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Abstract
Quadratically regularized optimal transport (QOT) is an alternative to entropic reg-

ularization that yields sparse couplings and avoids numerical instabilities due to expo-
nential scaling. From an optimization viewpoint, the dual QOT objective is concave but
features a positive part function which prevents strong concavity and reduces smoothness
of optimizers. Consequently, standard arguments for linear convergence of algorithms
do not apply. In this paper, we nevertheless establish a quantitative curvature property
for the QOT dual. Under mild assumptions covering both continuous and semi-discrete
transport problems, we prove a local error bound and a Polyak–Łojasiewicz (PL) inequal-
ity, with explicit constants depending only on the problem primitives. These results are
obtained by functional-analytic techniques exploiting that near the optimum, the ar-
gument of the positive part function is positive on the interior of the support of the
optimal coupling. As applications, we derive linear convergence of the gradient ascent,
coordinate ascent, and coordinate gradient ascent algorithms on the dual problem, with
explicit contraction rates.
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1 Introduction

Optimal transport provides a principled framework for comparing probability distributions,
with ubiquitous applications from machine learning to economics. Given compactly sup-
ported probability measures P and Q on Rd, the optimal transport problem with cost function
c : Rd × Rd → R is

OT(P,Q) = inf
π∈Π(P,Q)

∫
Rd×Rd

c(x, y) dπ(x, y), (1)

where Π(P,Q) denotes the set of couplings (or transport plans), i.e., probability measures
on Rd × Rd with marginals (P,Q). In particular, the optimal value OT(P,Q) induces the
p-Wasserstein distance when c(x, y) = ∥x − y∥p. As (1) is computationally and statistically
challenging in high dimensions, the dominant approach in applications is to introduce a
regularization term. Popularized by [7], the most widely used is Kullback–Leibler (KL)
divergence, leading to the entropic optimal transport (EOT) problem

EOTε(P,Q) = inf
π∈Π(P,Q)

∫
c(x, y) dπ(x, y) + εKL

(
π|P ⊗Q

)
. (2)
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Here ε > 0 is a parameter controlling the strength of the regularization. The associated dual
problem is the maximization of∫ (

f(x) + g(y)− εe
f(x)+g(y)−c(x,y)

ε

)
d(P ⊗Q)(x, y) (3)

over functions f, g : Rd → R. The celebrated Sinkhorn algorithm can be interpreted as
the (block) coordinate ascent algorithm on this objective. Two key features underlying the
success of EOT and Sinkhorn’s method are the strong concavity of the objective (3) and the
fact that its optimizers (f∗, g∗) are automatically as smooth as the cost c. In particular, strong
concavity directly yields linear convergence of Sinkhorn’s algorithm [6]. At the same time,
entropic regularization introduces structural distortions. The infinite derivative of t log t at
zero entails that the optimal coupling of (2) necessarily has full support (the same support
as P ⊗ Q), even though (1) is typically sparse. This “overspreading” induces blurring or
bias in applications such as image processing [2] or manifold learning [33]. Moreover, weak
regularization ε ≪ 1 leads to numerical instability due to exponentially large and small values
in the Sinkhorn updates [29]. See, e.g., [27, 25] for further background.

The most popular alternative, first considered by [24, 2, 10], replaces KL divergence by
the squared L2-norm (equivalently, χ2 divergence), leading to the quadratically regularized
optimal transport (QOT) problem

QOTε(P,Q) = inf
π∈Π(P,Q)

∫
c(x, y)dπ(x, y) +

ε

2

∥∥∥∥ dπ

d(P ⊗Q)

∥∥∥∥2
L2(P⊗Q)

. (4)

Its optimal value converges to OT(P,Q) as ε → 0 at the rate ε2/(d+2) [9]. Unlike entropic
regularization, the optimal coupling is sparse for small to moderate ε, as has been observed
empirically in many works including [2, 10, 23, 1] and recently established theoretically
in [32, 17, 26]. Moreover, exponentially large or small values do not appear in QOT. A
variety of computational approaches have been developed, including mirror gradient meth-
ods [24], Newton-type algorithms [10], Gauss–Seidel (coordinate ascent) schemes [2, 23], cyclic
projections and gradient methods [21], as well as neural network methods parameterizing the
dual domain [8, 12, 19, 20, 30].

From an optimization viewpoint, quadratic regularization leads to a markedly different
geometry. The dual problem associated with (4) is the maximization of the concave objective

Γ(f, g) =

∫ (
f(x) + g(y)− 1

2ε

(
f(x) + g(y)− c(x, y)

)2
+

)
d(P ⊗Q)(x, y). (5)

Note that the positive part function (t)+ = max(t, 0) destroys strong (and even strict) con-
cavity: Γ is linear in f ⊕ g as long as f ⊕ g − c ≤ 0, where (f ⊕ g)(x, y) := f(x) + g(y).
Moreover, optimizers have limited smoothness (not C2 even if c(x, y) = ∥x−y∥2, cf. [14, 26]).
Thus, many of the arguments that are used in EOT do not apply. While well established in
computational practice, QOT has long been regarded as difficult to study analytically, and
it is fair to say that the theory is still in its infancy. However, two recent results suggest
that QOT is better behaved than the aforementioned properties suggest: despite the lack of
strong concavity and smoothness, [13] established that QOT has parametric sample complex-
ity (i.e., does not suffer from the same statistical curse of dimensionality as unregularized
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optimal transport), and [16] showed that the gradient ascent algorithm for (5) converges
linearly. These results hint that the geometry of the QOT dual may retain some features of
strong concavity, at least locally around the optimum. The goal of the present work is to
crystallize this intuition into a quantitative result.

Indeed, our main result provides an error bound and a Polyak–Łojasiewicz (PL) inequality
for the QOT dual (5) under mild assumptions, thus offering the first structural understanding
for the optimization and statistical properties of QOT. Denoting by (f∗, g∗) the (essentially
unique) dual optimizers, Theorem 2.5 states that

∥f ⊕ g − f∗ ⊕ g∗∥L2(P⊗Q) ≤ γεmax(∥f ⊕ g − f∗ ⊕ g∗∥∞, ε) ∥DΓ(f, g)∥L2(P )×L2(Q)

and

∥DΓ(f, g)∥2L2(P )×L2(Q) ≥
1

γεmax (∥f ⊕ g − f∗ ⊕ g∗∥∞, ε)

(
QOTε(P,Q)− Γ(f, g)

)
,

where DΓ denotes the gradient and γε is an explicit constant. This error bound and PL
inequality are local in the sense that their constants are uniform only for ∥f⊕g−f∗⊕g∗∥∞ ≤ ε,
where ε is the (fixed) regularization parameter. Such a localization is clearly necessary, given
the aforementioned linear structure of the dual on part of the domain. Our setting assumes
that one marginal has compact and convex support (or more generally, compact connected
Lipschitz support) and a density that is bounded from above and below, whereas the second
marginal is only assumed to be compactly supported and the transport cost c is any Lipschitz
(or uniformly continuous) function. In particular, our setting covers both continuous and
semi-discrete transport problems.

It is well known that a PL inequality enables a host of desirable properties for optimiza-
tion. In this paper, our applications focus on the convergence of several algorithms for the
dual QOT problem (and hence also for the primal problem (4), since the dual optimizers yield
the optimal coupling via the relation (11) below). Specifically, we show in Corollaries 2.6
to 2.8 that gradient ascent, coordinate ascent, and coordinate gradient ascent all converge
linearly (for suitable step sizes), with explicit contraction constants. Of course, the PL in-
equality may also be useful for analyzing other algorithms. Further important applications,
to be developed more fully in forthcoming works, include explicit bounds for the statistical
sample complexity of QOT and quantitative stability for the dual (and hence also the primal)
QOT optimizers. Regarding the second application, we mention that first Lipschitz-stability
results follow immediately along the lines of [3, Section 4.4], whereas stronger results fol-
low with additional work (see [15]). These implications of the PL inequality offer a marked
improvement over the Hölder continuity of optimal couplings shown in [1, Theorem 3.3].

The basic intuition for our main result is the following. The dual objective (5) would
be strongly concave (in f ⊕ g) if it weren’t for the positive part operator. The latter is
active only on the complement of the set S = {(x, y) : f(x) + g(y) ≥ c(x, y)}. When
(f, g) = (f∗, g∗) are dual optimizers, S is the support of the optimal coupling, by way of (11).
While we expect the support to be sparse, the fact that it carries the solution also implies
certain lower bounds. Thus, if (f, g) is close to (f∗, g∗), we know that there is a nontrivial
set where the positive part operator is not active, and that set must be exploited as the
source of curvature for our result. However, it is not straightforward to turn this intuition
into a formal argument (in part, because we have very limited knowledge about the shape
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and size of the optimal support). The actual proof follows an original approach leveraging
functional-analytic tools: We fix (f, g) and consider the dual objective Γ(ft, gt) along the
interpolation (ft, gt) := t(f, g) + (1 − t)(f∗, g∗). The main step is to bound the second
derivative ∂2

ttΓ(ft, gt) from below, which corresponds to the coercivity of an integral operator
whose kernel is 1{ft(x)+gt(y)≥c(x,y)}. For t = 0, this set is the support of the optimal coupling,
linking to the intuition sketched above. Establishing the lower bound boils down to bounding
the minimum eigenvalue of an associated operator, which requires us to develop a tailored
spectral analysis since the operator is not compact.

As the PL inequality is local, drawing the corollaries for the algorithms requires uniform
bounds for the iterates. These bounds are algorithm-specific, but once they are obtained,
the linear convergences are direct consequences of the PL inequality. Of course, this analysis
could be extended to variants of the discussed algorithms, for instance variable step sizes.
As mentioned, linear convergence of gradient ascent was previously shown in [16]. However,
the contraction constant given there is not explicit (due to the proof containing a qualitative
compactness argument). Moreover, the proof is not easily adapted to other algorithms such
as coordinate ascent or coordinate gradient ascent since it relies on a symmetry property
specific to the gradient ascent algorithm. The derivation through the PL inequality in the
present work offers a systematic approach that covers a whole class of algorithms. Apart
from [16], we are not aware of previous results on linear convergence for continuous QOT.

Organization Section 2.1 details the assumptions and collects relevant background results.
The main result on error bound and PL inequality is Theorem 2.5 in Section 2.2, whereas
the linear convergences of the algorithms are stated as Corollaries 2.6 to 2.8 in Section 2.3.
The proof of the main result is given in Section 3, and the corollaries for the algorithms are
derived in Section 4. Section 5 concludes with a summary and practical remarks. Appendix A
extends the results from Lipschitz to uniformly continuous costs, and Appendix B relaxes
the convexity assumption on the first marginal support.

2 Main Results

2.1 Problem statement and background

We first detail our assumptions on the marginals P,Q and the cost c. Let Ld denote the
d-dimensional Lebesgue measure and Br(x) the open ball of center x and radius r > 0. We
fix probability measures P and Q on Rd and impose the following conditions throughout.

Assumption 2.1 (Marginals). (a) The first marginal P has convex, compact support Ω and
admits a density ρ := dP/dLd that is bounded away from zero and infinity on Ω, i.e., there
exist constants 0 < λP < ΛP < ∞ such that

λP ≤ ρ(x) ≤ ΛP for all x ∈ Ω.

(b) The second marginal Q has compact support Ω′.

The convexity condition can be relaxed to Ω being the closure of a bounded Lipschitz
domain. All our results extend to that setting, at the expense of an additional constant that
depends on the geometry of Ω and a more complicated proof. This extension is detailed in
Section B.

4



Remark 2.2 (Lower bounds for ball measures). (a) Since Ω is compact and convex, it
satisfies a uniform interior cone condition: for every x ∈ Ω, there exists a convex cone Cx
with vertex x, angle θ > 0 and height h > 0 such that Cx ⊂ Ω, where θ and h are independent
of x (e.g., [18, p. 12]). Hence, Assumption 2.1 implies that there exists δP ∈ (0, 1], depending
only on Ω and λP , such that

P (Br(x)) ≥ δP min(rd, 1) for all r > 0 and x ∈ Ω.

(b) Since Ω′ is compact, lower semicontinuity of y 7→ Q(Br(y)) implies

inf
y∈Ω′

Q(Br(y)) > 0 for all r > 0.

We note that Q can be continuous or discrete, that is, our setup covers both continuous
and semi-discrete optimal transport.

Assumption 2.3 (Cost). The cost c : Rd × Rd → R is Lipschitz with constant L > 0.

Lipschitz-continuity can be relaxed to uniform continuity at the expense of a more com-
plicated expression for the constant in the main results; see Section A.

The quadratically regularized optimal transport (QOT) problem with regularization pa-
rameter ε > 0 is

QOTε(P,Q) := inf
π∈Π(P,Q)

∫
c(x, y)dπ(x, y) +

ε

2

∥∥∥∥ dπ

d(P ⊗Q)

∥∥∥∥2
L2(P⊗Q)

(6)

with the convention that the last term is +∞ if π ̸≪ P ⊗Q. The dual problem is

QOT⋆
ε(P,Q) = sup

(f,g)∈L2(P )×L2(Q)

Γ(f, g), (7)

where the dual objective function Γ : L2(P )× L2(Q) → R is defined by

Γ(f, g) :=

∫ (
f(x) + g(y)− 1

2ε

(
f(x) + g(y)− c(x, y)

)2
+

)
d(P ⊗Q)(x, y). (8)

The gradient of Γ at (f, g) ∈ L2(P )× L2(Q) is

DΓ

(
f
g

)
=

(
D1Γ
D2Γ

)(
f
g

)
=

(
1− 1

ε

∫
(f(·) + g(y)− c(·, y))+dQ(y)

1− 1
ε

∫
(f(x) + g(·)− c(x, ·))+dP (x)

)
(9)

and its action on (u, v) ∈ L2(P )× L2(Q) is

⟨DΓ(f, g), (u, v)⟩L2(P )×L2(Q) =

∫
(u⊕ v)

(
1− 1

ε
(f ⊕ g − c)+

)
d(P ⊗Q).

Next, we recall a number of known properties. They do not require the full strength of
Assumption 2.1, only that Ω,Ω′ are compact and Ω is connected.

Proposition 2.4. (i) The strong duality QOTε(P,Q) = QOT⋆
ε(P,Q) holds.
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(ii) The dual problem (7) admits an optimizer (f∗, g∗) ∈ L2(P ) × L2(Q). The functions
(f∗, g∗) are unique up to translation in the following sense: fixing one optimizer (f∗, g∗),
the set of all optimizers is given by {(f∗ + a, g∗ − a) : a ∈ R}.

(iii) We can choose versions f∗ : Ω → R and g∗ : Ω′ → R that are L-Lipschitz. Those
versions are fixed in all that follows. We call (f∗, g∗) the potentials.

(iv) The potentials (f∗, g∗) satisfy the first-order condition{∫
(f∗(x) + g∗(y)− c(x, y))+dQ(y) = ε for all x ∈ Ω,∫
(f∗(x) + g∗(y)− c(x, y))+dP (x) = ε for all y ∈ Ω′.

(10)

(v) The primal problem (6) has a unique solution πε ∈ Π(P,Q). It is related to the potentials
by

dπε
d(P ⊗Q)

(x, y) =
1

ε

(
f∗(x) + g∗(y)− c(x, y)

)
+
. (11)

We refer to the proof of [16, Lemma 3.1] for the uniqueness of the potentials and to [26,
Section 2] for all other claims.

Given functions f : Ω → R and g : Ω′ → R, we denote (f ⊕ g)(x, y) := f(x) + g(y). The
uniqueness of the potentials up to translation implies that f∗ ⊕ g∗ is uniquely determined.
More generally, we observe that the dual objective (8) can be seen as a function of f⊕g rather
than the two separate functions f and g. This point of view is used for our main proofs, which
consider the operator Φ(f⊕g) := Γ(f, g) on the space H =

{
f⊕g : (f, g) ∈ L2(P )×L2(Q)

}
⊂

L2(P ⊗ Q). This is mathematically convenient and also leads to slightly tighter constants.
On the other hand, algorithms (and scientists) often consider f, g as individual functions
that are updated separately, hence we take that point of view in the presentation of the main
results below.

2.2 PL inequality

Our main result is a PL-type inequality for the dual objective Γ of (8). We recall that
(f∗, g∗) ∈ C(Ω) × C(Ω′) are fixed (but arbitrary) potentials and the constants λP ,ΛP , δP , L
were defined in Assumption 2.1, Remark 2.2 and Assumption 2.3.

Theorem 2.5 (PL inequality for Γ). For (f, g) ∈ L∞(Ω)×L∞(Ω′), we have the error bound

∥f ⊕ g − f∗ ⊕ g∗∥L2(P⊗Q) ≤ γεmax(∥f ⊕ g − f∗ ⊕ g∗∥∞, ε) ∥DΓ(f, g)∥L2(P )×L2(Q)

and the PL inequality

∥DΓ(f, g)∥2L2(P )×L2(Q) ≥
1

γεmax (∥f ⊕ g − f∗ ⊕ g∗∥∞, ε)

(
QOTε(P,Q)− Γ(f, g)

)
, (12)

where

γε = 16

(
δ−1
P max

(
8L

ε
, 1

)d
)

Λ2
P

λ2
P

(
⌈8L diam(Ω)/ε⌉

)d+2

infy∈Ω′ Q
(
B ε

8L
(y)
) . (13)

The proof is given in Section 3.
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2.3 Convergence of algorithms

Next, we apply the PL inequality to show that three natural algorithms for the dual prob-
lem (7) converge linearly for suitable step sizes: gradient ascent, coordinate ascent, and co-
ordinate gradient ascent. All algorithms have iterates (fn, gn), and linear convergence means
that the suboptimality gap ∆n := QOTε(P,Q) − Γ(fn, gn) ≡ Γ(f∗, g∗) − Γ(fn, gn) satisfies
∆n ≤ (1 − q)n∆0 for some q ∈ (0, 1) that is made explicit below. Numerical experiments
for these algorithms can be found in [21] (they are omitted in the journal version [22]). The
experiments suggest that all three algorithms are efficient and consistent in the examples
considered, but no theoretical analysis was given.

The proof of each corollary below is reported in Section 4 and combines three facts: the PL
inequality (Theorem 2.5), the Lipschitz property of DΓ (Lemma 4.1), and a uniform bound
for ∥fn ⊕ gn − f∗ ⊕ g∗∥∞. The latter gives a uniform constant for the PL inequality and has
a slightly different proof for each algorithm; after that, the argument for linear convergence
is standard. As mentioned in the introduction, linear convergence of gradient ascent was
previously shown in [16], but without explicit control of the contraction rate. Apart from
that, we are not aware of any previous results on convergence rates of QOT algorithms. For
the statements that follow, we recall that (f∗, g∗) ∈ C(Ω) × C(Ω′) are fixed (but arbitrary)
potentials and the constant γε defined in (13).

2.3.1 Gradient ascent

The gradient ascent algorithm with step size η > 0 is initialized at (f0, g0) ∈ L∞(Ω)×L∞(Ω′)
and defined by (

fn+1

gn+1

)
=

(
fn
gn

)
+ ηDΓ

(
fn
gn

)
, n ≥ 0, (14)

where the gradient DΓ has the explicit form stated in (9). It is well known that a PL
inequality implies linear convergence of gradient ascent. Given the specific form of our (local)
PL inequality (12), we only need to bound ∥fn ⊕ gn − f∗ ⊕ g∗∥∞ uniformly in n.

Corollary 2.6 (Linear convergence of gradient ascent). Let (f0, g0) ∈ L∞(Ω)×L∞(Ω′) and
define (fn, gn)n≥1 by (14). For every η ∈ (0, ε) and n ≥ 1,

∥fn ⊕ gn − f∗ ⊕ g∗∥∞ ≤ 2∥f0 ⊕ g0 − f∗ ⊕ g∗∥∞ (15)

and the suboptimality gap ∆n := QOTε(P,Q)− Γ(fn, gn) satisfies

∆n ≤ (1− q)n∆0 for q :=
η
(
1− η

ε

)
γεmax(2∥f0 ⊕ g0 − f∗ ⊕ g∗∥∞, ε)

.

Moreover,

∥fn ⊕ gn − f∗ ⊕ g∗∥2L2(P⊗Q) ≤
γ2ε max(2∥f0 ⊕ g0 − f∗ ⊕ g∗∥∞, ε)2

η
(
1− η

ε

) ∆0 (1− q)n.
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2.3.2 Coordinate ascent

The coordinate ascent algorithm is an implicit algorithm which is initialized at g0 ∈ L∞(Ω′)
and iteratively optimizes the coordinates of Γ,

fn := argmax
f

Γ(f, gn), gn+1 := argmax
g

Γ(fn, g), n ≥ 0. (16)

This is equivalent to iteratively solving the first-order conditions for n ≥ 0:

define fn(x) via ε =

∫ (
fn(x) + gn(y)− c(x, y)

)
+
dQ(y), (17)

then gn+1(y) via ε =

∫ (
fn(x) + gn+1(y)− c(x, y)

)
+
dP (x). (18)

These equations imply that the argmax is unique and a bounded function (by the same
arguments as [26, Lemmas 2.4, 2.5]), so that the iterates are uniquely defined.

We remark that the coordinate ascent algorithm becomes Sinkhorn’s algorithm when
the quadratic regularization is replaced by KL divergence (i.e., entropic optimal transport).
In that case, the above equations are solved explicitly as the properties of the exponential
function allow one to take fn and gn+1 out of the integral. For quadratic regularization, the
definition remains implicit. In [22], methods such as line search were proposed to solve the
implicit problems.

Corollary 2.7 (Linear convergence of coordinate ascent). Let g0 ∈ L∞(Ω′) and define
(fn, gn)n≥0 by (16). Then

∥gn+1 − g∗∥∞ ≤ ∥fn − f∗∥∞ ≤ ∥gn − g∗∥∞ ≤ · · · ≤ ∥g0 − g∗∥∞ (19)

and the suboptimality gap ∆n := QOTε(P,Q)− Γ(fn, gn) satisfies

∆n ≤ (1− q)n∆0 for q :=
ε

2γεmax(2∥g0 − g∗∥∞, ε)
.

Moreover,

∥fn ⊕ gn − f∗ ⊕ g∗∥2L2(P⊗Q) ≤
2γ2ε max(2∥g0 − g∗∥∞, ε)2

ε
∆0 (1− q)n.

In the definition of q, the constant ∥g0 − g∗∥∞ can be replaced by infa∈R ∥g0 − g∗ + a∥∞
since the corollary holds for any pair of potentials, including (f∗ + a, g∗ − a).

2.3.3 Coordinate gradient ascent

The coordinate gradient ascent algorithm with step size η > 0 is initialized at (f0, g0) ∈
L∞(Ω)× L∞(Ω′) and defined by

fn+1 := fn + ηD1Γ

(
fn
gn

)
, gn+1 := gn + ηD2Γ

(
fn+1

gn

)
, n ≥ 0. (20)
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Corollary 2.8 (Linear convergence of coordinate gradient ascent). Let (f0, g0) ∈ L∞(Ω) ×
L∞(Ω′) and define (fn, gn)n≥1 by (20). For every η ∈ (0, ε/

√
2),

max(∥fn+1 − f∗∥∞, ∥gn+1 − g∗∥∞) ≤ max(∥fn − f∗∥∞, ∥gn − g∗∥∞) (21)

and the suboptimality gap ∆n := QOTε(P,Q)− Γ(fn, gn) satisfies

∆n ≤ (1− q)n∆0 for q :=
η
(
1− η

2ε

)
2γεmax(2∥f0 ⊕ g0 − f∗ ⊕ g∗∥∞, ε)

.

Moreover,

∥fn ⊕ gn − f∗ ⊕ g∗∥2L2(P⊗Q) ≤
2γ2ε max(2∥f0 ⊕ g0 − f∗ ⊕ g∗∥∞, ε)2

η
(
1− η

2ε

) ∆0 (1− q)n.

3 Proof of the PL inequality

Consider the linear subspace

H =
{
u⊕ v : (u, v) ∈ L2(P )× L2(Q)

}
⊂ L2(P ⊗Q),

which is closed by the argument in [28, p. 370]. Hence, H is a Hilbert space with the induced
inner product ⟨·, ·⟩H = ⟨·, ·⟩L2(P⊗Q). We define the operator Φ : H → R by Φ(f⊕g) = Γ(f, g),
that is,

Φ(f ⊕ g) :=

∫ (
f(x) + g(y)− 1

2ε
(f(x) + g(y)− c(x, y))2+

)
d(P ⊗Q)(x, y). (22)

Working with Φ and H will be convenient as the direct sum removes the non-uniqueness of
the potentials. The relation between the gradients of Φ and Γ will be detailed in Lemma 3.8.

We fix (f, g) ∈ L∞(Ω)× L∞(Ω′) in addition to the direct sum f∗ ⊕ g∗ of the potentials,
and denote by ϕ the function

[0, 1] ∋ t 7→ ϕ(t) = −Φ (ft ⊕ gt) , where ft ⊕ gt := ((1− t)f∗ + tf)⊕ ((1− t)g∗ + tg) .

Note that ϕ is non-decreasing, convex, C1,1 and attains its minimum at 0. Moreover,

ϕ′(t) =

∫
((f∗ − f)⊕ (g∗ − g))

(
1− 1

ε
(ft ⊕ gt − c)+

)
d(P ⊗Q), (23)

and for a.e. t ∈ [0, 1],

ϕ′′(t) =
1

ε

∫
ft⊕gt≥c

((f∗ − f)⊕ (g∗ − g))2d(P ⊗Q). (24)

Here the differentiation under the integral can be justified by combining the proof of [11,
Theorem 2.27] and the a.e. differentiability of s 7→ (s)+. In particular, we have the expansion

ϕ(t) = ϕ(0) +

∫ t

0
ϕ′(s)ds = ϕ(0) + tϕ′(0) +

∫ t

0

∫ s

0
ϕ′′(r)drds

= ϕ(0) +

∫ t

0

∫ s

0
ϕ′′(r)drds, (25)
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where in the last step, we used (23) and (11) and the fact that πε ∈ Π(P,Q) yields

ϕ′(0) =

∫
((f∗ − f)⊕ (g∗ − g))[d(P ⊗Q)− dπε] = 0.

In what follows, we set

Cf,g := ∥f∗ ⊕ g∗ − f ⊕ g∥∞, r0 := min
(

ε
2Cf,g

, 1
)

(26)

and show in Theorem 3.7 that ∥(f∗ − f)⊕ (g∗ − g)∥2L2(P⊗Q) ≤
ε
βε
ϕ′′(r) for a.e. r ∈ [0, r0], for

a certain constant βε. Note that r0 depends on f, g only through Cf,g; this will be important
below to obtain an inequality for arbitrary f, g. We mention that the choice of such r0 is
inspired by an argument of [31] in the context of entropic statistical optimal transport. Once
Theorem 3.7 is shown, the following theorem will be deduced via (24).

Theorem 3.1 (PL inequality for Φ). The dual objective Φ : H → R satisfies the error bound

∥f ⊕ g − f∗ ⊕ g∗∥L2(P⊗Q) ≤ γεmax (∥f ⊕ g − f∗ ⊕ g∗∥∞, ε) ∥DΦ(f ⊕ g)∥L2(P⊗Q)

and the PL inequality

∥DΦ(f ⊕ g)∥2L2(P⊗Q) ≥
1

γεmax (∥f ⊕ g − f∗ ⊕ g∗∥∞, ε)

(
QOTε(P,Q)− Φ(f ⊕ g)

)
(27)

for all (f, g) ∈ L∞(Ω)× L∞(Ω′), where

γε = 16

(
δ−1
P max

(
8L

ε
, 1

)d
)

Λ2
P

λ2
P

(
⌈8L diam(Ω)/ε⌉

)d+2

infy∈Ω′ Q
(
B ε

8L
(y)
) .

In this statement, DΦ(f⊕g) ∈ H denotes the H-gradient of Φ. Its explicit form is detailed
in Lemma 3.8 below.

3.1 Coordinate-wise coercivity of ϕ′′

With a view toward the second derivative (24), the goal of this subsection is the coercivity
of the nonnegative bilinear form

(u⊕ v, ũ⊕ ṽ) 7→
∫
fr⊕gr≥c

(u⊕ v)(ũ⊕ ṽ)d(P ⊗Q)

with respect to the first coordinate, for sufficiently small r ∈ [0, 1].

Lemma 3.2 (Coordinate-wise coercivity). Let r0 be as in (26). For all r ≤ r0 and (u, v) ∈
L2(P )× L2(Q),∫

fr⊕gr≥c
(u⊕ v)2d(P ⊗Q) ≥ αVarP (u), α :=

λ2
P

Λ2
P

infy∈Ω′ Q
(
B ε

8L
(y)
)(

⌈8L diam(Ω)/ε⌉
)d+2

,

where VarP (u) =
∫
[u(z)−

∫
u(x) dP (x)]2 dP (z) denotes the variance of u under P .
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The proof of Lemma 3.2 uses the following auxiliary result, which is inspired by the
Bourgain–Brezis–Mironescu limits for Sobolev energies (e.g., [4, Theorem 1]).

Lemma 3.3. For any convex and bounded set Ω ⊂ Rd, ϱ > 0 and h ∈ L2(Ω), the operator

Eϱ(h) :=
∫
Ω

∫
Bϱ(x)∩Ω

(h(x)− h(z))2dzdx

satisfies ∫
Ω

∫
Ω
(h(x)− h(z))2dxdz ≤ (⌈diam(Ω)/ϱ⌉)d+2 Eϱ(h).

Proof. Fix x, z ∈ Ω and set xk = x+ k
m(z − x) where m = ⌈diam(Ω)/ϱ⌉. Then

(h(x)− h(z))2 =

(
m−1∑
k=0

h(xk)− h(xk+1)

)2

≤ m
m−1∑
k=0

(h(xk+1)− h(xk))
2

and integrating this inequality gives∫
Ω

∫
Ω
(h(x)− h(z))2dzdx

≤ m

m−1∑
k=0

∫
Ω

∫
Ω

(
h

(
x+

k + 1

m
(z − x)

)
− h

(
x+

k

m
(z − x)

))2

dzdx︸ ︷︷ ︸
=:Ik

. (28)

For fixed k, we use the change of variables

(u, v) = T (x, z) =

(
x+

k + 1

m
(z − x), x+

k

m
(z − x)

)
with

DT (x, z) = A⊗ Id, A :=
1

m

(
m− k − 1 k + 1
m− k k

)
,

detDT (x, z) = det(A⊗ Id) = det(A)d =

(
− 1

m

)d

to get

Ik = md

∫
T (Ω×Ω)

(h(u)− h(v))2dudv.

We have T (Ω× Ω) ⊂ Ω× Ω by convexity of Ω. Noting that (u, v) = T (x, z) satisfy u− v =
(z − x)/m, we also have ∥u − v∥ ≤ diam(Ω)/m ≤ ϱ for all x, z ∈ Ω. As a consequence,
Ik ≤ mdEϱ(h) and thus (28) yields∫

Ω

∫
Ω
(h(x)− h(z))2dzdx ≤ md+2Eϱ(h)

as claimed.

11



We can now show Lemma 3.2.

Proof of Lemma 3.2. Fix r ≤ r0 and (u, v) ∈ L2(P )× L2(Q). For each y ∈ Ω′ we define the
section T ε

y = {x : f∗(x) + g∗(y)− c(x, y) ≥ ε
2} of the set {f∗ ⊕ g∗ − c ≥ ε

2}. As r ≤ r0 implies
{fr ⊕ gr ≥ c} ⊃ {f∗ ⊕ g∗ − c ≥ ε

2}, we have

I :=

∫
fr⊕gr≥c

(u⊕ v)2d(P ⊗Q) ≥
∫
f∗⊕g∗−c≥ ε

2

(u⊕ v)2d(P ⊗Q)

=

∫
Ω′

∫
T ε
y

(u(x) + v(y))2dP (x)dQ(y)

≥
∫
Ω′

min
s∈R

∫
T ε
y

(u(x) + s)2dP (x)dQ(y).

For fixed y, the minimality property of the variance of u under the probability measure
P (dx)/P (T ε

y ) yields

min
s∈R

∫
T ε
y

(u(x) + s)2 dP (x) =
1

2P (T ε
y )

∫
T ε
y

∫
T ε
y

(u(x)− u(z))2 dP (x)dP (z).

Using also P (T ε
y ) ≤ 1, we conclude that

I ≥ 1

2

∫
Ω′

∫
T ε
y

∫
T ε
y

(u(x)− u(z))2dP (x)dP (z)dQ(y). (29)

Choose a measurable selector

Ω ∋ x 7→ y(x) ∈ argmax
y∈Ω′

(f∗(x) + g∗(y)− c(x, y))+

and set
mx = max

y∈Ω′
(f∗(x) + g∗(y)− c(x, y))+.

Recalling (10), we then have

mx ≥
∫
Ω′
(f∗(x) + g∗(y)− c(x, y))+ dQ(y) = ε.

Since f∗, g∗ and c are L-Lipschitz, we deduce

f∗(z) + g∗(y)− c(z, y) ≥ f∗(x) + g∗(y(x))− c(x, y(x))− 2L∥x− z∥ − 2L∥y(x)− y∥
= mx − 2L∥x− z∥ − 2L∥y(x)− y∥
≥ ε− 2L∥x− z∥ − 2L∥y(x)− y∥

and hence
f∗(z) + g∗(y)− c(z, y)− ε

2
≥ ε

2
− 2L∥x− z∥ − 2L∥y(x)− y∥.

Let ϱ := ε
8L and x ∈ Ω. If z ∈ Bϱ(x) and y ∈ Bϱ(y(x)), then

f∗(z) + g∗(y)− c(z, y)− ε

2
≥ ε

2
− 2Lϱ− 2Lϱ =

ε

2
− ε

4
− ε

4
= 0, (30)
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meaning that z ∈ T ε
y . This applies in particular to z = x, so x ∈ T ε

y . Equivalently, for all
x, z ∈ Ω and y ∈ Ω′, we have

1Bϱ(y(x))(y)1Bϱ(x)(z) ≤ 1T ε
y
(x)1T ε

y
(z)1Bϱ(y(x))(y).

Applying this in (29) gives

I ≥ 1

2

∫
Ω′

∫
Ω

∫
Ω
1T ε

y
(x)1T ε

y
(z) (u(x)− u(z))2 dP (x) dP (z) dQ(y)

≥ 1

2

∫
Ω′

∫
Ω

∫
Ω
1Bϱ(y(x))(y)1Bϱ(x)(z) (u(x)− u(z))2 dP (x) dP (z) dQ(y)

=
1

2

∫
Ω

[
Q
(
Bϱ(y(x))

) ∫
Bϱ(x)

(u(x)− u(z))2 dP (z)

]
dP (x)

≥ 1

2

(
inf
y∈Ω′

Q(Bϱ(y))
)∫

Ω

∫
Bϱ(x)

(u(x)− u(z))2 dP (z) dP (x).

Recall from Assumption 2.1 that the density ρ of P satisfies λP ≤ ρ ≤ ΛP on Ω, so that∫
Ω

∫
Bϱ(x)

(u(x)− u(z))2 dP (z) dP (x) ≥ λ2
P Eϱ(u).

By Lemma 3.3 applied with ϱ = ε
8L ,

Eϱ(u) ≥
1(

⌈diam(Ω)/ϱ⌉
)d+2

∫
Ω

∫
Ω
(u(x)− u(z))2 dx dz.

Moreover,∫
Ω

∫
Ω
(u(x)− u(z))2 dx dz ≥ 1

Λ2
P

∫
Ω

∫
Ω
(u(x)− u(z))2 dP (x) dP (z) =

2

Λ2
P

VarP (u).

Combining the last four displays,

I ≥
(
inf
y∈Ω′

Q(Bϱ(y))
)λ2

P

Λ2
P

1(
⌈diam(Ω)/ϱ⌉

)d+2
VarP (u),

which gives the claim after recalling that ϱ = ε
8L .

Remark 3.4. For a given y ∈ Ω′, applying the argument around (30) with x replaced by
x(y) ∈ argmaxx∈Ω(f∗(x) + g∗(y) − c(x, y))+ and y(x) replaced by y yields that z ∈ T ε

y for
any z ∈ Bϱ(x(y)) ∩ Ω. That is, (Bϱ(x(y)) ∩ Ω) ⊂ T ε

y . Symmetrically, we have for any x ∈ Ω
that (Bϱ(y(x))∩Ω′) ⊂ Sε

x for the x-section Sε
x := {y : f∗(x)+ g∗(y)− c(x, y) ≥ ε

2}. Recalling
that ϱ = ε

8L , we have in particular

inf
y∈Ω′

Q
(
B ε

8L
(y)
)
≤ Q(Sε

x), inf
x∈Ω

P
(
B ε

8L
(x)
)
≤ P (T ε

y ). (31)
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3.2 Uniform coercivity of ϕ′′

Fix r ∈ [0, 1]. By the Riesz representation theorem, there exists a unique bounded linear
operator M : H → H such that

⟨ũ⊕ ṽ,M(u⊕ v)⟩H =

∫
fr⊕gr≥c

(ũ⊕ ṽ)(u⊕ v)d(P ⊗Q) (32)

for all (u⊕v), (ũ⊕ ṽ) ∈ H. Denote by Sr,x and Tr,y the sections of the set Rr := {fr⊕gr ≥ c},

Sr,x = {y ∈ Ω′ : fr(x) + gr(y) ≥ c(x, y)}, Tr,y = {x ∈ Ω : fr(x) + gr(y) ≥ c(x, y)}.

Moreover, define

m(u⊕ v) :=

∫
fr⊕gr≥c

u⊕ v d(P ⊗Q) ∈ R.

Lemma 3.5. The operator M : H → H has the explicit representation

M(u⊕ v) = M1(u⊕ v)⊕M2(u⊕ v), (33)

where

M1(u⊕ v) := uQ(Sr,(·)) +

∫
Sr,(·)

v dQ− m(u⊕ v)

2
∈ L2(P ),

M2(u⊕ v) := vP (Tr,(·)) +
∫
Tr,(·)

u dP − m(u⊕ v)

2
∈ L2(Q).

Proof. The definition (32) can be stated as

⟨w̃,Mw⟩L2(P⊗Q) = ⟨w̃,1Rrw⟩L2(P⊗Q) for all w̃, w ∈ H.

This implies that Mw is the orthogonal projection of 1Rrw ∈ L2(P ⊗Q) onto the subspace
H ⊂ L2(P ⊗Q). For arbitrary h ∈ L2(P ⊗Q), define

hP (x) :=

∫
h(x, y) dQ(y), x ∈ Ω,

hQ(y) :=

∫
h(x, y) dP (x), y ∈ Ω′,

h̄ :=

∫
h(x, y) d(P ⊗Q)(x, y).

We verify below that the orthogonal projection of h ∈ L2(P ⊗Q) onto H is

projh := hP ⊕ hQ − h̄.

Specializing to h := 1Rr(u⊕ v), we have

projh =

(
hP − 1

2
h̄

)
⊕
(
hQ − 1

2
h̄

)
= M1(u⊕ v)⊕M2(u⊕ v),

showing the claim.
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It remains to prove that projh is indeed the orthogonal projection. Given h ∈ L2(P ⊗Q),
clearly hP ∈ L2(P ), hQ ∈ L2(Q) and h̄ ∈ R, so that projh ∈ H. To complete the proof, we
need to show for all ũ⊕ ṽ ∈ H that

0 =
〈
ũ⊕ ṽ, h− projh

〉
L2(P⊗Q)

=

∫
Ω×Ω′

(ũ(x) + ṽ(y))
(
h(x, y)− hP (x)− hQ(y) + h̄

)
dP (x)dQ(y) =: I1 + I2,

where

I1 :=

∫
ũ(x)

(
h(x, y)− hP (x)− hQ(y) + h̄

)
dP (x)dQ(y)

and I2 is defined analogously with ṽ instead of ũ. Next, we show that I1 = I2 = 0. By
Fubini’s theorem,∫

ũ(x)h(x, y) dP (x)dQ(y) =

∫
ũ(x)

(∫
h(x, y) dQ(y)

)
dP (x) =

∫
ũ(x)hP (x) dP (x).

Moreover,∫
ũ(x)hQ(y) dP (x)dQ(y) =

(∫
ũ(x) dP (x)

)(∫
hQ(y) dQ(y)

)
= h̄

∫
ũ(x) dP (x).

Expanding I1 into four integrals, this shows that the first two and the last two integrals
cancel, so that I1 = 0. Similarly, I2 = 0, completing the proof.

The next lemma is an important technical step for the derivation of our main result.
While M is not compact, the lemma uses the explicit form of M to establish that the minimum
Rayleigh quotient is an eigenvalue. The proof technique is adapted from [16, Proposition 4.1].

Lemma 3.6. For any r ∈ [0, 1], the operator M : H → H is bounded, self-adjoint and
positive. Let

λ0 := inf
∥u⊕v∥H=1

⟨u⊕ v,M(u⊕ v)⟩H (34)

and suppose there exists a constant κ0 > 0 such that

Q(Sr,(·))− λ0 ≥ κ0 P -a.s., P (Tr,(·))− λ0 ≥ κ0 Q-a.s. (35)

Then λ0 is an eigenvalue of M. As a consequence, the infimum in (34) is attained and λ0 is
the smallest eigenvalue of M.

Proof. Step 1. We readily see from the definition (32) that M is bounded, self-adjoint and
positive on the Hilbert space H. For the remainder of the proof we abbreviate λ := λ0,
⟨·, ·⟩ = ⟨·, ·⟩H and ∥ · ∥ = ∥ · ∥H, whereas ∥ · ∥op denotes the operator norm. Noting

0 ≤ ⟨w,Mw⟩ =
∫
{fr⊕gr≥c}

w2 d(P ⊗Q) ≤
∫

w2 d(P ⊗Q) = ∥w∥2,

we have 0 ≤ M ≤ I, where I denotes the identity. Define the linear operator L : H → H by

L := I−M.
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Then L is also bounded, self-adjoint and positive, so that its operator norm can be expressed
via the Rayleigh quotient as

α+ := sup
∥w∥=1

⟨Lw,w⟩ = ∥L∥op. (36)

For w ∈ H with ∥w∥ = 1, clearly ⟨Lw,w⟩ = 1− ⟨Mw,w⟩, so that λ = 1− α+.
Step 2. By the definition of α+, there exists a sequence wn = un⊕ vn ∈ H with ∥wn∥ = 1

and ⟨Lwn, wn⟩ → α+. As ∥L∥op = α+ implies ∥Lwn∥ ≤ α+ for all n, we have

∥λwn −Mwn∥2 = ∥(L− α+
I)wn∥2 = ∥Lwn∥2 + (α+)2 − 2α+⟨Lwn, wn⟩

≤ 2α+
(
α+ − ⟨Lwn, wn⟩

)
→ 0. (37)

Below, we prove that wn converges strongly to a limit w ̸= 0 (along a subsequence). Once
that is shown, we have λw = Mw and ∥w∥ = 1, completing the proof.

Step 3. We may choose representatives (un, vn) ∈ L2(P ) × L2(Q) of wn = un ⊕ vn with∫
un dP =

∫
vn dQ. Recall the operators M1 and M2 with M(u ⊕ v) = M1(u, v) ⊕M2(u, v)

from Lemma 3.5. Fubini’s theorem shows that this split gives a balanced normalization,∫
M1(u, v) dP =

∫
M2(u, v) dQ.

Note also that if (fn, gn)n≥0 ⊂ L2(P ) × L2(Q) satisfy
∫
fn dP =

∫
gn dQ for n ≥ 0, then

the convergence fn ⊕ gn → f0 ⊕ g0 in L2(P ⊗Q) already implies the separate convergences
fn → f0 in L2(P ) and gn → g0 in L2(Q), thanks to the fact that

fn(·) =
∫

fn(·)⊕ gn(y) dQ(y)− 1

2

∫
fn ⊕ gn d(P ⊗Q)

and analogously for gn. As a consequence, (37) and M(u⊕ v) = M1(u, v)⊕M2(u, v) imply∥∥un(λ−Q(Sr,(·)))− A1vn + 1
2m(un ⊕ vn)

∥∥
L2(P )

→ 0, (38)∥∥vn(λ− P (Tr,(·)))− A2un + 1
2m(un ⊕ vn)

∥∥
L2(Q)

→ 0,

where we have abbreviated the integral terms with the operators

A1 : L
2(Q) → L2(P ), A1v(x) :=

∫
Sr,x

v(y) dQ(y),

A2 : L
2(P ) → L2(Q), A2u(y) :=

∫
Tr,y

u(x) dP (x).

These are integral operators with kernels in L2(P ⊗ Q) and hence compact (cf. [5, Theo-
rem 6.12]).

As the sequences (un) ⊂ L2(P ) and (vn) ⊂ L2(Q) are bounded, the Banach–Alaoglu
theorem yields (after passing to another subsequence) the weak convergences

un ⇀ u in L2(P ), vn ⇀ v in L2(Q),

for some u ∈ L2(P ) and v ∈ L2(Q). By the compactness of A1 and A2, this implies

A1vn → A1v in L2(P ), A2un → A2u in L2(Q).
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Moreover, m is clearly weakly continuous, so that m(un ⊕ vn) → m(u ⊕ v). We can now
revisit (38): as A1vn → A1v strongly and m(un ⊕ vn) → m(u ⊕ v) are constants, un(λ −
Q(Sr,(·))) must also converge strongly. Multiplication with 1/(λ − Q(Sr,(·))) is a bounded
operator thanks to the uniform bound (35), so that un also converges strongly; the limit
must coincide with the weak limit u. Similarly, vn → v. As noted after (37), this completes
the proof.

Now we show the main result of this section.

Theorem 3.7 (Uniform coercivity of M). Let r0 be as in (26) and δP as in Remark 2.2. Set

βε :=
1

4
κα, where κ := δP min

( ε

8L
, 1
)d

≤ 1, α :=
λ2
P

Λ2
P

infy∈Ω′ Q
(
B ε

8L
(y)
)(

⌈8L diam(Ω)/ε⌉
)d+2

≤ 1.

Then for all r ≤ r0 and (u, v) ∈ L2(P )× L2(Q), the operator M = M(r) of (32) satisfies

⟨u⊕ v,M(u⊕ v)⟩L2(P⊗Q) ≥ βε∥u⊕ v∥2L2(P⊗Q), (39)

and as a consequence, for a.e. r ≤ r0,

∥(f∗ − f)⊕ (g∗ − g)∥2L2(P⊗Q) ≤
ε

βε
ϕ′′(r). (40)

Proof. Step 1. We first derive lower bounds on the sections Tr,y and Sr,x of {fr ⊕ gr ≥ c}.
Recall from Remark 3.4 and from the beginning of the proof of Lemma 3.2 that

B ε
8L
(x(y)) ∩ Ω ⊂ T ε

y :=
{
x : f∗(x) + g∗(y)− c(x, y) ≥ ε

2

}
⊂ Tr,y.

In view of Remark 2.2, it follows that

P (Tr,y) ≥ δP min
( ε

8L
, 1
)d

= κ for all y ∈ Ω′. (41)

Analogously, Sε
x := {y : f∗(x) + g∗(y)− c(x, y) ≥ ε

2} ⊂ Sr,x, so that (31) yields

Q(Sr,x) ≥ inf
y∈Ω′

Q
(
B ε

8L
(y)
)
=: q0 for all x ∈ Ω. (42)

Step 2. Let λ0 be as in Lemma 3.6. If λ0 ≥ βε, then (39) holds and we are done. We
may thus assume that λ0 ≤ βε. Noting that κ, α ≤ 1 and α ≤ q0, the definition of βε, (41)
and (42) then yield

P (Tr,y)− λ0 ≥ 3
4P (Tr,y) ≥ 3

4κ > 0 for all y ∈ Ω′, (43)
Q(Sr,x)− λ0 ≥ 3

4Q(Sr,x) ≥ 3
4q0 > 0 for all x ∈ Ω.

In particular, we may assume that (35) holds.
Step 3. Hence, by Lemma 3.6, it suffices to show that the minimal eigenvalue λ0 of M

satisfies λ0 ≥ βε. Let w = u ⊕ v ̸= 0 be an eigenvector of M with associated eigenvalue
λ0 ≥ 0 and suppose for contradiction that

λ0 < βε. (44)
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We may choose representatives (u, v) ∈ L2(P ) × L2(Q) with the centering
∫
u dP = 0. The

eigenvalue equation λ0(u⊕ v) = M(u⊕ v), the centering of u and Lemma 3.5 imply that

λ0u = uQ(Sr,(·)) +

∫
Sr,(·)

v dQ−
∫ (

uQ(Sr,(·)) +

∫
Sr,(·)

vdQ

)
dP

and
λ0v = vP (Tr,(·)) +

∫
Tr,(·)

u dP. (45)

On the other hand, the eigenvalue equation, Lemma 3.2 and the centering of u yield

λ0∥u⊕ v∥2L2(P⊗Q) = ⟨u⊕ v,M(u⊕ v)⟩L2(P⊗Q) ≥ αVarP (u) = α∥u∥2L2(P ).

The centering also implies ∥u⊕ v∥2L2(P⊗Q) = ∥u∥2L2(P ) + ∥v∥2L2(Q), and we conclude that

λ0 ≥ α
∥u∥2L2(P )

∥u∥2
L2(P )

+ ∥v∥2
L2(Q)

. (46)

Next, we bound ∥v∥2L2(Q). Note that (45) yields the inequality

|v| ≤

∫
Tr,(·)

|u|dP

|λ0 − P (Tr,(·))|
.

Using (43), we deduce

|v| ≤

∫
Tr,(·)

|u|dP

P (Tr,(·))− λ0
≤

∫
Tr,(·)

|u|dP
3
4P (Tr,(·))

.

Taking squares, applying Jensen’s inequality for P (dx)/P (Tr,y), integrating with respect to Q,
and using (41) again, we get

∥v∥2L2(Q) ≤
16

9

∫ ∫
Tr,(·)

u2dP

P (Tr,(·))
dQ ≤ 16

9

∥u∥2L2(P )

κ
≤ 2

∥u∥2L2(P )

κ
.

As u ⊕ v ̸= 0, this shows in particular that u ̸= 0. Therefore, substituting the last display
into (46) and using κ ≤ 1 yields

λ0 ≥ α
∥u∥2L2(P )

∥u∥2
L2(P )

+ 2∥u∥2
L2(P )

/κ
= α

κ

κ+ 2
≥ 1

3
ακ ≥ βε,

contradicting (44) and completing the proof of (39).
Step 4. Finally, set w∗ := (f∗ − f)⊕ (g∗ − g); then (24) and (39) yield

ϕ′′(r) =
1

ε

∫
{fr⊕gr≥c}

w2
∗ d(P ⊗Q) =

1

ε
⟨w∗,Mw∗⟩L2(P⊗Q) ≥

βε
ε
∥w∗∥2L2(P⊗Q),

which is (40).
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3.3 Conclusion of the proof of Theorem 3.1

We can now complete the proof of the error bound and the PL inequality for Φ.

Proof of Theorem 3.1. Using (40) in (25) yields

ϕ(r0) ≥ ϕ(0) +
r20βε
2ε

∥(f∗ − f)⊕ (g∗ − g)∥2L2(P⊗Q).

On the other hand, the convexity of ϕ and the resulting monotonicity of ϕ′ show

ϕ(r0) ≤ ϕ(0) + r0ϕ
′(r0) ≤ ϕ(0) + r0ϕ

′(1).

Together, we obtain

r20βε
2ε

∥(f∗ − f)⊕ (g∗ − g)∥2L2(P⊗Q) ≤ ϕ(r0)− ϕ(0) ≤ r0ϕ
′(1)

= r0⟨DΦ(f⊕g), f∗⊕g∗−f⊕g⟩L2(P⊗Q) ≤ r0∥DΦ(f⊕g)∥L2(P⊗Q)∥(f∗−f)⊕(g∗−g)∥L2(P⊗Q)

and hence

∥(f∗ − f)⊕ (g∗ − g)∥L2(P⊗Q) ≤
2ε

r0βε
∥DΦ(f ⊕ g)∥L2(P⊗Q). (47)

Noting that

2ε

r0
=

2ε

min
(

ε
2Cf,g

, 1
) =

4

min(1/Cf,g, 2/ε)
= 4max(Cf,g, ε/2) ≤ 4max(Cf,g, ε)

and

β−1
ε = 4κ−1α−1 = 4

(
δ−1
P max

(
8L

ε
, 1

)d
)

Λ2
P

λ2
P

(
⌈8L diam(Ω)/ε⌉

)d+2

infy∈Ω′ Q
(
B ε

8L
(y)
) ,

this gives the first claim of Theorem 3.1. Moreover, concavity of Φ yields

QOTε(P,Q)− Φ(f ⊕ g) = Φ(f∗ ⊕ g∗)− Φ(f ⊕ g) ≤ ⟨DΦ(f ⊕ g), f∗ ⊕ g∗ − f ⊕ g⟩L2(P⊗Q)

≤ ∥DΦ(f ⊕ g)∥L2(P⊗Q)∥(f∗ − f)⊕ (g∗ − g)∥L2(P⊗Q)

and now bounding ∥(f∗ − f)⊕ (g∗ − g)∥L2(P⊗Q) by (47) yields the second claim.

3.4 Proof of Theorem 2.5

Finally, we translate the result of Theorem 3.1 from Φ to Γ, that is, from the space H to
L2(P )× L2(Q).

Lemma 3.8. Let (f, g) ∈ L2(P )× L2(Q) and

I0 :=

∫ (
1− 1

ε
(f ⊕ g − c)+

)
d(P ⊗Q).
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The gradients of Φ : H → R and Γ : L2(P )× L2(Q) → R are related by

DΦ(f ⊕ g) = D1Φ(f ⊕ g)⊕D2Φ(f ⊕ g), where DiΦ(f ⊕ g) = DiΓ(f, g)−
1

2
I0 (48)

and the explicit form of DiΓ(f, g) is given in (9). As a consequence,

∥DΦ(f ⊕ g)∥2L2(P⊗Q) = ∥DΓ(f, g)∥2L2(P )×L2(Q) − I20 ≤ ∥DΓ(f, g)∥2L2(P )×L2(Q).

Proof. For all (f, g), (u, v) ∈ L2(P )× L2(Q), we have

⟨DΦ(f ⊕ g), u⊕ v⟩L2(P⊗Q) =

∫
(u⊕ v)

(
1− 1

ε
(f ⊕ g − c)+

)
d(P ⊗Q)

=
〈
1− 1

ε (f ⊕ g − c)+, u⊕ v
〉
L2(P⊗Q)

= ⟨DΓ(f, g), (u, v)⟩L2(P )×L2(Q).

Now (48) follows as in the proof of Lemma 3.5. Moreover, using the above identity with
u = D1Φ(f ⊕ g) and v = D2Φ(f ⊕ g) yields

∥DΦ(f ⊕ g)∥2L2(P⊗Q) = ∥D1Γ(f, g)∥2L2(P ) + ∥D2Γ(f, g)∥2L2(Q)

− 1

2
⟨D1Γ(f, g), I0⟩L2(P ) −

1

2
⟨D2Γ(f, g), I0⟩L2(Q)

= ∥DΓ(f, g)∥2L2(P )×L2(Q) − I20 .

Proof of Theorem 2.5. Combine Theorem 3.1 with Γ(f, g) = Φ(f ⊕ g) and Lemma 3.8.

4 Proofs of linear convergence

We first record several Lipschitz constants associated with DΓ. Recall the components
D1Γ(f, g) ∈ L2(P ) and D2Γ(f, g) ∈ L2(Q) from (9).

Lemma 4.1. The gradient DΓ : L2(P )×L2(Q) → L2(P )×L2(Q) is 2
ε -Lipschitz. Moreover,

DiΓ(f, ·) and DiΓ(·, g) are 1
ε -Lipschitz for i = 1, 2, for all (f, g) ∈ L2(P )× L2(Q).

Proof. For (f, g), (u, v) ∈ L2(P )× L2(Q), the inequality |(t)+ − (s)+| ≤ |t− s| yields∣∣D1Γ(f, g)−D1Γ(u, v)
∣∣ ≤ 1

ε

∫ ∣∣∣(u(·) + v(y)− c(·, y)
)
+
−
(
f(·) + g(y)− c(·, y)

)
+

∣∣∣ dQ(y)

≤ 1

ε

{
|f(·)− u(·)|+

∫
|g(y)− v(y)|dQ(y)

}
.

Using (a+ b)2 ≤ 2a2 + 2b2 and Jensen’s inequality, we deduce

∥D1Γ(f, g)−D1Γ(u, v)∥2L2(P ) ≤
2

ε2

(
∥f − u∥2L2(P ) + ∥g − v∥2L2(Q)

)
=

2

ε2
∥(f, g)− (u, v)∥2L2(P )×L2(Q). (49)

Note that if f = u or g = v, the factor 2 is unnecessary, showing the claimed 1
ε -Lipschitz

property of D1Γ(f, ·) and D1Γ(·, g). On the other hand, combining (49) with its analogue for
D2Γ yields

∥DΓ(f, g)−DΓ(u, v)∥2L2(P )×L2(Q) ≤
4

ε2
∥(f, g)− (u, v)∥2L2(P )×L2(Q).
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Remark 4.2. For any bounded functions f : Ω → R and g : Ω′ → R, we note that

∥f ⊕ g∥∞ = inf
a∈R

(∥f − a∥∞ + ∥g + a∥∞).

Recall that if (f∗, g∗) are potentials, then (f∗ − a, g∗ + a) are also potentials, for any a ∈ R.
Thus, if some inequality

A(f, g) ≤ B(f, g, ∥f − f∗∥∞ + ∥g − g∗∥∞)

has been established for arbitrary potentials (f∗, g∗), we can already conclude that

A(f, g) ≤ B(f, g, ∥f ⊕ g − f∗ ⊕ g∗∥∞).

4.1 Proof of Corollary 2.6 (gradient ascent)

This proof is standard; we state the argument for the sake of completeness.

Proof of Corollary 2.6. The bound (15) for the iterates is shown in [16, Lemma 5.2]. (The
norm in that reference is defined differently but has the same value by Remark 4.2. Moreover,
the reference assumes that c is the quadratic cost, but the proof applies to any bounded c.)

By Lemma 4.1, DΓ is 2
ε -Lipschitz on L2(P )×L2(Q), hence Γ is 2

ε -smooth. In particular,

Γ(f + u, g + v) ≥ Γ(f, g) +
〈
DΓ(f, g), (u, v)

〉
L2(P )×L2(Q)

− 1

ε
∥(u, v)∥2L2(P )×L2(Q). (50)

We apply (50) with (f, g) = (fn, gn) and (u, v) = ηDΓ(fn, gn). Using the update rule (14)
and η ∈ (0, ε), we obtain

Γ(fn+1, gn+1) ≥ Γ(fn, gn) + η∥DΓ(fn, gn)∥2L2(P )×L2(Q) −
η2

ε
∥DΓ(fn, gn)∥2L2(P )×L2(Q)

= Γ(fn, gn) + η
(
1− η

ε

)
∥DΓ(fn, gn)∥2L2(P )×L2(Q).

Subtracting this from the optimal value QOTε(P,Q) gives

∆n+1 ≤ ∆n − η
(
1− η

ε

)
∥DΓ(fn, gn)∥2L2(P )×L2(Q). (51)

Using the PL inequality (12) at (fn, gn) and the bound (15),

∥DΓ(fn, gn)∥2L2(P )×L2(Q) ≥ 1

γεM
∆n, M := max(2∥f0 ⊕ g0 − f∗ ⊕ g∗∥∞, ε),

hence we conclude that

∆n+1 ≤ ∆n − η
(
1− η

ε

) 1

γεM
∆n = (1− q)∆n, q :=

1

γεM
η
(
1− η

ε

)
.

Iterating this estimate yields ∆n ≤ (1− q)n∆0.
It remains to prove the bound for the iterates in L2(P ⊗ Q). By the error bound in

Theorem 2.5 and the definition of M ,

∥fn ⊕ gn − f∗ ⊕ g∗∥2L2(P⊗Q) ≤ γ2εM
2∥DΓ(fn, gn)∥2L2(P )×L2(Q). (52)

21



On the other hand, (51) implies

η
(
1− η

ε

)
∥DΓ(fn, gn)∥2L2(P )×L2(Q) ≤ ∆n −∆n+1 ≤ ∆n ≤ (1− q)n∆0.

Substituting this estimate into (52), we conclude that

∥fn ⊕ gn − f∗ ⊕ g∗∥2L2(P⊗Q) ≤
γ2εM

2

η(1− η/ε)
∆0 (1− q)n.

4.2 Proof of Corollary 2.7 (coordinate ascent)

Again, the proof has two steps. The first step is to bound the iterates. Once that is achieved,
the second step follows the standard argument for deriving linear convergence of coordinate
ascent from a PL inequality.

Proof of Corollary 2.7. Step 1. Set

Sx :=
{
y ∈ Ω′ : f∗(x) + g∗(y) ≥ c(x, y)

}
, Sn

x :=
{
y ∈ Ω′ : fn(x) + gn(y) ≥ c(x, y)

}
. (53)

Using (10) and the definition (17) of fn, as well as the inequality (a)+ − (b)+ ≤ (a− b)1a≥0,
we have for every x ∈ Ω that

0 =

∫ (
f∗(x) + g∗(y)− c(x, y)

)
+
−
(
fn(x) + gn(y)− c(x, y)

)
+
dQ(y)

≤
∫
Sx

f∗(x) + g∗(y)− fn(x)− gn(y)dQ(y)

and hence

(fn(x)− f∗(x))Q(Sx) ≤
∫
Sx

g∗(y)− gn(y)dQ(y) ≤ ∥gn − g∗∥∞Q(Sx).

Symmetrically, (f∗(x)− fn(x))Q(Sn
x ) ≤ ∥gn − g∗∥∞Q(Sn

x ). Noting that (10) and (17) imply
Q(Sx) > 0 and Q(Sn

x ) > 0, we conclude

∥fn − f∗∥∞ ≤ ∥gn − g∗∥∞.

Arguing analogously for gn+1 yields

∥gn+1 − g∗∥∞ ≤ ∥fn − f∗∥∞.

Combining these two inequalities yields the claim (19).
Step 2. Recall the expressions of D1Γ and D2Γ from (9). By Lemma 4.1, DiΓ is 1

ε -Lipschitz
in each of its coordinates. In particular, the descent lemma yields

Γ(f, gn) ≥ Γ(fn−1, gn) + ⟨D1Γ(fn−1, gn), f − fn−1⟩L2(P ) −
1

2ε
∥f − fn−1∥2L2(P )

for every f ∈ L2(P ). Taking supremum over f and recalling the definition of fn, we obtain

Γ(fn, gn) ≥ Γ(fn−1, gn) + sup
f

{
⟨D1Γ(fn−1, gn), f − fn−1⟩L2(P ) −

1

2ε
∥f − fn−1∥2L2(P )

}
= Γ(fn−1, gn) +

ε

2
∥D1Γ(fn−1, gn)∥2L2(P ).
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Analogously,
Γ(fn−1, gn) ≥ Γ(fn−1, gn−1) +

ε

2
∥D2Γ(fn−1, gn−1)∥2L2(Q).

Combining the two inequalities yields

Γ(fn, gn) ≥ Γ(fn−1, gn−1) +
ε

2

(
∥D1Γ(fn−1, gn)∥2L2(P ) + ∥D2Γ(fn−1, gn−1)∥2L2(Q)

)
,

but as D1Γ(fn−1, gn−1) = 0 and D2Γ(fn−1, gn) = 0 by the first-order conditions (17) and (18)
for fn−1 and gn, respectively, this even gives

Γ(fn, gn) ≥ Γ(fn−1, gn−1) +
ε

2

(
∥DΓ(fn−1, gn)∥2L2(P )×L2(Q) + ∥DΓ(fn−1, gn−1)∥2L2(P )×L2(Q)

)
≥ Γ(fn−1, gn−1) +

ε

2
∥DΓ(fn−1, gn−1)∥2L2(P )×L2(Q). (54)

Next, we apply the PL inequality (12) to the last term. Using that

∥fn−1 ⊕ gn−1 − f∗ ⊕ g∗∥∞ ≤ ∥fn−1 − f∗∥∞ + ∥gn−1 − g∗∥∞ ≤ 2∥g0 − g∗∥∞

by (19) and abbreviating M := max (2∥g0 − g∗∥∞, ε), we obtain

Γ(fn, gn) ≥ Γ(fn−1, gn−1) +
ε

2

1

γεM
(QOTε(P,Q)− Γ(fn−1, gn−1)) .

Subtracting this from QOTε(P,Q) gives ∆n ≤ ∆n−1(1− ε
2γεM

) and hence the claim for the
suboptimality gap. The claim for the iterates follows via the error bound, as in the proof of
Corollary 2.6.

4.3 Proof of Corollary 2.8 (coordinate gradient ascent)

Once again, the argument has two steps.

Proof of Corollary 2.8. Step 1. Recall the notation (53). The bound (21) follows by a similar
argument as, e.g., [16, Lemma 5.2]; we give the details for completeness. From (20) we obtain
that for all x ∈ Ω,

fn+1(x)− f∗(x) =fn(x)− f∗(x) +
η

ε

(
ε−

∫
(fn(x) + gn(y)− c(x, y))+dQ(y)

)
=fn(x)− f∗(x)

+
η

ε

(∫
(f∗(x) + g∗(y)− c(x, y))+ − (fn(x) + gn(y)− c(x, y))+dQ(y)

)
≤ fn(x)− f∗(x) +

η

ε

(∫
Sx

f∗(x) + g∗(y)− (fn(x) + gn(y))dQ(y)

)
=
(
1− η

ε
Q(Sx)

)
(fn(x)− f∗(x))−

η

ε

(∫
Sx

gn(y)− g∗(y)dQ(y)

)
≤
(
1− η

ε
Q(Sx)

)
∥fn − f∗∥∞ +

η

ε
Q(Sx)∥gn − g∗∥∞,
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which is a convex combination of ∥fn − f∗∥∞ and ∥gn − g∗∥∞. Analogously,

f∗(x)− fn+1(x) ≤
(
1− η

ε
Q(Sn

x )
)
∥fn − f∗∥∞ +

η

ε
Q(Sn

x )∥gn − g∗∥∞.

Together, we have

∥fn+1 − f∗∥∞ ≤ max(∥fn − f∗∥∞, ∥gn − g∗∥∞).

Repeating the argument for gn+1 gives

∥gn+1 − g∗∥∞ ≤ max(∥fn+1 − f∗∥∞, ∥gn − g∗∥∞) ≤ max(∥fn − f∗∥∞, ∥gn − g∗∥∞)

and combining the two bounds yields (21).
Step 2. Lemma 4.1 implies

Γ(fn+1, gn+1) ≥ Γ(fn+1, gn) + ⟨D2Γ(fn+1, gn), gn+1 − gn⟩L2(Q) −
1

2ε
∥gn+1 − gn∥2L2(Q).

The definition of gn+1 shows that gn+1 − gn = ηD2Γ(fn+1, gn). Substituting this gives

Γ(fn+1, gn+1) ≥ Γ(fn+1, gn) + η
(
1− η

2ε

)
∥D2Γ(fn+1, gn)∥2L2(Q) . (55)

Analogously, we have

Γ(fn+1, gn) ≥ Γ(fn, gn) + η
(
1− η

2ε

)
∥D1Γ(fn, gn)∥2L2(P ) . (56)

Plugging (56) into (55) yields

Γ(fn+1, gn+1) ≥ Γ(fn, gn)+η
(
1− η

2ε

)(
∥D1Γ(fn, gn)∥2L2(P ) + ∥D2Γ(fn+1, gn)∥2L2(Q)

)
. (57)

Note that the inequality ∥u∥2 ≥ 1
2∥v∥

2 − ∥u− v∥2 holds in any normed space. Applying
this with u := D2Γ(fn+1, gn) ∈ L2(Q) and v := D2Γ(fn, gn) ∈ L2(Q) yields

∥D2Γ(fn+1, gn)∥2L2(Q) ≥
1

2
∥D2Γ(fn, gn)∥2L2(Q) − ∥D2Γ(fn+1, gn)−D2Γ(fn, gn)∥2L2(Q).

By Lemma 4.1 and the definition of fn+1, the last term satisfies

∥D2Γ(fn+1, gn)−D2Γ(fn, gn)∥L2(Q) ≤
1

ε
∥fn+1 − fn∥L2(P ) =

η

ε
∥D1Γ(fn, gn)∥L2(P ),

so that

∥D2Γ(fn+1, gn)∥2L2(Q) ≥
1

2
∥D2Γ(fn, gn)∥2L2(Q) −

η2

ε2
∥D1Γ(fn, gn)∥2L2(P ).

Plugging this into (57) and recalling that η ∈ (0, ε/
√
2), we deduce

Γ(fn+1, gn+1) ≥ Γ(fn, gn) +
η

2

(
1− η

2ε

)
∥DΓ(fn, gn)∥2L2(P )×L2(Q) .

This bound has the same form as (54) except for the different constant. Moreover, (21)
implies that ∥fn − f∗∥∞ + ∥gn − g∗∥∞ ≤ 2(∥f0 − f∗∥∞ + ∥g0 − g∗∥∞). We can now proceed
exactly as after (54) to deduce the final result, except that we also use Remark 4.2 to replace
∥f0 − f∗∥∞ + ∥g0 − g∗∥∞ by ∥f0 ⊕ g0 − f∗ ⊕ g∗∥∞. Once again, the claim for the iterates
follows via the error bound, as in the proof of Corollary 2.6.
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5 Conclusion

In this paper we established a local Polyak–Łojasiewicz inequality for the dual objective
of quadratically regularized optimal transport. The proof proceeds by a uniform coercivity
estimate for the second-order form obtained from the dual objective along the segment joining
an arbitrary pair (f, g) to an optimizer (f∗, g∗). This yields the error bound and PL inequality
of Theorem 2.5; the dependence of the constant on the L∞ distance to the optimizer reflects
the local nature of the result which is unavoidable given the shape of the dual objective.

As an application, we derived linear convergence rates for three natural dual algorithms:
gradient ascent (14), coordinate ascent (16), and coordinate gradient ascent (20). Coordinate
ascent is implicit for QOT, since each coordinate update requires solving (17)–(18). By
contrast, gradient ascent and coordinate gradient ascent are explicit schemes, but they require
a choice of step size. The sufficient step-size assumptions in Corollaries 2.6 and 2.8 ensure
monotonicity, uniform L∞ control of the iterates, and hence a uniform PL constant along
the trajectory.

Qualitatively, the theoretical results predict the behavior observed numerically. In prac-
tice (see, e.g., the plots in [16] for gradient ascent), we observe a finite burn-in phase followed
by a clear linear convergence regime. The constants in Section 2.3 are necessarily conser-
vative: in practice the burn-in is typically much shorter, and the asymptotic contraction is
often much faster than what is guaranteed by the explicit bounds. While the constants in
Theorem 2.5 have a pessimistic explicit dependence on ε, numerical experiments often show
that the number of iterations required to reach a fixed accuracy scales closer to 1/ε over
moderate ranges.

The step-size restrictions are likewise conservative. Our theory requires η < ε for gradient
ascent and η < ε/

√
2 for coordinate gradient ascent. These assumptions are sufficient for

the estimates in (15) and (21), but they are not sharp as stability thresholds. Numerically,
convergence does fail when the step size is taken too large, but the breakdown often occurs
at values larger than those imposed by the proof (see also [16]). In particular, the optimal
step size (obtained a posteriori by grid search) is often relatively large.

Lastly, let us briefly comment on some practical aspects that are not captured by our
theory. The comparison between the two explicit schemes is nuanced. Coordinate gradient
ascent typically requires fewer outer iterations than gradient ascent, because each iteration
uses the updated first coordinate before updating the second. However, each such iteration
is more expensive. At the conservative step sizes guaranteed by Corollaries 2.6 and 2.8,
the wall-time performance of the two schemes is therefore often comparable. If, instead,
the best stable step size is supplied by an oracle, coordinate gradient ascent is frequently
faster; its advantage then stems from its ability to use a larger effective step size while
retaining a faster contraction per iteration. In practice, an adaptive choice of step size
(such as monotone Armijo backtracking with Barzilai–Borwein initialization) substantially
accelerates both schemes. Then, we often observe that coordinate gradient ascent converges
faster (certainly in iterations, but even when measured in wall-time), especially when ε is
small. Gradient ascent is sometimes faster for large ε, thanks to the simpler iteration. In both
cases, the final step size is often a multiple of ε, and these large steps seem to be responsible
for the improvement. The implicit coordinate ascent scheme does not require a step size,
but instead requires solving the first-order equations. Implemented with an efficient solver
(such as an active-set Newton method), coordinate ascent is competitive with the explicit
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methods, and often the fastest when ε is moderate—while the implicit nature makes each
iteration costly, a better contraction constant more than compensates for that. Broadly
speaking, the three methods seem comparable, with wall-time ratios rarely exceeding 3 for
moderate experiments. However, extensive experiments and sophisticated implementations
are left for future work.

A Extension to uniformly continuous costs

This appendix shows how to generalize our results from Lipschitz costs c to costs that are
merely uniformly continuous. Set

R := 1 ∨ diam(Ω) ∨ diam(Ω′).

Assumption A.1 (Cost with modulus of continuity). There exists a modulus of continuity
ω : [0,∞) → [0,∞), that is, a nondecreasing continuous function with ω(0) = 0, such that

|c(x, y)− c(x′, y′)| ≤ ω(∥x− x′∥+ ∥y − y′∥) for all x, x′ ∈ Ω, y, y′ ∈ Ω′. (58)

Under Assumption A.1, Proposition 2.4 remains valid, except that item (iii) is replaced
by

|f∗(x)− f∗(x
′)| ≤ ω(∥x− x′∥), |g∗(y)− g∗(y

′)| ≤ ω(∥y − y′∥); (59)

cf. [26]. We fix these versions of the potentials throughout the remainder of the appendix.
To state the results, define the radius

ϱε,ω := sup
{
r ∈ [0, R] : 2ω(r) + ω(2r) ≤ ε

2

}
> 0 (60)

and the constants

αε,ω :=
λ2
P

Λ2
P

infy∈Ω′ Q(Bϱε,ω(y))(
⌈diam(Ω)/ϱε,ω⌉

)d+2
, (61)

κε,ω := δP min(ϱε,ω, 1)
d, βε,ω :=

1

4
κε,ωαε,ω, (62)

γε,ω := 4β−1
ε,ω = 16 δ−1

P min(ϱε,ω, 1)
−dΛ

2
P

λ2
P

(
⌈diam(Ω)/ϱε,ω⌉

)d+2

infy∈Ω′ Q(Bϱε,ω(y))
. (63)

Remark A.2. If one strengthens (58) to the coordinatewise estimate

|c(x, y)− c(x′, y′)| ≤ ω(∥x− x′∥) + ω(∥y − y′∥),

then one can replace (60) with any radius satisfying ω(ϱε,ω) ≤ ε/8. In particular, denoting
by ω−1 the (generalized) inverse of ω, one may take the more explicit radius

ϱε,ω := ω−1(ε/8) ∧R.

Lemma A.3 (Coordinate-wise coercivity with a modulus of continuity). Let r0 be as in (26).
For all r ≤ r0 and (u, v) ∈ L2(P )× L2(Q),∫

fr⊕gr≥c
(u⊕ v)2 d(P ⊗Q) ≥ αε,ω VarP (u).
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Proof. The proof is identical to that of Lemma 3.2 up to (29). It remains to replace the
estimate following the definition of mx.

Choose a measurable selector

Ω ∋ x 7→ y(x) ∈ argmax
y∈Ω′

(f∗(x) + g∗(y)− c(x, y))+

and define
mx := max

y∈Ω′
(f∗(x) + g∗(y)− c(x, y))+.

As before, (10) implies mx ≥ ε for all x ∈ Ω. Let x, z ∈ Ω and y ∈ Ω′. Using (58) and (59),
we obtain

f∗(z) + g∗(y)− c(z, y) ≥ f∗(x) + g∗(y(x))− c(x, y(x))

− ω(∥x− z∥)− ω(∥y(x)− y∥)− ω(∥x− z∥+ ∥y(x)− y∥)
= mx − ω(∥x− z∥)− ω(∥y(x)− y∥)− ω(∥x− z∥+ ∥y(x)− y∥).

Hence, if z ∈ Bϱε,ω(x) and y ∈ Bϱε,ω(y(x)), then by (60),

f∗(z) + g∗(y)− c(z, y) ≥ ε− 2ω(ϱε,ω)− ω(2ϱε,ω) ≥
ε

2
,

so that z ∈ T ε
y . Thus the inclusion used in the proof of Lemma 3.2 remains valid with ε/(8L)

replaced by ϱε,ω. Repeating the remainder of that proof with ϱ = ϱε,ω yields the claim.

Remark A.4. The proof of Remark 3.4 is unchanged with ε/(8L) replaced by ϱε,ω. In
particular,

inf
y∈Ω′

Q(Bϱε,ω(y)) ≤ Q(Sε
x), inf

x∈Ω
P (Bϱε,ω(x)) ≤ P (T ε

y ). (64)

Theorem A.5 (Uniform coercivity of M under a modulus of continuity). Let r0 be as in (26).
Then for all r ≤ r0 and (u, v) ∈ L2(P )× L2(Q),

⟨u⊕ v,M(u⊕ v)⟩L2(P⊗Q) ≥ βε,ω∥u⊕ v∥2L2(P⊗Q), (65)

and consequently, for a.e. r ∈ [0, r0],

∥(f∗ − f)⊕ (g∗ − g)∥2L2(P⊗Q) ≤
ε

βε,ω
ϕ′′(r). (66)

Proof. The proof of Theorem 3.7 carries over once (41) and (42) are replaced by

P (Tr,y) ≥ δP min(ϱε,ω, 1)
d = κε,ω, Q(Sr,x) ≥ inf

y∈Ω′
Q(Bϱε,ω(y)).

These follow from Remark A.4 together with Remark 2.2. Note also that

αε,ω ≤ inf
y∈Ω′

Q(Bϱε,ω(y)),

so Step 2 of the proof of Theorem 3.7 is unchanged as well. Therefore the same spectral
argument yields (65), and (66) then follows from (24) exactly as before.
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Corollary A.6 (PL inequality for Φ with a modulus of continuity). Theorem 3.1 remains
valid under Assumption A.1, with γε replaced throughout by γε,ω.

Proof. Replace Theorem 3.7 by Theorem A.5 in the proof of Theorem 3.1. Since the proof
depends on the cost regularity only through the constant βε, the same argument yields the
conclusion with βε,ω in place of βε, hence with γε,ω = 4β−1

ε,ω in place of γε.

Corollary A.7 (PL inequality for Γ with a modulus of continuity). Assume Assumptions 2.1
and A.1. Then for every (f, g) ∈ L∞(Ω)× L∞(Ω′),

∥f ⊕ g − f∗ ⊕ g∗∥L2(P⊗Q) ≤ γε,ω max
(
∥f ⊕ g − f∗ ⊕ g∗∥∞, ε

)
∥DΓ(f, g)∥L2(P )×L2(Q),

and
∥DΓ(f, g)∥2L2(P )×L2(Q) ≥

QOTε(P,Q)− Γ(f, g)

γε,ω max
(
∥f ⊕ g − f∗ ⊕ g∗∥∞, ε

) .
Proof. Lemma 3.8 is unchanged. Therefore, Corollary A.6 implies the stated bounds exactly
as in the proof of Theorem 2.5.

Remark A.8. If ω(r) = Lr, the explicit radius from Remark A.2 becomes

ϱε,ω =
ε

8L
∧R

and (63) reduces to (13) (up to the truncation at R). That is, the results in the present
appendix recover the results in the main text when specialized to a Lipschitz cost c.

B Extension to connected Lipschitz supports

This appendix shows how the convexity assumption on the support Ω of P can be relaxed to

Ω = U, U ⊂ Rd is a bounded connected Lipschitz domain. (67)

Apart from this relaxation, we keep the rest of Assumption 2.1. Since U is Lipschitz, |∂U | = 0,
and we freely identify Lebesgue integrals over U and over Ω.

Remark B.1 (Lower bounds for ball measures). There exists a constant δΩ ∈ (0, 1], depend-
ing only on Ω, such that

|Br(x) ∩ Ω| ≥ δΩr
d, x ∈ Ω, 0 < r ≤ diam(Ω). (68)

Indeed, any bounded Lipschitz domain satisfies a uniform interior cone condition; see [18,
Theorem 1.2.2]. Consequently,

P (Br(x)) ≥ δ̃P min(rd, 1), x ∈ Ω, r > 0, where δ̃P := min(1, λP δΩ). (69)

The other geometric input needed in the proof is the following nonlocal Poincaré estimate,
whose proof reduces locally to the convex case. It replaces Lemma 3.3.
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Lemma B.2. There exists a constant CΩ ≥ 1, depending only on Ω, such that for every
ϱ > 0 and every h ∈ L2(Ω),∫

Ω

∫
Ω
(h(x)− h(z))2 dz dx ≤ CΩ

⌈
diam(Ω)

ϱ

⌉d+2

Eϱ(h), (70)

where
Eϱ(h) :=

∫
Ω

∫
Bϱ(x)∩Ω

(h(x)− h(z))2 dz dx.

Proof. If ϱ > diam(Ω), then Bϱ(x) ⊃ Ω for every x ∈ Ω. If ϱ = diam(Ω), this remains true
up to a L2d-null subset of Ω×Ω. Hence Eϱ(h) equals the left-hand side of (70), and there is
nothing to prove. We assume below that 0 < ϱ < diam(Ω).

Choose a finite collection of open sets U1, . . . , UM covering Ω and set

Ωi := Ui ∩ Ω.

We choose this Lipschitz atlas so that each Ωi is, up to a null set, the image of a bounded
convex reference set Vi under a bi-Lipschitz map

Φi : Vi → Ωi.

Such an atlas follows from the standard finite Lipschitz atlas for U and compactness of U .
After a refinement, connectedness of U allows us to choose the atlas so that the overlap
graph, with vertices 1, . . . ,M and edge relation

i ∼ j ⇐⇒ |Ωi ∩ Ωj | > 0,

is connected. Let all constants denoted by CΩ depend only on this fixed atlas, including the
bi-Lipschitz constants, the number of charts, the multiplicity of the cover, and the overlap
measures |Ωi ∩ Ωj | along the chosen connected graph. We allow CΩ to change from line to
line.

Fix i and set gi := h ◦ Φi on Vi. Since Vi is convex, Lemma 3.3 applied to Vi at scale
comparable to ϱ gives∫

Vi

∫
Vi

(gi(u)− gi(v))
2 dv du ≤ CΩ

⌈
diam(Ω)

ϱ

⌉d+2 ∫
Vi

∫
Vi∩Bϱ/CΩ

(u)
(gi(u)− gi(v))

2 dv du.

Using the identity ∫
Vi

∫
Vi

(gi(u)− gi(v))
2 dv du = 2|Vi| inf

a∈R

∫
Vi

(gi − a)2 du,

we obtain

inf
a∈R

∫
Vi

(gi − a)2 du ≤ CΩ

⌈
diam(Ω)

ϱ

⌉d+2 ∫
Vi

∫
Vi∩Bϱ/CΩ

(u)
(gi(u)− gi(v))

2 dv du.

Changing variables x = Φi(u) and z = Φi(v), and using the bi-Lipschitz bounds, yields

inf
a∈R

∫
Ωi

(h− a)2 dx ≤ CΩ

⌈
diam(Ω)

ϱ

⌉d+2 ∫
Ωi

∫
Ωi∩Bϱ(x)

(h(x)− h(z))2 dz dx. (71)
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Define the local means and local oscillations

mi :=
1

|Ωi|

∫
Ωi

h(x) dx, Ei :=

∫
Ωi

(h−mi)
2 dx.

By (71),

Ei ≤ CΩ

⌈
diam(Ω)

ϱ

⌉d+2 ∫
Ωi

∫
Ωi∩Bϱ(x)

(h(x)− h(z))2 dz dx. (72)

If i ∼ j, then Jensen’s inequality gives

|mi −mj |2 ≤
2

|Ωi ∩ Ωj |

∫
Ωi∩Ωj

(
|h−mi|2 + |h−mj |2

)
dx ≤ CΩ(Ei + Ej).

Since the overlap graph is finite and connected,

|mi −m1|2 ≤ CΩ

M∑
j=1

Ej , i = 1, . . . ,M.

Therefore, ∫
Ω
(h−m1)

2 dx ≤
M∑
i=1

∫
Ωi

(h−m1)
2 dx ≤ CΩ

M∑
i=1

Ei.

Combining this with (72) and using the finite multiplicity of the atlas,

inf
a∈R

∫
Ω
(h− a)2 dx ≤ CΩ

⌈
diam(Ω)

ϱ

⌉d+2

Eϱ(h).

Finally, ∫
Ω

∫
Ω
(h(x)− h(z))2 dz dx = 2|Ω| inf

a∈R

∫
Ω
(h− a)2 dx,

and the factor 2|Ω| is absorbed into CΩ.

We can now repeat the proof of Lemma 3.2 using Lemma B.2 instead of Lemma 3.3. This
gives the same assertion as in Lemma 3.2 except that its constant α is replaced by

α̃ε :=
λ2
P

Λ2
P

q0

CΩ

⌈
8L diam(Ω)

ε

⌉d+2
, q0 := inf

y∈Ω′
Q
(
B ε

8L
(y)
)
> 0. (73)

The proof of Theorem 3.7 then carries over with modified constants. Specifically, the
assertion now holds with βε replaced by

β̃ε :=
1

4
κ̃εα̃ε, κ̃ε := δ̃P min

( ε

8L
, 1
)d

,

with δ̃P from (69) and α̃ε from (73). Finally, we obtain the corresponding PL inequality and
error bound.
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Theorem B.3 (PL inequality on connected Lipschitz supports). Assume Assumption 2.1,
except that convexity of Ω is replaced by

Ω = U for a bounded connected Lipschitz domain U ⊂ Rd,

and Assumption 2.3. Then the assertions of Theorems 2.5 and 3.1 remain valid with γε
replaced by

γ̃ε = 16

(
δ̃−1
P max

(
8L

ε
, 1

)d
)

Λ2
P

λ2
P

CΩ

⌈
8L diam(Ω)

ε

⌉d+2

q0
, (74)

where δ̃P is defined in (69) and q0 = infy∈Ω′ Q(Bε/(8L)(y)).

Corollary B.4 (Linear convergence). If γε is replaced by γ̃ε of (74), all assertions of Corol-
laries 2.6 to 2.8 carry over to the setting of Theorem B.3.
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