. It follows that P(Φ) consists of the single measure µ =
∑

x∈N 2−xδx, and that E(Φ)
consists of all nonnegative functions h such that

∑
x∈N h(x)2

−x ≤ 1. However,
∫
N f0dµ = −∞,

so µ /∈ P(Φ0). Thus P(Φ0) = ∅, and E(Φ0) consists of all nonnegative functions on N. In
contrast, the relaxed hypotheses P̃(Φ) and P̃(Φ0) both coincide with P(Φ), and their (common)
set of e-variables Ẽ(Φ) = Ẽ(Φ0) = E(Φ). Moreover, because these sets differ from E(Φ0), we
see that the relaxed definition (9.1) can indeed produce a strictly smaller set of e-variables.

In this example the constraint sets are infinite. We now give a positive result showing that
with a finite constraint set, the above issue cannot occur. It is an interesting open problem
to characterize Ẽ(Φ) for a general infinite constraint set Φ.

Theorem 9.2. Consider a finite nonempty constraint set Φ = {g1, . . . , gd}. Let P be the
hypothesis it generates, and let P̃ be the relaxed hypothesis defined in (9.1). Then the set Ẽ of
e-variables for P̃ coincides with the set E of e-variables for P.

The proof relies on the following lemma.

Lemma 9.3. Let µ ∈ M1 and let f1, . . . , fm be measurable and µ-integrable. Then there is a
finitely supported probability measure ν such that

∫
X fidν =

∫
X fidµ for i = 1, . . . ,m.
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Proof. Define f : X → Rm by f(x) = (f1(x), . . . , fm(x)) and set z0 =
∫
X fdµ ∈ Rm. To prove

the lemma it is enough to show that z0 ∈ conv(range(f)), the convex hull of the range of f .
To this end, consider the pushforward γ = f∗µ on Rm and define

C = conv(supp(γ) ∩ range(f)).

Suppose for contradiction that z0 /∈ ri(C), the relative interior of C. Then there is some
nonzero u ∈ Rm such that

u · (z − z0) > 0 for all z ∈ ri(C). (9.2)

This implies that u · (z − z0) ≥ 0 for all z ∈ C, hence γ-a.e. Since also∫
Rm

u · (z − z0)γ(dz) = u ·
(∫

Rm
zγ(dz)− z0

)
= 0,

we deduce that u · (z − z0) = 0, γ-a.e. This shows that supp(γ) is contained in the set
{z ∈ Rm : u · (z − z0) = 0}, which is disjoint from ri(C) in view of (9.2). We have established
that C ∩ ri(C) = ∅, which contradicts the fact that every nonempty convex set in Rm has
nonempty relative interior. Thus z0 ∈ ri(C) ⊂ conv(range(f)).

Proof of Theorem 9.2. Since P ⊂ P̃, we always have Ẽ ⊂ E . We therefore only have to prove
the opposite inclusion, so we fix any h ∈ E . Assume first that h is bounded. Consider any
µ ∈ P̃ and let c be a sufficiently large negative constant to ensure that

∫
X (gi ∨ c)dµ ≤ 0 for

those i ∈ {1, . . . , d} such that
∫
X g

−
i dµ = ∞. Using Lemma 9.3 we obtain a finitely supported

probability measure ν such that∫
X
hdν =

∫
X
hdµ, (9.3)∫

X
gidν =

∫
X
gidµ, i ∈ {1, . . . , d} with

∫
X
g−i dµ <∞, (9.4)∫

X
(gi ∨ c)dν =

∫
X
(gi ∨ c)dµ, i ∈ {1, . . . , d} with

∫
X
g−i dµ = ∞. (9.5)

Since ν is finitely supported, all gi are ν-integrable. We thus have from (9.4) and (9.5) that
ν ∈ P. Then (9.3) and the fact that h ∈ E yield

∫
X hdµ ≤ 1. Since µ ∈ P̃ was arbitrary, this

shows that h ∈ Ẽ . If h ∈ E is unbounded, then by what we just proved, h ∧ n ∈ Ẽ for each
n ∈ N, and thus h ∈ Ẽ by monotone convergence. This completes the proof.

10 Summary and open problems

In various applications, statistical hypotheses are naturally described through constraints on
the data-generating distribution. In this paper, we use the duality theory for locally convex
topological vector spaces, in particular the bipolar theorem, to give an abstract representation
of all e-variables for hypotheses of this kind in a general setting. We then show how the
abstract representation instantiates in several concrete cases. As such, our results facilitate
the use of e-variables for testing hypotheses generated by constraints.
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There are, nonetheless, many important and challenging open problems. One of them is to
describe the set of e-variables for the i.i.d. n-sample hypothesis P⊗n consisting of all product
distributions µ⊗n on X n with µ ∈ P, for some hypothesis P of distributions on X . Any
function of the form h(x1, . . . , xn) =

∏n
i=1 hi(xi) with hi ∈ E is an e-variable for P⊗n, as are

all convex combinations of such functions, and their limits. However, not all e-variables arise
in this way in general. For example, suppose P is the set of all distributions on R, so that
Pn is the set of all laws of real i.i.d. n-samples. Then any hi ∈ E satisfies hi ≤ 1, and thus so
do e-variables of the product form above, their convex combinations, etc. But, taking n = 2
for illustration, the function h(x1, x2) = 21{x1<x2} + 1{x1=x2} is an example of a nontrivial
e-variable for P⊗n. Can all nontrivial e-variables be characterized?

Another interesting future direction is to extend our results to the sequential setting, where
testing and inference based on e-variables have been proven to be particularly effective. Let
us mention two specific problems whose solutions would be of interest. We formulate these
in a probabilistic language, rather than the analytic language we otherwise use in this paper.

Suppose we observe data Xt, t ∈ N, taking values in a measurable space X . We model
(Xt)t∈N as the canonical process on XN, and let (Ft)t∈N with Ft = σ(X1, . . . , Xt) be the
filtration generated by the data. We let F0 be the trivial σ-algebra. Consider now a finite
constraint set Φ = {g1, . . . , gd} of functions on X , which generates a family P of distributions
on X as in Definition 2.1. We may then examine those distributions P on XN under which
the conditional distributions of the data belong to P. That is,

P(Xt ∈ · | Ft−1) belongs to P for all t ∈ N, P-a.s.,

or, equivalently,

EP[gi(Xt) | Ft−1] ≤ 0, P-a.s., for all i = 1, . . . , d and all t ∈ N.

Let P denote the collection of all such P. Note that P is a family of distributions over the
entire data sequence, whereas P is a family of distributions over a single observation.

An e-process for P is a nonnegative adapted process (Yt)t∈N0 (where N0 = N ∪ {0}) such
that EP[Yτ ] ≤ 1 for all P ∈ P and all finite stopping times τ for the given filtration. E-
processes are the natural analog of e-variables in the sequential setting, and it is of interest to
describe their structure. One can easily construct a large class of such e-processes by setting
Y0 = 1 and

Yt =

t∏
s=1

(
1 +

d∑
i=1

πi,sgi(Xs)

)
, t ∈ N, (10.1)

where πt = (π1,t, . . . , πd,t), t ∈ N, is a predictable process taking values in the set ΠΦ defined
in Corollary 3.3. The predictability property means that πt is a measurable function of
X1, . . . , Xt−1. Any process (Yt)t∈N0 as in (10.1) above is actually a P-supermartingale, i.e., a
supermartingale under every P ∈ P. The e-process property then follows from the stopping
theorem. It is now natural to ask whether every admissible e-process for P is of the form
(10.1), at least assuming the constraint qualification (3.3). Clerico (2025) provides a positive
answer in the natural sequential extension of Example 3.8 for testing if a bounded conditional
mean equals m. It would be of interest to settle the general case as well.

The second open problem concerns the smaller hypothesis P∞ ⊂ P consisting of all i.i.d.
distributions P = µ⊗∞ on XN with µ ∈ P. This hypothesis is significantly smaller than P, so
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its family of admissible e-processes is potentially larger. Can it be described explicitly? How,
if at all, is it related to the family of e-processes for P?

Lastly, one can of course formulate versions of these questions for infinite constraint sets
Φ as well, and this also leads to interesting open problems.

A Some results from topology and functional analysis

A.1 Closedness, compactness, and continuity using nets

Let X be a topological space. In many cases, for example if X is a metric space, properties
such as closedness, compactness, and continuity can be characterized using sequences. For
example, a set C ⊂ X is closed if and only if C contains the limit of every convergent sequence
(xn)n∈N ⊂ C. In general topological spaces, this characterization may fail. However, it can be
restored by replacing sequences with the more general concept of nets, also known as Moore–
Smith sequences. We review the basic definitions and facts below, and refer the reader to
Kelley (1975, Chapter 2), Willard (1970, Chapter 4), and Aliprantis and Border (2006, p. 32)
for more details.

Instead of only using the natural numbers N as index set, a net can be indexed by a
general directed set A. This is a nonempty set with a binary relation ≥ that is symmetric
(α ≥ α for all α ∈ A), transitive (α ≥ β and β ≥ γ implies α ≥ γ for all α, β, γ ∈ A), and
enjoys the directedness property that for any α, β ∈ A there is γ ∈ A with γ ≥ α and γ ≥ β.
The natural numbers with the standard ordering is an example of a directed set; another is
the family of all neighborhoods U of a given point x ∈ X, with U ≥ V if U ⊂ V . (Recall that
a neighborhood of a point x ∈ X is any set that contains an open set containing x.) A net
is a map from some directed set A to X, denoted by (xα)α∈A in analogy with the notation
for sequences. For brevity we often write (xα) or even just xα for the net (xα)α∈A. The net
converges to a point x ∈ X if it is eventually in any neighborhood of x; that is, if for any
neighborhood U of x, there is some α ∈ A such that xβ ∈ U for all β ∈ A with β ≥ α. We
express this by saying that “xα converges to x”, or just “xα → x”. Lastly, a subnet of (xα)α∈A
is a net of the form (xφ(β))β∈B, where φ : B → A is increasing (γ ≥ β implies φ(γ) ≥ φ(β))
and cofinal (for every α ∈ A there is β ∈ B such that φ(β) ≥ α).

Theorem A.1. (i) A set C ⊂ X is closed if and only if it contains all limits of nets in C.

(ii) A set C ⊂ X is compact if and only if every net in C has a subnet with a limit in C.

(iii) A function f from X to a topological space Y is continuous if and only if xα → x implies
f(xα) → f(x). To be precise, the latter property means that for every x ∈ X and every
net (xα)α∈A in X that converges to x, the net (f(xα))α∈A in Y converges to f(x).

Proof. Parts (i) and (iii) are Theorem 11.7 and Theorem 11.8 of Willard (1970). Part (ii)
follows from Theorem 11.5 and Theorem 17.4 of Willard (1970).

We now specialize some of the above to Euclidean space Rd. The Heine–Borel theorem
states that any closed and bounded subset of Rd is compact. Therefore, Theorem A.1(ii)
implies that any bounded net in Rd has a convergent subnet. We use this fact in the proof of
Theorem 3.1.
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For a net (xα)α∈A in R one can define the limsup and liminf exactly as for sequences,

lim inf
α

xα = lim
α

inf
β≥α

xβ and lim sup
α

xα = lim
α

sup
β≥α

xβ.

That is, lim infα xα is the limit of the net yα = infβ≥α xβ in the extended reals [−∞,∞].
This net is increasing in the sense that γ ≥ α implies yγ ≥ yα, and this ensures that the
limit exists. We say that xα converges to infinity if lim infα xα = ∞, meaning that xα is
eventually larger than any real number. The case of limsup is analogous. If a net in R+ does
not converge to infinity, meaning that its liminf is finite, it has a bounded subnet. Hence, by
Heine–Borel and Theorem A.1(ii) as above, it has a further subnet that converges to a limit
in R+. This is again something we make use of in the proof of Theorem 3.1.

A.2 Dual pairs and the bipolar theorem

Here we review some concepts and facts from the classical duality theory of locally convex
spaces. All the required material can be found in Schaefer and Wolff (1999), see in particular
Chapter IV.

Two real vector space F and G form a dual pair (or dual system) if there is a bilinear
form ⟨ · , · ⟩ on F × G that separates points in the following sense: if x ∈ F and ⟨x, y⟩ = 0
for all y ∈ G, then x = 0; and if y ∈ F and ⟨x, y⟩ = 0 for all x ∈ F , then y = 0. One also
says that ⟨ · , · ⟩ places F and G in (separated) duality, and writes ⟨F,G⟩ as shorthand for the
tuple (F,G, ⟨ · , · ⟩).

Given a dual pair ⟨F,G⟩, one defines the weak topology σ(F,G) as the initial topology
generated by the maps x 7→ ⟨x, y⟩, y ∈ G. That is, σ(F,G) is the weakest topology on F such
that the map x 7→ ⟨x, y⟩ from F to R is continuous for every y ∈ G. With this topology F is
a locally convex space; see Schaefer and Wolff (1999), Chapter II, Section 5.

For any subset C ⊂ F , the polar of C (sometimes called the one-sided polar) is the set

C◦ = {y ∈ G : ⟨x, y⟩ ≤ 1 for all x ∈ C}.

The bipolar of C is the polar of the polar,

C◦◦ = {x ∈ F : ⟨x, y⟩ ≤ 1 for all y ∈ C◦}.

The polar and bipolar are always convex. If C is a cone, meaning that λC ⊂ C for every
λ ∈ [0,∞), then the polar and bipolar are also cones and can be written

C◦ = {y ∈ G : ⟨x, y⟩ ≤ 0 for all x ∈ C},
C◦◦ = {x ∈ F : ⟨x, y⟩ ≤ 0 for all y ∈ C◦}.

We make extensive use of the following fundamental result, which we state here for convex
cones. This follows from Theorem 1.5 of Section IV in Schaefer and Wolff (1999) along with
the fact that the convex hull of {0} ∪ C is just C itself when C is a convex cone.

Theorem A.2 (Bipolar theorem). If C ⊂ F is a convex cone, then the bipolar C◦◦ is the
σ(F,G)-closure of C.
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A.3 The Krein–Šmulian theorem

Let E be a Banach space with norm ∥·∥. Its dual space E′ consists of all bounded linear func-
tionals on E, and is equipped with the dual norm given by ∥φ∥′ = sup{φ(x) : x ∈ E, ∥x∥ ≤ 1}.
The weak∗ topology on E′ is the initial topology generated by the maps φ 7→ φ(x) from E′

to R, where x ∈ E. This is also the topology σ(E′, E) coming from the dual pair ⟨E′, E⟩
with bilinear form ⟨φ, x⟩ = φ(x); see Section A.2. The following result plays a crucial role in
Section 4. For a proof, see Theorem 12.1 in Conway (1990).

Theorem A.3 (Krein–Šmulian). Let (E, ∥ · ∥) be a Banach space with dual space (E′, ∥ · ∥′).
A convex subset C ⊂ E′ is weak∗ closed if and only its intersection with every dual ball is
weak∗ closed, that is, C ∩ {φ ∈ E′ : ∥φ∥′ ≤ r} is weak∗ closed for all r ∈ (0,∞).
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