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Abstract

We formulate a framework of polynomial diagrams, which are a generalisation of power
diagrams (PDs) and anisotropic power diagrams (APDs) allowing for boundaries between
cells to be algebraic curves of a prescribed degree. We show that they arise naturally from
rephrasing PDs (APDs) as first-degree (second-degree) instances of linear parametrised
minimisation diagrams. We also develop an efficient GPU-accelerated framework for fit-
ting polynomial diagrams to image data using Legendre polynomials and by maximising a
regularised concave objective function adapted from classical logistic regression literature.
A largely self-contained analysis of the optimisation algorithm is also provided, including
identification of scale and gauge invariances and the limiting objective function as the
regularisation parameter vanishes. We apply the algorithm to fit polynomial diagrams to
electron backscatter diffraction images of steel.

1 Introduction

The modelling of polycrystalline materials is a central challenge in materials science and is
of high relevance to industrial applications. The macroscopic response of a metal is strongly
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mediated by its grain structure: grain boundaries obstruct slip and promote strain hetero-
geneity, while grain size, morphology, and crystallographic texture enter directly into classical
strength and hardening laws and into modern microstructure-sensitive constitutive modelling
[24, 34, 45].

Experimental microstructure data is commonly obtained from electron backscatter diffrac-
tion (EBSD) measurements, and complementary datasets arise as discretised outputs of grain-
growth, crystal-plasticity and FEM simulations [8, 36, 45]. In all cases the data is inherently
discrete, given as pixels/voxels on a set Ω approximating an ambient domain Ω. It can then
be post-processed, e.g., using the open-source software MTEX [11], resulting in a grain map
G : Ω → [N ] (where [N ] := {1, . . . , N}), which is a partition of Ω into N grains, where
G(x) = k if the point x belongs to grain k.

For analysis, storage, and fast geometric queries it is advantageous to replace a pixel/voxel
level segmentation by a compact parametric representation whose induced cells approximate
the observed grains. Classical choices include Voronoi diagrams [10], power diagrams [22, 33,
43, 21, 14, 28, 15], and, more recently, anisotropic power diagrams [22, 29, 33, 43], which
remain a topic of active research [7, 3, 47, 48, 50, 39, 5, 4, 26] – see also [27] for recent work
on extending these approaches to account for crystallographic orientation of grains and [41]
on fast computation of Apollonius diagrams on a GPU. These diagrams have geometrically
interpretable parameters, but their expressive power is limited when experimental boundaries
depart from the assumed algebraic class.

In this work we formulate a common framework for such representations termed parametrised
minimisation diagrams (PMDs): given a set of functions {f1, . . . , fN} defined on the ambient
space Ω, each point x ∈ Ω is arg-min assigned, that is, assigned to the index attaining the
minimum of {fi(x)}i∈[N ]. We focus on the parametrised case

fi(x) = h(θi, x), h : RK × Ω → R

and on fitting θ = (θ1, . . . , θN ) ∈ RK×N so that the resulting arg-min assignment matches a
given grain map G as much as possible.

Directly maximising pixel/voxel accuracy is, in general, a non-smooth nonlinear program-
ming problem in θ. This was solved using stochastic optimisation in [49]. For the case of
APDs, it was recently shown that this is a high-dimensional linear programming problem [5].
To obtain a smooth, concave maximisation problem we use the well-known ε-scale soft as-
signment based on a log-sum-exp normalisation, leading to the standard multinomial logistic
regression problem [17, 25, 37]. See [39] for a recent use of similar ideas in the context of
microstructure modelling, where the problem is formulated as a non-convex logistic regression
problem (see Remark 2.2). For a recent survey of algorithms for fitting (anisotropic) power
diagrams to image data, see [6]. The problem of fitting diagrams to incomplete data, where
the full grain map G is not available and only the volumes and centroids of the grains are
known, is studied for example in [40, 43, 16, 13].

A foundational observation for the present work is that for the linear class

hθi(x) = θi · η(x), where η : Ω → RK is some design function,

the resulting objective function is strictly concave after removing a natural gauge invariance
(common shifts of all θi). This yields a numerically robust optimisation problem even at large
scale, and it allows us to analyse the behaviour of optimisers and near-optimisers, including
the ε-scaling, the sharp ε → 0 limit, and the classical non-attainment phenomenon under
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perfect reconstruction (typically referred to as linear separation in the logistic regression
literature [2, 46]).

To increase expressivity while preserving concavity, we extend the design function η be-
yond the standard low-degree cases. Power diagrams and anisotropic power diagrams are
recovered as degree one and two polynomial diagrams, and we propose a general polynomial
diagram framework with the design function η containing all polynomial terms up to a degree
d. In particular, we advocate rescaling to [−1, 1]2 and using a Legendre product basis, which
spans the same polynomial space but typically improves the conditioning of the design matrix
η(Ω) ∈ RK×|Ω|. We solve the resulting optimisation problem on a GPU using our Python
library PyAPD [18, 1]. We report numerical experiments on (i) synthetic data generated by
power/anisotropic power diagrams and (ii) EBSD-derived grain maps of steel, illustrating the
practical accuracy–complexity trade-off as the polynomial degree increases.

Outline of the paper. In Section 2 we introduce the general framework of parametrised
minimisation diagrams, formulate the fitting problem, and explain why the linear parametri-
sation class yields a concave multinomial logistic objective; standard power diagrams and
anisotropic power diagrams are recovered in Section 2.3.1 as first- and second-degree in-
stances of this framework. In Section 3 we define polynomial diagrams of arbitrary degree,
first in a monomial basis and then in a Legendre basis, and discuss their relation to the clas-
sical cases; see in particular Section 3.3. Section 4 contains a largely self-contained analysis
of the optimisation problem for linear PMDs, including the gradient and Hessian formulas,
strict concavity after gauge fixing, the role of the ε-parameter, the ε → 0 limit, and the
existence/non-existence of maximisers depending on whether perfect reconstruction is pos-
sible. In Section 5 we present GPU-based numerical experiments, first on synthetic power
and anisotropic power diagram data (Section 5.4) and then on EBSD grain maps of steel
(Section 5.5), followed by a discussion of degree selection, initialisation, recovery of physi-
cally meaningful parameters, and the practical role of ε in Section 5.6. Finally, Section 6
summarises the main findings and outlines several directions for future work.

Acknowledgements DPB and MB would like to thank the UK Engineering and Physi-
cal Sciences Research Council (EPSRC) for financial support via the grant EP/V00204X/1.
MB is currently supported by Research England under the Expanding Excellence in England
(E3) funding stream, which was awarded to MARS: Mathematics for AI in Real-world Sys-
tems in the School of Mathematical Sciences at Lancaster University. QM is supported by
Agence nationale de la recherche, through the PEPR PDE-AI project (ANR- 23-PEIA-0004).
The authors thank Tata Steel Netherlands for providing EBSD datasets and Shadeform for
providing access to cloud GPU resources.

2 Parametrised minimisation diagrams

2.1 Setting and notation

We consider an ambient space Ω ⊆ Rd. To simplify the presentation, we take d = 2 and

Ω := [−1, 1]2,
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although our results are not limited to two dimensions. We take a discretisation of Ω given
by a set of pixels

Ω :=

{
(−1,−1) +

1

M

(
k1 −

1

2
, k2 −

1

2

) ∣∣∣∣∣ ki ∈ [2M ]

}
,

where M ∈ N+ is the pixel resolution parameter and [2M ] := {1, . . . , 2M}. To be precise,
the points in Ω are the centres of pixels, but we refer to them as pixels for brevity. Overall
we have |Ω| = (2M)2 = 4M2 pixels. More generally, one may replace Ω by any finite set of
sample points in Ω, for instance an unstructured pixel list.

A grain map is an assignment map G : Ω → [N ], where N > 1, which induces a tessellation
of Ω into N clusters, each given by Gi := G−1({i}). We assume that G is given.

A minimisation diagram generated by a function f = (f1, . . . , fN ) : Ω → RN is a tessella-
tion of Ω into N cells:

Li :=
{
x ∈ Ω

∣∣∣ fi(x) < fj(x) ∀j < i, fi(x) ≤ fj(x) ∀j > i
}
. (1)

That is, ties are broken by assigning x to the smallest index attaining the minimum. In
particular,

Ω =
⋃
i

Li, Li ∩ Lj = ∅ for i ̸= j.

We restrict our attention to parametrised minimisation diagrams (PMDs), namely

fi(·) = h(θi, ·), h : RK × Ω → R, (short-hand notation h(θi, ·) ≡ hθi(·)). (2)

Thus θi ∈ RK is a set of parameters defining fi and θ = (θ1, . . . , θN ) ∈ RK×N is the overall
set of parameters determining the diagram.

Remark 2.1 (Bold font and subscript convention). We reserve bold font for highest level
collections of objects such as the collection f = (f1, . . . , fN ) of functions generating a min-
imisation diagram or a collection of parameters θ = (θ1, . . . , θN ). Depending on context a
generic constituent function will be referred to as either f or fi and a generic constituent
parameter vector as θ or θi. Lower level ordering for vectors θ, θi ∈ RK will be separated by
a comma, leading to notation θi,j ∈ R and θ,j ∈ R. The same convention applies to pixels
Ω = {x1, . . . , x|Ω|}, with xi,j ∈ [−1, 1] and the notation for a generic point x = (x,1, x,2) ∈ Ω,
or standard parameters defining (anisotropic) power diagrams (see Section 2.3.1).

The PMD-induced grain map is

Fθ : Ω → [N ], Fθ(x) := argmin
i∈[N ]

hθi(x).

If the minimiser is not unique, we select the smallest index (c.f., (1)) and such diagrams are
referred to as ambiguous. An important special case is a fully ambiguous diagram, which
arises when hθi(x) = hθj (x) for all i, j ∈ [N ] and all x ∈ Ω.

The characteristic function of the ith cell Li is given by

(pθ)i : Ω → {0, 1}, (pθ)i(x) := δ(i, Fθ(x)), (3)
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where δ is the Kronecker delta, so δ(k, j) = 1 if k = j and zero otherwise. For ε > 0, its
smeared-out counterpart is

(pεθ)i : Ω → (0, 1), (pεθ)i(x) :=
exp

(
−1

εhθi(x)
)

Sε
θ(x)

, Sε
θ(x) :=

∑
j∈[N ]

exp

(
−1

ε
hθj (x)

)
. (4)

We can think of (pεθ)i(x) as being the probability that pixel x belongs to grain i. If θ is such
that the resulting diagram is fully ambiguous, then (pεθ)i(x) =

1
N for all i ∈ [N ] and all x ∈ Ω.

In what follows, we will investigate several possible choices of parameterisation in (2) and
discuss optimisation approaches so that the PMD-induced grain map Fθ is as close to the
given grain map G as possible.

2.2 Optimisation approaches

For now assume that the parameterisation function h in (2) is fixed. The most natural
measure of the discrepancy between G and Fθ is to simply count the number of pixels being
assigned to correct grains, which gives the overall accuracy as

AccG(θ) :=
1

|Ω|
∑
x∈Ω

(pθ)G(x)(x) (5)

where (pθ)i is the characteristic function defined in (3). By construction, AccG(θ) ∈ [0, 1],
where 0 corresponds to a complete mismatch (no pixels assigned correctly) and 1 to perfect
reconstruction (all pixels assigned correctly). This leads to the optimisation problem

max
θ∈RK×N

AccG(θ). (6)

The mapping θ 7→ AccG(θ) is typically discontinuous, which renders solving (6) directly
tricky. One way to address this is to replace pθ with its smeared-out counterpart pεθ defined
in (4), leading to

max
θ∈RK×N

AccGε (θ), AccGε (θ) :=
1

|Ω|
∑
x∈Ω

(pεθ)G(x)(x). (7)

The exponential function in the definition of pεθ can lead to numerical overflow in finite-
precision arithmetic when ε is small. A numerically stable counterpart of (7) is the optimi-
sation problem

max
θ∈RK×N

ΦG
ε (θ), ΦG

ε (θ) :=
1

|Ω|
∑
x∈Ω

log
(
(pεθ)G(x)(x)

)
. (8)

We recognise that this is the well-known multinomial logistic regression approach to clustering,
which is standard in the statistics and machine-learning literature [17, 25, 37].

The problem in (8) is particularly nice when the objective function ΦG
ε is concave, as then

every local maximiser is also a global maximiser. This will be analysed in detail in Section 4.
But first, in the next section, we will establish a broad class of PMDs for which the concavity
of the objective function ΦG

ε in (8) can be guaranteed.
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2.3 Linear parameterisation ensures concavity

Recall (2), fix some K ∈ N+ and suppose that h : RK × Ω → R is an arbitrary parameteri-
sation giving rise to functions {hθi}i∈[N ]. We first rewrite the objective function ΦG

ε from (8)
as

ΦG
ε (θ) =

1

|Ω|
∑
x∈Ω

(
−1

ε
hθG(x)

(x)− logSε
θ(x)

)
(9)

and we recall from (4) that

Sε
θ(x) =

∑
j∈[N ]

exp

(
−1

ε
hθj (x)

)
.

It is a standard assertion relying on Jensen’s inequality [17, 12] that, for fixed ε > 0 and
x ∈ Ω, the function θ 7→ − logSε

θ(x) is concave if θ 7→ −h(θ, x) is convex. But in this case(
−1

ε
hθG(x)

(x)− logSε
θ(x)

)
(10)

is a sum of a convex function and a concave function. A sufficient condition to ensure concavity
is thus that the mapping θ 7→ h(θ, x) is linear, so of the form

h(θ, x) = θ · η(x) (11)

where η : Ω → RK is a design function, giving rise to the well-known notion of a design
matrix :

η(Ω) ∈ RK×|Ω|, (η(Ω))ij := ηi(xj), i ∈ [K], j ∈ [|Ω|].
This is exactly the well-known “feature map” approach in statistical learning: η(x) is the
feature (or basis) vector associated with input x, and η(Ω) is the corresponding design matrix
used in linear and generalised linear models; see, e.g., [25, 37]. Equivalently, η can be viewed
as an explicit embedding of the input space into a (possibly higher-dimensional) feature space,
in which the model is linear.

The fact that a linear parametrisation does indeed ensure concavity is well-known and
will be discussed in Proposition 4.4.

2.3.1 Relation to standard diagrams

We will now show that two standard minimisation diagrams can be recovered as special cases
of the linear parametrisation class (11) for specific choices of η.

Power diagrams. The ith cell of the power diagram generated by the N seed points
y = {y1, . . . , yN}, yi ∈ R2, and weights w = {w1, . . . , wN}, wi ∈ R, is given by

Li = {x ∈ Ω | ∥x− yi∥2 − wi ≤ ∥x− yj∥2 − wj , ∀j ∈ [N ]}.

After simplifying, this can be equivalently rewritten as a PMD with K = 3 and

h(θ, x) = θ · η(x), η(x) = (x,1, x,2, 1).

We also have a relation
θ = (−2y,1,−2y,2, y

2
,1 + y2,2 − w)

and conversely

y,1 = −1

2
θ,1, y,2 = −1

2
θ,2, w =

1

4
(θ,1)

2 +
1

4
(θ,2)

2 − θ,3. (12)
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Anisotropic power diagrams. The ith cell of the anisotropic power diagram generated
by the N seed points y = {y1, . . . , yN}, yi ∈ R2, weights w = {w1, . . . , wN}, wi ∈ R, and
anisotropy matrices A = (A1, . . . ,AN ), Ai a 2x2 symmetric positive definite matrix, is given
by

Li = {x ∈ Ω | ∥x− yi∥2Ai
− wi ≤ ∥x− yj∥2Aj

− wj , ∀j ∈ [N ]}, ∥z∥2A := z ·Az. (13)

Expanding ∥x− y∥2A −w = x ·Ax− 2(Ay) · x+ (y ·Ay−w) shows this is a PMD with K = 6
and

h(θ, x) = θ · η(x), η(x) = (x2,1, x,1x,2, x
2
,2, x,1, x,2, 1). (14)

We also have a relation

θ =
(
A11, 2A12, A22, −2(A11y,1 +A12y,2), −2(A12y,1 +A22y,2), y ·Ay − w

)
,

and conversely

A =

(
θ,1

1
2θ,2

1
2θ,2 θ,3

)
, y = −1

2
A−1

(
θ,4
θ,5

)
, w = y ·Ay− θ,6 =

1

4

(
θ,4
θ,5

)
·A−1

(
θ,4
θ,5

)
− θ,6. (15)

For an arbitrary θ ∈ R6×N , the corresponding anisotropy matrices Ai may not be positive
definite. It turns out, however, that the constraint of positive definiteness can be enforced
while solving the unconstrained optimisation problem maxθ∈R6×N ΦG

ε (θ); see Section 5.6.3.

Remark 2.2 (Prior related work). A similar discussion on transforming the standard APD
description in terms of (w,y,A) from (13) into a linear one based on (14) and the substitution
(15) was also considered in [5] in the context of formulating a linear programming problem to
solve the unregularised problem (6). In [39] on the other hand, the authors do work with the
smeared-out characteristic function pεθ defined in (4), but using the standard APD description
in terms of (w,y,A). Furthermore, instead of ΦG

ε , a binary cross-entropy objective function
is considered, which in our linear θ description amounts to solving

max
θ∈RK×N

ΦBCE
ε (θ), ΦBCE

ε (θ) :=
1

|Ω|

N∑
i=1

∑
x∈Gi

log((pεθ)i(x)) +
∑
x ̸∈Gi

log(1− (pεθ)i(x))

 .

(16)
This is a well-known “one-vs-all” approach to multi-class classification problems [44], which is
routinely used as an alternative to the multinomial logistic regression approach. While solving
(16) has its advantages, with gradient information arguably richer, the big disadvantage is
that the loss of concavity is unavoidable. This follows from

log(1− (pεθ)i(x)) = log

∑
j∈[N ]
j ̸=i

exp

(
−1

ε
hθj (x)

)− log

∑
j∈[N ]

exp

(
−1

ε
hθj (x)

) ,

which, similarly to the discussion following (10), is a difference of two convex functions.
Since the underlying problem is one of exclusive multi-class classification (each pixel belongs
to exactly one grain), a “one-vs-all” binary approach should probably be avoided, as (i) it
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introduces no additional information (membership in one class automatically determines non-
membership in all others), (ii) the computational cost is much increased (the complement of
the set Gi contains most pixels), and (iii) the concavity is lost. The computational cost issue
can be partially mitigated by employing batched stochastic optimisation techniques, as is
done in [39], but this of course makes the gradient information less rich.

Remark 2.3 (Voronoi, multiplicative Voronoi, and Apollonius diagrams are not linear).
Voronoi diagrams are the special case of power diagrams where wi = 0 for all i. In this case,
we observe that while we can still write a Voronoi diagram as a PMD with

h(θ, x) = θ · η(x), η(x) = (x,1, x,2, 1), θ = (−2y,1,−2y,2, ∥y∥2),

Voronoi diagrams are not linear because the parameter space is constrained by

θ,3 − 1
4(θ

2
,1 + θ2,2) = 0.

The same is true for multiplicatively weighted Voronoi diagrams, with cell formula

Li = {x ∈ Ω | wi∥x− yi∥2 ≤ wj∥x− yj∥2, ∀j ∈ [N ]},

leading to an incomplete degree two monomial basis (a complete treatment of such polynomial
diagrams will be given Section 3),

η̃(2)(x) = (x2,1, x
2
,2, x,1, x,2, 1), θ = (w, w, −2w2y,1, −2w2y,2, w

2∥y∥2),

and with a nonlinear constraint
θ2,3 + θ2,4 = 4θ,1θ,5.

Note that one typically also has the constraint θi,1 = θi,2 = wi > 0 for all i. Similarly, an
Apollonius diagram, with cell formula

Li = {x ∈ Ω | ∥x− yi∥ − wi ≤ ∥x− yj∥ − wj , ∀j ∈ [N ]},

cannot be expressed as a linear parametrisation since the seed yi enters inside the norm and
squaring both sides of the inequality does not lead to a linear parametrisation either.

3 Polynomial diagrams

The linearisation of standard diagrams presented in Section 2.3.1 shows that a power dia-
gram is a first degree diagram, since its design function includes all zeroth- and first-order
polynomial terms in (x,1, x,2). Likewise, an anisotropic power diagram is a second degree
diagram. In this section we propose a natural generalisation to a class of polynomial diagrams
of an arbitrary degree d > 0. Note that we avoid the term higher-order diagram, as this is a
well-known term for a different type of generalisation, such as higher-order Voronoi diagrams
[30, 10] and, e.g., their more recent extension to line segments [38].
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3.1 Multi-index notation

For α = (α1, α2) ∈ N2
0 and x = (x,1, x,2) ∈ Ω, write

|α| := α1 + α2, xα := xα1
,1 x

α2
,2 .

Fix d ∈ N+ and define the set of multi-indices up to total degree d by

Ad := {α ∈ N2
0 : |α| ≤ d}, Kd := |Ad| =

(d+ 1)(d+ 2)

2
.

We fix once and for all an ordering of Ad (e.g. graded lexicographic), and implicitly identify
vectors in RKd with multi-indices α ∈ Ad.

3.2 Monomial basis

Define the degree d monomial design function

η(d) : Ω → RKd , η(d)(x) :=
(
xα
)
α∈Ad

.

A monomial degree d minimisation diagram is a polynomial diagram of the linear form (11)
with η = η(d), i.e.,

h(θ, x) = θ · η(d)(x) =
∑
α∈Ad

θ,α x
α, θ ∈ RKd . (17)

For θ = (θ1, . . . , θN ) ∈ RKd×N , the induced grain map is

Fθ(x) = argmin
i∈[N ]

hθi(x),

with the same tie-breaking convention as in Section 2.1, and the corresponding cells are

Li :=
{
x ∈ Ω

∣∣∣ hθi(x) < hθj (x) ∀j < i, hθi(x) ≤ hθj (x) ∀j > i
}
. (18)

The associated design matrix is

η(d)(Ω) ∈ RKd×|Ω|, (η(d)(Ω))α,j := xαj , α ∈ Ad, j ∈ [|Ω|].

A monomial basis approach is presented primarily as the most intuitive extension of first-
degree (power) and second-degree (anisotropic power) diagrams. For practical computations,
we instead work with Legendre polynomials, which we will discuss now.

3.3 Legendre basis

Since Ω = [−1, 1]2 (and any other rectangular domain can be scaled to [−1, 1]2), it is natural
to replace monomials by (products of univariate) Legendre polynomials [51, Chapter 17].
Let {Pm}m≥0 denote the standard Legendre polynomials on [−1, 1], normalised by P0 ≡ 1,
P1(t) = t and satisfying the three-term recurrence

(m+ 1)Pm+1(t) = (2m+ 1) t Pm(t)−mPm−1(t).
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Legendre polynomials are orthogonal on [−1, 1] with respect to uniform weight,∫ 1

−1
Pm(t)Pn(t) dt =

2

2n+ 1
δmn.

This typically leads to the associated columns of the design matrix being less correlated,
improving conditioning of the design matrix and stability of gradient-based optimisation,
especially for larger d.

Define the Legendre product indexed by α = (α1, α2) ∈ Ad as

ψα(x) := Pα1(x,1)Pα2(x,2).

Then the degree d Legendre design function is

η
(d)
L : Ω → RKd , η

(d)
L (x) :=

(
ψα(x)

)
α∈Ad

=
(
Pα1(x,1)Pα2(x,2)

)
α∈Ad

.

A Legendre degree d minimisation diagram is a polynomial diagram of the linear form (11)

with η = η
(d)
L , i.e.,

h(θ, x) = θ · η(d)L (x) =
∑
α∈Ad

θ,α Pα1(x,1)Pα2(x,2), θ ∈ RKd . (19)

The induced grain map Fθ and cells Li are defined as before. The associated design matrix is

η
(d)
L (Ω) ∈ RKd×|Ω|, (η

(d)
L (Ω))α,j := Pα1(xj,1)Pα2(xj,2), α ∈ Ad, j ∈ [|Ω|].

Remark 3.1 (Consistency with standard cases). For d = 1, the monomial design gives

η(1)(x) = (x,1, x,2, 1),

recovering the power-diagram linearisation. For d = 2, the monomial design gives

η(2)(x) = (x2,1, x,1x,2, x
2
,2, x,1, x,2, 1),

recovering (14). For the Legendre variant, note that P0 ≡ 1 and P1(t) = t, hence η
(1)
L (x)

spans the same linear feature space as the monomial case (up to re-ordering), while higher
d provide an alternative (often better conditioned) polynomial basis. Since both monomial
and Legendre bases span the same polynomial space Pd(R2) (total degree ≤ d), there exists
a unique and easily computable invertible matrix T (d) ∈ RKd×Kd allowing us to conveniently
convert between them.

Remark 3.2 (Geometric interpretation of cell boundaries). For any i ̸= j, the interface
between cells Li and Lj is contained in

{x ∈ Ω : hθi(x) = hθj (x)} = {x ∈ Ω : (θi − θj) · η(d)(x) = 0},

which is an algebraic curve of degree at most d (independent of the chosen basis).

Extensive numerical tests showcasing the fitting of Legendre polynomial diagrams to grain
maps will be presented in Section 5. Let us first, in the next section, provide a mathematical
analysis of optimising abstract linear PMDs. In particular, the motivation for using Legendre
polynomials is discussed in Remark 4.6.
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4 Analysis of optimising linear PMDs

Throughout this section we assume the linear parametrisation

hθi(x) = θi · η(x), x ∈ Ω, i ∈ [N ], (20)

with design function η : Ω → RK . For ε > 0 define the soft assignment

(pεθ)i(x) :=
exp
(
−1

εhθi(x)
)∑N

j=1 exp
(
−1

εhθj (x)
)

and recall that the objective function is

ΦG
ε (θ) :=

1

|Ω|
∑
x∈Ω

log
(
(pεθ)G(x)(x)

)
≤ 0. (21)

We also recall the induced hard assignment map

Fθ(x) := argmin
i∈[N ]

hθi(x),

with the same tie-breaking rule as in Section 2.1. Finally, define the fraction of misassigned
pixels

ErrG(θ) :=
1

|Ω|

∣∣∣{x ∈ Ω : Fθ(x) ̸= G(x)}
∣∣∣.

Note that by construction ErrG(θ) = 1−AccG(θ) (defined in (5)).
We now present a short, self-contained analysis of the optimisation problem maxΦG

ε , which
is equivalent to softmax (multinomial logistic) regression with log-sum-exp normalisation.
We do not claim novelty, as these results are standard in the statistics and machine-learning
literature [17, 25, 37], including the classical discussion of (non-)existence of maximisers under
separation, which to the best of our knowledge can be traced back to [2, 46].

We begin by showing that since the parametrisation is linear, the parameter ε > 0 can
always be absorbed into θ.

Lemma 4.1 (ε–parameter scaling). For any ε > 0 and θ ∈ RK×N , define ϑ := θ/ε (i.e.,
ϑi = θi/ε for all i). Then, for all x ∈ Ω,

Fϑ(x) = Fθ(x), (pεθ)i(x) = (p1ϑ)i(x) i ∈ [N ]

and in particular ΦG
ε (θ) = ΦG

1 (ϑ).

Proof. This follows by a direct computation.

Next we turn to the so-called gauge invariance and fixing.

Lemma 4.2 (Gauge invariance). For any c ∈ RK , define θ′ = (θ′1, . . . , θ
′
N ) by θ′i := θi+ c for

all i. Then for all x ∈ Ω,

Fθ′(x) = Fθ(x), (pεθ′)i(x) = (pεθ)i(x), i ∈ [N ],

and hence ΦG
ε (θ

′) = ΦG
ε (θ).
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Proof. This follows by a direct computation.

Remark 4.3 (Gauge fixing). We can factor out the gauge invariance byK independent linear
constraints removing the common-shift direction. The simplest one is to treat one of the cells
as the reference one and, e.g., fix θN ≡ 0.

Proposition 4.4 (Concavity of ΦG
ε and gradient and Hessian formulas). Fix ε > 0. Under

(20), the objective function ΦG
ε in (21) is concave. Moreover, for each i ∈ [N ],

∇θiΦ
G
ε (θ) = − 1

ε|Ω|
∑
x∈Ω

(
δiG(x) − (pεθ)i(x)

)
η(x). (22)

Similarly, for i, k ∈ [N ], the (i, k)-block of the Hessian is

∇θk∇θiΦ
G
ε (θ) = − 1

ε2|Ω|
∑
x∈Ω

(pεθ)i(x)
(
δik − (pεθ)k(x)

) (
η(x)⊗ η(x)

)
, (23)

and the Hessian is negative semidefinite (with a null direction corresponding to the gauge shift
in Lemma 4.2).

Proof. Formulas (22) and (23) follow from a direct computation. The negative semidefinite-
ness of the Hessian follows from the proof of Proposition 4.5 below.

Proposition 4.5 (Strict concavity of ΦG
ε ). Assume that the set {η(x) : x ∈ Ω} spans RK .

Then the nullspace of the Hessian consists only of vectors of the form v = (c, . . . , c) for
some c ∈ RK , and the function ΦG

ε is strictly concave on the orthogonal complement of this
nullspace.

Proof. To improve readability, set pi(x) := (pεθ)i(x), and for every x ∈ Ω denote by

Px = (p1(x), . . . , pN (x))

the associated probability distribution. Let v = (v1, . . . , vN ) be a block vector, where vi ∈ RK .
The quadratic form associated with the Hessian matrix of ΦG

ε (θ) is

v⊤∇2ΦG
ε (θ)v = − 1

ε2|Ω|
∑
x∈Ω

 N∑
i=1

pi(x) (vi · η(x))2 −

(
N∑
i=1

pi(x) (vi · η(x))

)2


= − 1

ε2|Ω|
∑
x∈Ω

VarPx

(
i 7→ vi · η(x)

)
,

where VarPx(·) denotes the variance with respect to the probability distribution Px. Since
the variance is non-negative, the quadratic form is non-positive, proving concavity of ΦG

ε .
The formula above shows that v belongs to the nullspace of the Hessian of ΦG

ε if and only
if for all x, the variance of i 7→ vi · η(x) vanishes. Since the probabilities pi(x) > 0 are all
strictly positive, this implies that i 7→ vi · η(x) is constant for all x. In particular, for each i
the vector vi − v1 is orthogonal to η(x) for all x ∈ Ω. Since by assumption the vectors η(x),
x ∈ Ω, span the entire space RK , we get vi ≡ v1 for all i, which corresponds exactly to the
gauge shift invariance.
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Remark 4.6 (Conditioning and choice of basis). The Hessian in (23) is built from weighted
second-moment matrices of the form∑

x∈Ω
(pεθ)i(x) η(x)⊗ η(x),

and the quadratic-form representation in the proof of Proposition 4.5 shows that their con-
ditioning directly influences the conditioning of the optimisation problem. This motivates
choosing a basis η for which these matrices are better conditioned and, in favourable cases,
close to diagonal. In particular, after rescaling the domain to [−1, 1]2, tensor-product Legen-
dre polynomials are a natural choice: in the continuum they are orthogonal with respect to the
uniform measure [51, Chapter 17], and on sufficiently regular discrete grids the corresponding
discrete Gram matrices are typically much better conditioned, and often closer to diagonal,
than those arising from the monomial basis [23]. Although the weights (pεθ)i(x) mean that
the matrices above are not, in general, exactly diagonal in the Legendre basis, one still ex-
pects a substantial conditioning advantage over monomials whenever the induced discrete
measures are not too far from uniform. This is one of the motivations for the Legendre-based
parametrisation discussed in Section 3.3.

Next we investigate what happens as ε→ 0.

Proposition 4.7 (Uniform ε→ 0 limit of the rescaled objective). Define Eε(θ) := −εΦG
ε (θ).

Then for every θ ∈ RK×N and every ε > 0,

0 ≤ Eε(θ)− E0(θ) ≤ ε logN, (24)

where the limit functional is

E0(θ) :=
1

|Ω|
∑
x∈Ω

(
hθG(x)

(x)− min
j∈[N ]

hθj (x)
)

≥ 0. (25)

In particular, Eε → E0 uniformly on RK×N as ε → 0. Moreover, if perfect reconstruction of
the given grain map G is possible (i.e., if there exists θ such that Fθ(x) = G(x) for all x ∈ Ω),
then min E0 = 0.

Proof. For each x ∈ Ω, write aj(x) := −hθj (x). Then

ε log
∑
j

eaj(x)/ε

is the standard log-sum-exp smooth approximation of maxj aj(x), with the sharp bounds (see,
e.g., [12])

max
j
aj(x) ≤ ε log

∑
j

eaj(x)/ε ≤ max
j
aj(x) + ε logN.

Substituting aj(x) = −hθj (x), rearranging, and averaging over x yields

0 ≤ 1

|Ω|
∑
x∈Ω

ε log
∑
j

exp

(
−
hθj (x)

ε

)
+ min

j∈[N ]
hθj (x) ≤ ε logN.

Then (24) follows immediately from the definitions of Eε and E0. For perfect reconstruction,
one has hθG(x)

(x) = minj∈[N ] hθj (x) for all x ∈ Ω, and hence min E0 = 0, as claimed.
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The final set of results concerns the question of (non-)existence of maximisers of ΦG
ε , which

is known to depend on whether the diagram representation can perfectly recover the given
grain map G [2, 46].

Proposition 4.8 (Perfect reconstruction implies the supremum is not attained). Assume
that N > 1 and there exists θ0 such that ErrG(θ0) = 0 (so Fθ0(x) = G(x) for all x ∈ Ω) and
G(x) is the strict minimiser of i 7→ hθ0i

(x) for all x ∈ Ω. Then, for any fixed ε > 0,

sup
θ

ΦG
ε (θ) = 0,

and the supremum is not attained (i.e., there is no maximiser in RK×N , even after gauge
fixing).

Proof. Let θt := tθ0. For each x, since G(x) is a strict minimiser of hθ0i
(x) among i ∈ [N ],

one has

(pεθt)G(x)(x) =
1

1 +
∑

j ̸=G(x)

(
exp(−hθ0j (x)/ε)

exp(−hθ0
G(x)

(x)/ε)

)t → 1 as t→ ∞,

hence ΦG
ε (θ

t) → 0. On the other hand, for any finite θ and any x, one has (pεθ)G(x)(x) < 1

because N > 1, so ΦG
ε (θ) < 0 and thus the supremum cannot be attained.

Lemma 4.9 (Pixel misassignment has a cost). Assume that N > 1. For any θ and any
x ∈ Ω, if Fθ(x) ̸= G(x) then

(pεθ)G(x)(x) ≤
1

2
and hence log

(
(pεθ)G(x)(x)

)
≤ − log 2.

Consequently,
ΦG
ε (θ) ≤ −(log 2)ErrG(θ). (26)

Proof. If Fθ(x) ̸= G(x), then

(pεθ)G(x)(x) ≤
exp(−hθG(x)

(x)/ε)

exp(−hθG(x)
(x)/ε) + exp(−hθFθ(x)

(x)/ε)
≤ 1

2

as required.

The following is a direct consequence.

Corollary 4.10 (Near-optimality implies (near-)perfect reconstruction). For any δ > 0,

ΦG
ε (θ) > −δ =⇒ ErrG(θ) <

δ

log 2
.

In particular, if δ < log 2
|Ω| , then

ΦG
ε (θ) > −δ

implies ErrG(θ) = 0, i.e., Fθ(x) = G(x) for all x ∈ Ω.

Note that this in particular implies that if a perfect reconstruction is possible, then any
approximately optimal θ achieves it.
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Proposition 4.11 (Imperfect reconstruction case: existence of a maximiser). If there is no
θ such that ErrG(θ) = 0 (which is equivalent to Fθ(x) = G(x) for all x ∈ Ω), then ΦG

ε

admits a maximiser (which is not unique due to the gauge invariance). Assume in addition
that the set {η(x) : x ∈ Ω} spans RK . Then ΦG

ε has a unique maximiser on the subspace
{(c, . . . , c) : c ∈ RK}⊥. Consequently ΦG

ε also has a unique maximiser on the gauge-fixed
subspace {θ ∈ RK×N : θN = 0}.

Proof. See [2, 46] and Proposition 4.5.

5 Numerical experiments

5.1 Implementation and computational setting

In all the experiments we optimise the multinomial logistic objective function ΦG
ε defined in

(21) under the linear parametrisation (20), using Legendre polynomial diagrams (Section 3)
of degrees d ∈ {1, . . . , 7}. We use the gauge fixing from Remark 4.3 by setting θN ≡ 0
throughout.

The implementation is part of the GPU-oriented library PyAPD [18, 1]. The evaluation
of ΦG

ε and its gradient uses a PyKeOps backend [19], avoiding explicit formation of the full
cost matrix (

hθi(x)
)
i∈[N ], x∈Ω ∈ RN×|Ω|,

whose (i, x)-entry is the cost of assigning pixel x to grain i. All runs were performed on
a single NVIDIA A100 GPU using double precision arithmetic. As discussed in [18], for a
combination of N (number of grains), |Ω| (number of pixels) and d (degree of the diagram)
large enough, our implementation ensures near 100% utilisation of the GPU.

All data used and generated in the numerical experiments is available in a reproducible
manner on GitHub through our library, PyAPD [1].

5.2 Optimisation protocol

To showcase the robustness of the method, we first initialise at the fully ambiguous state
θ(0) = 0, which implies that (pε

θ(0))i ≡ 1/N . A second initialisation choice comes from the
heuristic guess from [50] – see Section 5.6.2 for details.

We maximise ΦG
ε using the L-BFGS method [32]. In all cases we rely on the automatic

differentiation available in PyTorch to compute derivatives. This is known to be faster than
using the explicit formulas from Proposition 4.4 [18]. Reflecting the fact that ΦG

ε becomes
very flat near the optimum, we always run the optimisation for a fixed moderate number
of iterations, either 1000 or 2000, and fix the regularisation parameter to be ε = 10−2. A
robust annealing schedule [52] of systematically decreasing ε and a bespoke stopping criterion
will be considered in future work (see also the last paragraph of Section 5.6.4 for a related
discussion).

5.3 Datasets and common discretisation

We always take Ω = [−1, 1]2 with discretisation Ω, either as in Section 2.1 or provided by
the EBSD dataset. A grain map G : Ω → [N ] is provided either synthetically (from a known
power diagram or anisotropic power diagram), with discretisation parameter M chosen as
suggested in [18, Table 1], or from experimental EBSD data (pre-processing in MTEX [11]).

15



5.4 Reconstruction of (anisotropic) power diagrams

To show that the method works as expected, we first consider synthetic grain maps G gen-
erated by (A) a power diagram (PD) and (B)–(E) anisotropic power diagrams (APD) with
increasing anisotropy (elongation of the grains). These experiments are in the perfect recon-
struction regime: there exists θ⋆ such that Fθ⋆(x) = G(x) for all x ∈ Ω, hence supΦG

ε = 0 is
not attained (Proposition 4.8) and we look for a near optimum achieving perfect reconstruc-
tion (Corollary 4.10). In practice, to counter the increasing cost of L-BFGS iterates as ∥θ∥
grows, we impose a fixed budget of 2000 iterations and accept a (negligibly) small value ErrG.
The results are presented in Figure 1.

5.5 Fitting to EBSD grain maps

To showcase the true strength of the proposed framework, we next fit Legendre polynomial
diagrams to EBSD-derived grain maps. In contrast to the synthetic setting of Section 5.4,
the EBSD grain boundaries are not expected to lie exactly in the algebraic class induced by
a fixed degree d, so the problem only allows for imperfect reconstruction and a maximiser
exists (Proposition 4.11). We work with two EBSD datasets provided to us by our industrial
partner, Tata Steel Netherlands. The first, referred to as the small EBSD dataset, yields a
grain map G : Ω → [N ] with N = 245 grains and |Ω| = 63, 252 pixels. The second, referred
to as the big EBSD dataset, results in a grain map with N = 4686 and |Ω| = 1, 033, 376 pixels.
The results are presented in Figure 2 and Figure 3.

5.6 Discussion

We now report on several important aspects illuminated in our numerical experiments.

5.6.1 Degree d.

Increasing d increases the number of parameters per grain to Kd = (d+1)(d+2)
2 and permits

more complex algebraic interfaces (Remark 3.2). Empirically, the optimal value of the objec-
tive function ΦG

ε improves monotonically with d, while the reconstruction accuracy on EBSD
data improves up to a problem-dependent saturation degree. The improvement is mathemat-
ically obvious, since any lower-degree fit is an admissible higher-degree fit (with additional
parameters set to zero).

A simple quantity that helps assess the trade-off between model complexity and data size
is the compression ratio

Compr(d,N, |Ω|) :=
KdN

3|Ω|
. (27)

Interpreting a labelled pixel set naively as storing, per pixel, two coordinates and one label,
a grain map requires 3|Ω| scalar values, whereas a fitted degree-d diagram is specified by
KdN coefficients. This convention is also reasonable in practice for EBSD data, where grain
maps are often handled as unstructured pixel lists (for instance after removing small grains or
leaving unindexed regions as gaps), so that the pixel locations are stored explicitly together
with the grain labels. We report on the compression ratio for our EBSD experiments in
Table 1.

16



data set

Compr degree d
1 2 3 4 5 6 7 8

Small EBSD 0.39% 0.77% 1.29% 1.94% 2.71% 3.62% 4.65% 5.81%
Big EBSD 0.45% 0.91% 1.51% 2.27% 3.17% 4.23% 5.44% 6.80%

Table 1: The compression ratio (27) for the small and big EBSD datasets when reconstructed
with a polynomial diagram of degree d for d ∈ [8].

5.6.2 Moment-based heuristic initialisation for PDs and APDs.

For the cases d = 1 and d = 2, an alternative to the fully ambiguous initialisation θ(0) = 0 is
to use the well-known moment-based heuristic from [50], which was derived for the standard
description of power diagrams in terms of (w,y) and anisotropic power diagrams in terms of
(w,y,A) (c.f. Section 2.3.1), rather than in terms of θ. For a given grain map G : Ω → [N ],
it can be computed as follows. First we compute first moments (centroids)

y′i :=
1

|Gi|
∑
x∈Gi

x (28)

and the (central) second-moment matrices

(B′
i)kl :=

1

|Gi|
∑
x∈Gi

(x− y′i)k (x− y′i)l, k, l ∈ [2]. (29)

If B′
i is invertible, the anisotropy heuristic suggested in [50] is

A′
i := (B′

i)
−1, (30)

and the weight heuristic is

w′
i =

√
detA′

i|Gi|
|Ω|π

(31)

(in the case of a PD, we take A′
i = Id in (31)). Note that w′

i is the ratio of the ‘area’ of the
grain Gi divided by the area of the ellipse corresponding to B′

i. These heuristics give rise to
an initial guess (w′,y′) for a PD and (w′,y′,A′) for an APD, which can then be converted
to the linear parameter representation θ′ via the transformations in Section 2.3.1 and also to
the Legendre basis as discussed in Remark 3.1.

We advocate using this heuristic guess as an initialisation (even for d ≥ 3 by setting higher
degree coefficients to zero), provided that ε is chosen small enough (see Section 5.6.4). The
benefit is clearly seen in Figure 3, where for d ≥ 2 starting from the heuristic guess leads to
a much reduced error in pixel assignment.

5.6.3 Recovering a physically-relevant standard description.

When d ∈ {1, 2} we may optimise in the linear coefficient representation θ = (θ1, . . . , θN )
(with a gauge fix θN ≡ 0), and then convert a posteriori to the standard geometric parameters
(w,y) (power diagrams) or (w,y,A) (anisotropic power diagrams) via equations (12) and
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(15). One should keep in mind that this conversion is not canonical : by Lemma 4.2 the
diagram depends only on the equivalence class θ ∼ θ + (c, . . . , c), since adding the same
c ∈ RK shifts all scores by the same function x 7→ c · η(x) and hence does not change
the argmin. Consequently, the recovered physical parameters are defined only up to such a
common shift. Note that the diagram is also invariant under multiplicative rescaling, θ ∼ λθ,
for any λ > 0, but this transformation does not leave the objective function ΦG

ε invariant
(unless ε is also rescaled, see Lemma 4.1). This is discussed further in Section 5.6.4.

Recall that for d = 2 (APDs) the anisotropy matrices Ai are positive definite. However,
after imposing the optimisation gauge θN = 0, the matrix AN = 0 is not positive definite,
even though the induced diagram {Li} (defined in (18)) is perfectly meaningful. Similarly,
maximising ΦG

ε over all of R6×N without gauge-fixing may lead to some Ai that are not
positive definite. However, the gauge freedom can be used to enforce a physically-admissible
anisotropy (i.e., Ai positive definite for all i) in post-processing. Indeed, in the monomial
basis (14) the matrix Ai is read off from the quadratic coefficients as follows:

Ai =

(
θi,1

1
2θi,2

1
2θi,2 θi,3

)
.

Adding to every θi a vector c ∈ R6 of the form c = (c1, c2, c3, 0, 0, 0) amounts to replacing
every Ai by Ai + C, where C is the same symmetric matrix for all grains, while leaving the
diagram {Li} (defined in (18)) unchanged. Choosing C = λI with

λ > − min
i∈[N ]

λmin(Ai),

where λmin(Ai) denotes the smallest eigenvalue of Ai, ensures that Ai +C is positive definite
for all i. One then recomputes (yi, wi) from (15) using the shifted coefficients. In summary,
this procedure leaves the diagram {Li} unchanged while enforcing the constraint that the
anisotropy matrices are positive definite, even though we solve the unconstrained optimisation
problem maxΦG

ε . This observation was made in [5]. If optimisation is carried out in a different
polynomial basis, e.g. Legendre, the same procedure applies after converting θ to the monomial
basis.

For d = 1 (PDs), the same phenomenon appears in a simpler form: a common shift of the
linear coefficients corresponds to a common translation of all recovered seeds yi (and a cor-
responding adjustment of the weights), again without changing the diagram. This invariance
is well-known in the optimal transport literature; see, e.g., [35, Prop. 6].

5.6.4 Practical role of the regularisation parameter ε.

Lemma 4.1 shows that ε can be absorbed into a rescaling of parameters:

ΦG
ε (θ) = ΦG

1 (θ/ε),

and hence (assuming a maximiser exists) maximisers satisfy

θ̄ ∈ argmaxΦG
1 =⇒ ε θ̄ ∈ argmaxΦG

ε .

Separately, the induced hard assignment satisfies:

Fεθ(x) = Fθ(x) (ε > 0), and hence ErrG(εθ) = ErrG(θ).
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Thus, for the exact problem in exact arithmetic, ε carries no modelling content.
In computation, however, ε has a pronounced effect on the optimisation trajectory. Em-

pirically, the heuristic initialisation θ(0) = θ′ from Section 5.6.2 may yield a good hard recon-
struction (small ErrG(θ′)) while the corresponding values hθ′i(x) exhibit only weak separation
between the winning index and its competitors on substantial subsets of pixels. With ε ∼ 1
this typically leads to early L-BFGS iterates that substantially rearrange interfaces, and ErrG

can increase markedly before decreasing again; in all the numerical experiments considered,
this transient deterioration effectively removes the advantage of the heuristic relative to the
fully ambiguous start θ(0) = 0.

By contrast, taking ε≪ 1 makes the initial iterate behave more deterministically and we
observe a much more stable evolution of ErrG, frequently with near-monotone decrease, albeit
sometimes with slower progress in ΦG

ε once the reconstruction is already good. Importantly,
this behaviour can be reproduced while keeping ε = 1 by rescaling the initial parameters:
since ΦG

ε (θ) = ΦG
1 (θ/ε), running at small ε from θ′ is equivalent (for the objective and

its derivatives) to running at ε = 1 from the enlarged initialisation θ′/ε. Designing robust
annealing strategies based on this scaling (and stopping criteria aligned with ErrG) is an
algorithmic issue and will be pursued in future work.

6 Conclusions and outlook

We formulated a framework of parametrised minimisation diagrams (PMDs) and focused on
the linear class hθi(x) = θi · η(x), for which the logistic regression objective function ΦG

ε is
concave, and strictly concave after gauge fixing. Standard power diagrams and anisotropic
power diagrams arise as low-degree instances of this framework, and polynomial diagrams
provide a systematic extension in which cell interfaces are algebraic curves of controlled degree,
which is the main novelty of this work in the context of microstructure modelling.

On the computational side, the concave objective function admits reliable large-scale opti-
misation. In the perfect reconstruction regime (synthetic PD/APD ground truth) the supre-
mum of ΦG

ε is not attained, but nevertheless near-optimal approximate maximisers yield a
perfect reconstruction (no misassigned pixels). In the imperfect reconstruction regime, typi-
cally arising when dealing with EBSD data, a maximiser exists, and increasing the polynomial
degree improves accuracy but with diminishing returns.

Several directions for further work appear natural. First, while degrees d ≥ 3 empirically
fit complex experimental boundaries well, their geometric and physical interpretation is less
clear than for d = 1 (PD) and d = 2 (APD); understanding what classes of boundary regular-
ity and anisotropy are efficiently represented by higher-degree diagrams is an open question.
Second, the linear framework is not restricted to polynomial features: one may enrich the
design function η with additional basis functions (e.g., trigonometric or radial functions) to
capture oscillatory or multiscale boundaries, while preserving the concavity of ΦG

ε . Finally,
incorporating a physically-motivated regularisation term in the objective function (e.g., pe-
nalising curvature or encouraging mild shape constraints on the cells, such as approximate
convexity or star-shapedness) could improve robustness on noisy EBSD segmentations and
facilitate the interpretation of fitted parameters.

Another possible perspective is to view the present fitting problem as a semi-discrete
inverse optimal transport problem. Indeed, in semi-discrete optimal transport, Laguerre cells
arise from transporting an absolutely continuous source measure to a discrete target measure
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under a parametrised cost. In our setting, one may heuristically interpret the labelled pixels
as samples from such an optimal partition and the optimisation over PMD parameters as
learning, within a restricted parametrised class, both the effective cost and the induced target
masses from these samples. This is closely related in spirit to inverse optimal transport,
where one seeks to infer the ground cost from samples of an observed coupling or matching
[31, 20, 9, 42]. Making this connection precise, and clarifying what may be gained from the
inverse-transport viewpoint both theoretically and computationally, would be an interesting
direction for future work.

References

[1] PyAPD: A Python library for computing anisotropic power diagrams using GPU accel-
eration, v0.2.0. https://github.com/mbuze/PyAPD, 2026.

[2] A. Albert and J. A. Anderson, On the existence of maximum likelihood estimates
in logistic regression models, Biometrika, 71 (1984), pp. 1–10.

[3] A. Alpers, A. Brieden, P. Gritzmann, A. Lyckegaard, and H. F. Poulsen,
Generalized balanced power diagrams for 3D representations of polycrystals, Philosophical
Magazine, 95 (2015), pp. 1016–1028, doi:10.1080/14786435.2015.1015469.

[4] A. Alpers, M. Fiedler, P. Gritzmann, and F. Klemm, Dynamic grain models via
fast heuristics for diagram representations, Philosophical Magazine, 103 (2023), pp. 948–
968, doi:10.1080/14786435.2023.2180679.

[5] A. Alpers, M. Fiedler, P. Gritzmann, and F. Klemm, Turning grain maps into
diagrams, SIAM Journal on Imaging Sciences, 16 (2023), pp. 223–249, doi:10.1137/
22M1491988.

[6] A. Alpers, O. Furat, C. Jung, M. Neumann, C. Redenbach, A. Saken, and
V. Schmidt, Comparative analysis of algorithms for the fitting of tessellations to 3D
image data, arXiv:2507.14268, (2025), https://arxiv.org/abs/2507.14268.

[7] H. Altendorf, F. Latourte, D. Jeulin, M. Faessel, and L. Saintoyant, 3D
reconstruction of a multiscale microstructure by anisotropic tessellation models, Image
Analysis and Stereology, 33 (2014), pp. 121–130, doi:10.5566/ias.v33.p121-130.

[8] M. P. Anderson, D. J. Srolovitz, G. S. Grest, and P. S. Sahni, Computer
simulation of grain growth—i. kinetics, Acta Metallurgica, 32 (1984), pp. 783–791,
doi:10.1016/0001-6160(84)90151-2.
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[29] M. Kühn and M. O. Steinhauser, Modeling and simulation of microstructures using
power diagrams: Proof of the concept, Applied Physics Letters, 93 (2008), p. 034102,
doi:10.1063/1.2959733.

[30] D.-T. Lee, On k-nearest neighbor Voronoi diagrams in the plane, IEEE Transactions
on Computers, C-31 (1982), pp. 478–487.

[31] R. Li, X. Ye, H. Zhou, and H. Zha, Learning to match via inverse optimal transport,
Journal of Machine Learning Research, 20 (2019), pp. 1–37.

[32] D. C. Liu and J. Nocedal, On the limited memory BFGS method for large
scale optimization, Mathematical Programming, 45 (1989), pp. 503–528, doi:10.1007/
BF01589116.

[33] A. Lyckegaard, E. M. Lauridsen, W. Ludwig, R. W. Fonda, and H. F.
Poulsen, On the use of Laguerre tessellations for representations of 3D grain structures,
Advanced Engineering Materials, 13 (2011), pp. 165–170, doi:10.1002/adem.201000258.

[34] H. Mecking and U. F. Kocks, Kinetics of flow and strain-hardening, Acta Metallur-
gica, 29 (1981), pp. 1865–1875, doi:10.1016/0001-6160(81)90112-7.

[35] J. Meyron, Initialization procedures for discrete and semi-discrete optimal transport,
Computer-Aided Design, 115 (2019), pp. 13–22, doi:10.1016/j.cad.2019.05.037.

[36] N. Moelans, B. Blanpain, and P. Wollants, An introduction to phase-field mod-
eling of microstructure evolution, Calphad, 32 (2008), pp. 268–294, doi:10.1016/j.
calphad.2007.11.003.

[37] K. P. Murphy, Machine Learning: A Probabilistic Perspective, MIT Press, 2012.

[38] E. Papadopoulou and M. Zavershynskyi, The higher-order Voronoi diagram of line
segments, Algorithmica, 74 (2016), pp. 415–439, doi:10.1007/s00453-014-9950-0.

22

http://dx.doi.org/10.1016/j.comgeo.2024.102101
http://dx.doi.org/10.1016/j.comgeo.2024.102101
http://dx.doi.org/10.1016/j.cma.2025.118690
http://dx.doi.org/10.1016/j.cma.2025.118690
http://dx.doi.org/10.1016/j.cma.2020.113175
http://dx.doi.org/10.1016/j.cma.2020.113175
http://dx.doi.org/10.1063/1.2959733
http://dx.doi.org/10.1007/BF01589116
http://dx.doi.org/10.1007/BF01589116
http://dx.doi.org/10.1002/adem.201000258
http://dx.doi.org/10.1016/0001-6160(81)90112-7
http://dx.doi.org/10.1016/j.cad.2019.05.037
http://dx.doi.org/10.1016/j.calphad.2007.11.003
http://dx.doi.org/10.1016/j.calphad.2007.11.003
http://dx.doi.org/10.1007/s00453-014-9950-0


[39] L. Petrich, O. Furat, M. Wang, C. E. Krill III, and V. Schmidt, Efficient fitting
of 3D tessellations to curved polycrystalline grain boundaries, Frontiers in Materials, 8
(2021), p. 760602, doi:10.3389/fmats.2021.760602.

[40] L. Petrich, J. Staněk, M. Wang, D. Westhoff, L. Heller, P. Šittner, C. E.
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Figure 1: The reconstruction of (anisotropic) power diagrams as described in Section 5.4.
Column 1: Ground truth. The given grain map G is generated by a power diagram (PD)
or anisotropic power diagram (APD), where G(x) = i if pixel x is in cell i. The colours
correspond to the assignment of pixels. Note that (B1)=(C1) is an APD with low anisotropy
and (D1)=(E1) is an APD with high anisotropy. Column 2: A power diagram (1st degree fit)
or anisotropic power diagram (2nd degree fit) is fitted to the grain map G by approximately
maximising ΦG

ε with initial guess θ(0) = 0. Column 3: The misassignment error. The light
pink pixels are correctly assigned, the dark pixels are incorrectly assigned. Columns 4–6: The
same as columns 1–3 but with the initial guess θ(0) = θ′ from Section 5.6.2. In each case
ε = 0.01, there are N = 50 cells and |Ω| = 19, 600 pixels, and the algorithm was run for 2000
iterations and took around 10-41 seconds.
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Figure 2: The fitting of polynomial diagrams to the small EBSD dataset as described in
Section 5.5. Column 1: Ground truth. The given grain map G comes from an EBSD image
of steel, where G(x) = i if pixel x is in grain i. The colours correspond to the assignment
of pixels. Column 2, row d: A polynomial diagram of degree d, for d ∈ [7], is fitted to
the grain map G by approximately maximising ΦG

ε with initial guess θ(0) = 0. Column
3: The misassignment error. The light pink pixels are correctly assigned, the dark pixels
are incorrectly assigned. Columns 4–6: The same as columns 1–3 but with the initial guess
θ(0) = θ′ from Section 5.6.2. In each case ε = 0.01, there are N = 245 grains and |Ω| = 63, 252
pixels, and the algorithm was run for 1000 iterations and took around 25-64 seconds (with
run time increasing with d). 26



Figure 3: The fitting of polynomial diagrams to the big EBSD dataset as described in Sec-
tion 5.5. Column 1: Ground truth. The given grain map G comes from an EBSD image of
steel, where G(x) = i if pixel x is in grain i. The colours correspond to the assignment of
pixels. Column 2, row d: A polynomial diagram of degree d, for d ∈ [7], is fitted to the grain
map G by approximately maximising ΦG

ε with initial guess θ(0) = 0. Column 3: The misas-
signment error. The light pink pixels are correctly assigned, the dark pixels are incorrectly
assigned. Columns 4–6: The same as columns 1–3 but with the initial guess θ(0) = θ′ from
Section 5.6.2. In each case ε = 0.01, there are N = 4686 grains and |Ω| = 1, 033, 376 pixels,
and the algorithm was run for 1000 iterations and took around 4.5-16 minutes (with run time
increasing with d). 27
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