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Abstract

Splitting a Gaussian into a Gaussian mixture is a common tactic for managing
the impact of a non-linear transformation on the Gaussian. To obtain a mix-
ture model that approximates the Gaussian accurately we minimise the squared
Euclidean norm between the two. For homoscedastic mixtures with fixed spacing
between mixands, we obtain asymptotic approximations for this statistical dis-
tance under various limits of the mixture parameters. Based on these expressions,
we derive an approximation for the mixand spacing that yields the minimal sta-
tistical distance. Extensive numerical investigations show our asymptotic results
have good predictive power on the behaviour of the splitting algorithm. We
further show the asymptotic results can be used to design and parameterize a
splitting algorithm with close to optimal accuracy.
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1 Introduction

Estimating the location and uncertainty of some object of interest by a Gaussian is a
ubiquitous strategy in the fields of signal processing, uncertainty quantification, and
machine learning, and used in applications as diverse as orbit determination, object
tracking, numerical weather forecasting and epidemiology [1–10]. In these application
domains, the estimate is sequentially and repeatedly transformed, either under the
action of a forecast model, or as new data become available. As the transform is often
non-linear, standard methods in this area transform the Gaussian when required via
linearisation, the unscented transform (UT) [1], or ensemble methods [4].

A common issue, and the main inspiration for the methods in this paper, is that
the Gaussian approximation may become insufficient to describe the quantity of inter-
est under a sufficiently nonlinear transformation. Our focus is on a set of methods,
complementary to the standard methods above, that ‘split’ the Gaussian into a sum of
weighted Gaussians with smaller variances (or covariance matrices), such that lineari-
sation or the UT perform better when applied to each narrow mixand. In non-linear
estimation contexts, splitting is integral to Gaussian Sum Filters (GSF) [11–14]. We
now summarise the decisions involved in implementing a splitting algorithm, as well
as what is known or recommended in the literature.

Selecting the number of components in a mixture model appropriately is critical.
GSFs often evaluate the identifiability of components to either further split mixands
with large uncertainty or merge those with similar features to reduce redundancy
[14–16]. In [17], it was found that fitting models with too many mixands deteriorates
convergence rates. The impact of over-fitted mixtures is also seen in [18, 19], but on
the posterior distribution’s asymptotic behaviour, finding that surplus components
attain asymptotically shrinking weights, negating their impact.

Another important parameter is the spacing between mixands. We generally
require mixands to be sufficiently spaced to cover the probability regions of the data
or distribution being approximated. Conditions on mixand separation for the conver-
gence of the Expectation-Maximisation (EM) algorithm [20], often used to fit mixture
models to data are proven in [21–23]. Alternatives to the EM algorithm are discussed
in [24, 25]. Overlapping mixands, a result of very small mixand spacing, is problem-
atic due to a loss of identifiability. In a GSF, one may quantify overlap to determine
when merging components is appropriate [5, 26].

Finally, we arrive at the specific problem addressed in this paper: how to find a
good splitting. To develop a splitting algorithm that will yield a mixture with optimal
parameterization, one usually considers some distance between it and the original
Gaussian. Distances include the squared Euclidean, or L2, norm [27–30] or Kullback-
Leibler (KL) divergence [31, 32]. The L2 distance is usually preferred as it offers
symmetry and closed-form analytical solutions for Gaussian mixture models [30, 33,
34].

Proceeding along the paper, Section 2 constructs a Gaussian mixture with the
placement of M mixands at fixed spacing h (as done in [5, 35, 36]) and with identical
variances σ2 (as done in [3, 36–38]), and solves for the minimal L2 distance to a
reference Gaussian. We allow σ2 to be set by the user, unlike the fixed values considered
in [3, 5, 35]. Then in Section 3 we obtain asymptotic expressions for very high number
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of mixands M , small and large mixand spacing h, and a heuristic for large M at
moderate Mh. Numerics in Section 4 confirm that the asymptotic results are useful
predictions of the optimal behaviour of this splitting algorithm. In particular, we show
that one can construct an accurate splitting using only our asymptotic results; we
compare with the algorithm of [30] carefully and show that our approximation achieves
close to theoretically optimal accuracy across a broad range of parameters. We discuss
implications and extensions in Section 5, including the generalisation of our results
beyond a reference Gaussian measure.

2 The archetypal splitting problem

Consider a variable x, which is described by a standard Gaussian distribu-
tion p(x) ∼ Ñ (0, 1). Other univariate cases are covered by a linear change in coordi-
nate, i.e., offset and scaling. While practical scenarios generally involve multivariate
systems, many multivariate splitting algorithms take parameters from univariate
splitting libraries as input, [3, 39–41].

We wish to split the Gaussian into a best approximating sum of M Gaussians with
means µm, variances σ2

m, and weights wm,

Ñ (x; 0, 1) ≈ Q̃(x) =
M−1∑

m=0

wmN (x;µm, σ2
m). (1)

Here N (x;µ, σ2) is the probability density function (PDF) of a univariate normal
distribution with the mean µ and variance σ2.

The weights must be normalised as

M−1∑

m=0

wm = 1, (2)

because the right-hand side of Eq. (1) must be a valid PDF. We require that all weights
are positive, however, as long as the sum of terms in Eq. (1) is non-negative, negative
weights may be permitted.

To obtain the best approximation in Eq. (1), we minimise the squared L2 norm of
the mismatch,

L2 =

∫ +∞

−∞

[
Ñ (x; 0, 1)−Q̃(x)

]2
dx. (3)

We simplify the problem by assuming homoscedasticity, such that σ2
m = σ2, deter-

mined by the user, and setting equidistant means µm = mh+hM , where h is the step
between the means, and hM is the initial offset. From the desired symmetry of the
approximation we get

hM =

{
0 M is odd,

h/2 M is even.
(4)
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The conditions for the L2 minimum through the partial derivatives are

∂L2

∂wm
= 0, for m = 0, . . . ,M − 1, and

∂L2

∂h
= 0. (5)

It follows from Eq. (3) that L2 is quadratic in wm, and therefore, the first M of
equations (5) form a linear system for the weights wm. Solving the system allows
expressing the weights as functions of h. Then L2 becomes a univariate function of h,
and the last of Eq. (5) becomes a univariate non-linear equation for h [30].

For M total components, we define

M̃ =

{
(M − 1)/2, M is odd,

M/2, M is even,
(6)

and renumber the weight indices so that they satisfy m ∈ [−M̃ , M̃ ] if M is odd,

or m ∈ [−M̃ ,M̃ − 1] if M is even. The symmetric mixands have the same weights,
and one more weight is eliminated using normalisation via Eq. (2), leaving only the

‘independent’ weights with m ∈ [1,M̃ ] if M is odd and m ∈ [1,M̃ − 1] if M is even.
Then differentiation over wm produces a linear system of equations for the weights [30]

Aw = b, where b = [b1, . . . , bM̃ ]
T
, A = ∥am,k∥, (7)

while Eq. (3) simplifies to

L2 = ∥F∥2 − 2wTb+wTAw = ∥F∥2 −wTb. (8)

From [30], for odd M ,

∥F∥2 = (2
√
π)

−1 − 2d0 + c0,0,

bm = 2(c0,0 − c0,m − d0 + dm),

am,k = 2(ck,m + c−k,m − 2c0,m − 2c0,k + 2c0,0).
(9)

For even M ,

∥F∥2 = (2
√
π)

−1 − 2d1/2 +
(
c1/2,−1/2 + c1/2,1/2

)
/2,

bm = 2
(
dm+1/2 − d1/2

)
− c−1/2,m+1/2 − c1/2,m+1/2 + c−1/2,1/2 + c1/2,1/2,

am,k = 2
(
cm+1/2,k+1/2 + cm+1/2,−k−1/2

)
− 2
(
c−1/2,k+1/2 + c−1/2,m+1/2

)

− 2
(
c1/2,k+1/2 + c1/2,m+1/2

)
+ 2
(
c−1/2,1/2 + c1/2,1/2

)
.

(10)
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In either case,

dα := ⟨Ñ ,Nα⟩ =
1√

2π(1 + σ2)
exp

(
− α2h2

2(1 + σ2)

)
,

cα,β := ⟨Nα,Nβ⟩ =
1

2σ
√
π
exp

(
− (α− β)2h2

4σ2

)
,

(11)

valid for α, β ∈ R.
This solution does not cover the special case of M = 2. However, the weights

for this corner case are immediately available from the symmetry of approximation:
w−1 = w0 = 1/2. Then the mismatch norm equals ∥F∥2 from Eq. (10).

Remark 1 (Generalisation of minimisation problem) For the problem of minimising the L2

distance between some distribution Φ(x) and a mixture model Φ̃(x) withM weighted mixands
and constant periodicity h,

• if Φ(x) is Gaussian and the family of Φ̃(x) is Gaussian, we obtain the well-formed
theoretical framework from [30], restated above in Eqs. (7) to (11),

• if Φ(x) is not Gaussian and the family of Φ̃(x) is Gaussian, A is still the same as above,
but b changes; it may be available in closed-form depending on the inner products
⟨Φ,Nk⟩, k ∈ [0,M ], though quadratures are available for integration if this is not the
case, and,

• regardless of whether Φ(x) is Gaussian, if the family of Φ̃(x) is not Gaussian, both A

and b are affected, but we can still obtain a solution by appropriately replacing the base
norm ∥F∥2 and the inner products in Eq. (11).

Having established the problem of interest, we move to consider the behaviour of
L2 and w under special circumstances of M and h, and how that impacts our ability
to solve for the optimal mixture.

3 Asymptotic solutions and analysis

We now derive asymptotic, closed-form results. Throughout this section, we make the
practical assumption that the user-chosen σ2 is not close to 1. In Section 3.1, we
investigate the case of M → ∞, the most notable as it well-approximates the optimal
L2. We then examine the case when M is large, but balanced by small h (Section 3.2);
the solution for such intermediate Mh values allows us to approximate the h that
yields the optimal L2. Then, in Section 3.3, we examine the case of h → 0 and in
Section 3.4, of h → ∞. These cases are less relevant to finding the optimal L2, but still
yield useful approximations. Finally, in Section 3.5, we summarise the interactions of
these solutions and their potential.
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3.1 Large M

The limit of M → ∞ corresponds to a case where excessive mixands entirely cover the
space of the original Gaussian. We find the following results for the weights and L2.

Theorem 1 As M → ∞, the asymptotic weights take the Gaussian form:

wm ≈
{
Nm(0, (1− σ2)/h2) M is odd,

Nm(−1/2, (1− σ2)/h2) M is even.
(12)

The asymptotic L2 solution is:

lim
M→∞

L2 ≈ 1√
π
exp

(
−4π2 σ

2(1− σ2)

h2

)[
1 + exp

(
−4π2 (1− σ2)2

h2

)]
. (13)

Proof First,1 we observe that

Nx(mh, σ2) =
1√
2πσ2

exp

[
− (m− x/h)2

2(σ/h)2

]
=

Nm(x/h, σ2/h2)

h
. (14)

We seek the asymptotic expression for the weights in the form

wm ≈ CNm(γ, τ2) (15)

for some C, γ, and τ to be determined.
The product of the two Gaussians, now functions of m, is

wm =

⎧
⎨
⎩
CNx

(
γh, σ2 + τ2h2

)
Nm(mc, σ

2
c ) M is odd,

CNx

(
(γ + 1/2)h, σ2 + τ2h2

)
Nm(mc, σ

2
c ) M is even,

(16)

where the mean and variance in m are

mc = σ2
c

(
γ

τ2
+

xh

σ2

)
and σ2

c =

(
1

τ2
+

h2

σ2

)−1

. (17)

We substitute Eq. (16) into Eq. (1) and apply the Euler-Maclaurin formula [42, p. 16] (without
the derivative terms) to replace the sum with an integral over the same variable m. Being a
PDF, Nm(mc, σ

2
c ) integrates to one, such that we obtain the parameters

C = 1, τ =
√

1− σ2/h, γ =

{
0 M is odd,

−1/2 M is even,

and also validate our choice of the Gaussian expression for weights in Eq. (15). The expressions
(17) for the mean and variance simplify to

mc =
x(1− σ2)

h
+ γ and σ2

c =
σ2(1− σ2)

h2
. (18)

Note that σ2
c is a constant, while mc is a linear function of x.

To compute the asymptotic value of L2 as M → ∞ for odd M , we substitute Eq. (16)
into Eq. (3) and take the limit:

lim
M→∞

L2 =

∫ +∞

−∞

⎡
⎣Nx(0, 1)− CNx(0, 1) lim

M→∞

M̃∑

m=−M̃

Nm(mc, σ
2
c )

⎤
⎦
2

dx

1Note: for this section, we use the shorter subscript form to describe Gaussian distributions, i.e.,

Nx(µ, σ
2) ≡ N (x;µ, σ2).
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=

∫ +∞

−∞
Nx(0, 1)

2

[
1−

+∞∑

m=−∞
Nm(mc, σ

2
c )

]2
dx. (19)

For even M , the process is the same, however, the upper limit on the sum becomes M̃ − 1,
which has no impact since M̃ − 1 → ∞ as M → ∞. The other difference is the value of mc

by Eq. (18).
To find the infinite sum, consider the following result from [43, p. 481]:

+∞∑

k=−∞
exp

(
− (k + t)2

n

)
=

√
πn

[
1 + 2

+∞∑

m=1

exp
(
−π2nm2

)
cos (2πmt)

]
. (20)

The left-hand side of Eq. (20) matches Nm(mc, σ
2
c ) for k = m, t = −mc and n = 2σ2

c . The
exponential term in each element decays rapidly as m → ∞, while the cosine term is bounded
on [−1, 1]. Thus, we approximate the series by its first element as:

+∞∑

m=−∞
Nm(mc, σ

2
c ) ≈ 1 + 2 exp

(
−2π2σ2

c

)
cos (2πmc) +O

(
exp

(
−8π2σ2

c

))
.

Substituting this expression into Eq. (19) and omitting the Big-O terms yields:

lim
M→∞

L2 = 4 exp
(
−4π2σ2

c

)∫ +∞

−∞
Nx(0, 1)

2 cos2(2πmc) dx. (21)

Using the cosine double angle identity and applying [42, eq. 7.4.6], we take this integral and
obtain the asymptotic value of L2 by Eq. (13).

We conclude that up to the next-order terms, the asymptotic L2 errors for M → ∞ are
equal for odd and even M , which is intuitively expected. □

For large, but finite M , the approximation obtained in Theorem 1 is not applicable
for small h. Looking at the derivation details, M has to be large, but the product
Mh shall not be too small, otherwise, the mixands would fail to cover the original
distribution. This more restrictive assumption fails if h → 0. Let us now consider this
case.

3.2 Large M , small h heuristic

To address the case of intermediate Mh, consider the following heuristic approach.
For odd M , the highest-order mixand has mean M̃ h. Having many mixands from
−M̃ h to +M̃ h, we can expect good approximation in that interval, so assume that its
contribution to L2 is zero. On the other hand, for |x| > M̃ h we only have the tails of
the mixands that, for σ < 1, decay faster than the original Gaussian.

One option is to assume that these tails provide no approximation at all, and
the value of the Gaussian sum is zero. Under such assumption, we can express the
overall L2 mismatch through erf, the Gauss error function [42, Sect. 7.1]. Possibly

more accurately, we can assume that the Gaussian sum beyond M̃ h is represented
by the single highest-order component with the weight wM̃ . This way, for odd M , we
obtain a new minimisation target of a single variable w′ = wM̃ :

L2
heur = 2

∫ +∞

M̃ h

[
Ñ − w′

√
2πσ2

exp

(
− (x−M̃ h)2

2σ2

)]2
dx . (22)
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For even M , the highest-order mixand has mean (M̃ − 1/2)h. For large Mh, the factor

of −1/2 is negligible. There are many mixands from zero to (M̃ − 1/2)h, so assume

that the contribution of this interval to L2 is zero, while for |x| > (M̃ − 1/2)h assume
that the Gaussian sum is represented by the single highest-order component with the
weight w′ = wM̃−1. This yields

L2
heur = 2

∫ +∞

(M̃−1/2)h

[
Ñ − w′

√
2πσ2

exp

(
− (x− (M̃ − 1/2)h)2

2σ2

)]2
dx. (23)

Theorem 2 The solution to Eqs. (22) and (23) is

w′ =
σ
√
2√

1 + σ2
exp

(
−η2

)
[1− erf (ση)] , (24)

where η = (M̃ + γ)h/
√

2(1 + σ2) and

γ =

{
0 M is odd,

−1/2 M is even,

which matches the γ from the proof of Theorem 1.
The L2 solution is

L2
heur =

[
1− erf ((M̃ + γ)h)

]

2
√
π

+
w′2

2σ
√
π
− w′√2√

π(1 + σ2)
exp

(
−η2

)
[1− erf (ση)] , (25)

Proof Expand Eq. (22), assuming odd M :

L2
heur =

1

2
√
π

[
1− erf (M̃ h)

]
+

w′2

2σ
√
π
− w′√2√

π(1 + σ2)
exp

(
−η2

)
[1− erf (ση)] , (26)

where η = M̃ h/
√

2(1 + σ2). Eq. (26) is a second-order polynomial in w′, and solving for its
minimum, we obtain Eq. (24).

For even M , we observe that the only difference between Eq. (22) and Eq. (23) is the

substitution of M̃ with M̃ − 1/2, that is, the value of γ. Therefore, we can reuse the proof by
applying this replacement in the final Eqs. (24) and (25). □

We may further simplify the error function via the approximation

1− erf (x) = erfc (x) ≈ exp
(
−x2

)

x
√
π

, (27)

Corollary 3 For moderate Mh, the simplified heuristic solution to the weights is

w′ ≈
√
2 exp

[
−η2(1 + σ2)

]

η
√

π(1 + σ2)
=

2

(M̃ + γ)h
√
π
exp

(
−(M̃ + γ)2h2/2

)
. (28)

The simplified heuristic solution for L2 is

L2
heur ≈

exp
(
−(M̃ + γ)2h2

)

2(M̃ + γ)hπ

(
1− 4

σ(M̃ + γ)h
√
π

)
. (29)
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We see that as the product Mh increases, the leading term decreases rapidly due
to the exponent.

The preceding two results, concerning large M and a heuristic at large M with
moderate Mh, are the most practically relevant for the design of splitting methods.
The following two results, at small and large h respectively, allow us to complete the
asymptotic picture for the analysis of our algorithm.

3.3 Small h

The limit h → 0 represents high overlap of mixands, such that the central density area
is covered in excess, while outer tails are neglected. As the derivations for this scenario
are elaborate, we only present results for odd M , and refer to [44] for complete details.

Theorem 4 Let M be odd. The first two terms of the power series of the L2 distance over
h∗ = h/σ

L2 =

∞∑

j=0

L2
2jh

2j
∗ , (30)

are

L2
0 = ∥F∥2 −

M̃∑

n=1

β2nC
(−2n)
2n , (31)

L2
2 = −

M̃∑

n=1

β2nC
(−2(n−1))
2n − β

2(M̃+1)
C

(−2M̃ )

2M̃
⟨p

2(M̃+1)
, p̃

2M̃
⟩. (32)

The coefficients C
(−2(n−m))
2n for n = 1, . . . ,M̃ and m = 0, 1 are obtained by solving

Gs2m = r2m, (33)

where

G =
⃦⃦
⃦α(2(i+j))

2i,2j

⃦⃦
⃦ for i, j = 1, . . . ,M̃ ,

s2m =

[
C

(−2(1−m))
2 , C

(−2(2−m))
4 , . . . , C

(−2(M̃−m))

2M̃

]
,

r0 =
[
β2, β4, . . . , β2M̃

]
,

r2 =

(
−C

(−2M̃ )

2M̃

[
α
(2(M̃+2))

2,2(M̃+1)
, α

(2(M̃+3))

4,2(M̃+1)
, . . . , α

(2(2M̃+1))

2M̃ ,2(M̃+1)

]
+

[
0, . . . , 0, β

2(M̃+1)
−∑M̃

k=1 α
2(k+M̃+1)

2(M̃+1),2k
C

(−2k)
2k

])
⟨p

2(M̃+1)
, p̃

2M̃
⟩.

(34)

The coefficients C
(−2k)
2k in r2 are already known from s0, the solution for m = 0. In Eq. (34)

β2k =
(−1)k

k! 22kσ
√
π

(
2k+

1/2σ2k+1

(1 + σ2)k+1/2
− 1

)
, (35)

p2k =
[
1, 22k, . . . ,M̃ 2k], ∀k ≥ 1, (36)

and

α
(2n)
2j,2(n−j)

=
(−1)n

n! 22n−1σ
√
π

(
2n

2j

)
. (37)
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Proof We seek the even terms L2
2j in the power series of L2 as the odd terms are zero by

symmetry. To do so, we need the corresponding power series for w and b, and to obtain the
former, we need the power series of A. Differentiating the elements bm from Eq. (9) with
respect to h∗ and evaluating at h∗ = 0, we obtain

b =
∞∑

k=1

β
(2k)
2k p2kh

2k
∗ , (38)

where

β2k =
(−1)k

k! 22kσ
√
π

(
2k+

1/2σ2k+1

(1 + σ2)k+1/2
− 1

)
,

and the vectors are given by

p2k =
[
1, 22k, . . . ,M̃ 2k], ∀k ≥ 1.

Similarly, differentiation of am,k from Eq. (9) with respect to h∗ at h∗ = 0 yields the
power series for the matrix A:

A =

∞∑

n=2

A2nh
2n
∗ , (39)

where the matrices A2n are expressed as

A2n =

n−1∑

j=1

α
(2n)
2j,2(n−j)

(
p2j ⊗ p2(n−j)

)
, (40)

the ⊗ symbol denotes the outer product of vectors, and

α
(2n)
2j,2(n−j)

=
(−1)n

n! 22n−1σ
√
π

(
2n

2j

)
.

The second of the lower indices in α
(2n)
2j,2(n−j)

is not strictly necessary, as it is defined by

the first lower and the upper indices. However, it makes for convenient notation relating the
indices of α with the indices of p in the outer product.

When h → 0, by Eqs. (38) and (39) the matrix A decreases faster than the right-hand
side b, and therefore, the solution w must grow on the order of at least h−2. The sum of
these increasing weights equals one, hence, some of them must be negative and no all-positive
solution may exist for very small h.

The weights w may grow faster than h−2
∗ if they are orthogonal to b to make L2 finite. In

[44], we demonstrate that the lowest power of h∗ is −2M̃ . The power series of the weights is:

w =

∞∑

m=−M̃

w2mh2m∗ =

∞∑

m=−M̃

h2m∗
M̃∑

j=1

C
(2m)
2j p̃2j . (41)

The complementary vectors p̃2m, m = 1, . . . ,M̃ are designed to be orthogonal to all p2j for

j < M̃ and j ̸= m, and normalised such that ⟨p̃2m,p2m⟩ = 1, where angular brackets denote
the inner product. The p̃2m vectors, like their p2m counterparts, are independent, but not
mutually orthogonal; they are no longer orthogonal to p2j when j > M̃ .

Substituting the series (38), (39) and (41) into the system Aw = b and equating the

terms with the same powers of h∗, we obtain a linear system for C(... )
... . Its solution is intricate

because the lower-order matrices A2n are not full-rank: the rank is defined by the order n
and dimensionality M̃ . For A4, all rows are multiples of the first, and therefore, A4 has rank
one. Similarly, A6 has rank two, A8 has rank three (assuming M̃ ≥ 3), etc. For arbitrary n,

the rank of A2n is min(n− 1,M̃ ).
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To obtain all coefficients in L2
2t, t ≥ 0, we decompose Eq. (8) into a power series and

equate the h2q∗ terms of Aw = b for q ≥ −M̃ + 2; the right-hand side is zero for q < 1. The

equation of order h2q∗ contains the coefficients C
(2(q−j))
2l for j ∈ [2, q + M ], l ∈ [1,M̃ ]. To

solve for the unknown C(... )
... , we multiply the h2q∗ equation by some p̃2n, where n ∈ [1,M̃ ].

We consider the groups of these 2q/2n equations with q = −M̃ + s + n for s ≥ 1 and

n ∈ [1,min (s,M̃ )]. Progressively taking such groups for s = 1, 2, . . . ,M̃ −1, we find each time

that the right-hand side is zero, and therefore, the coefficients C
(2(−M+s−m))
2m , m ∈ [1, s] are

zeros as well. Then for s = M̃ and s = M̃ + 1 we obtain Eq. (34) for m = 0, 1, respectively,
that define all the coefficients used in Eq. (31) for L2

0 and Eq. (32) for L2
2. □

The L2
0 is positive, as this is the limit of L2, a positive quantity, for h → 0. It is

natural to expect that L2
2 is negative, as having some spread of mixands must provide

a better approximation than having no spread at all. However, we currently do not
have a formal proof of this conjecture.

Remark 2 For even M , the explicit form of the power series of L2 is more unwieldy than in
Eq. (34). The left-hand side is the same. However, in the right-hand side, we now have

b =

+∞∑

k=1

h2k∗
k∑

j=1

β
(2j)
2k p2j , (42)

where

β
(2j)
2k =

{
(−1)k+1

k! 24k−2jσ
√
π

(2k
2j

)
j < k,

β2k j = k,

and
p2k =

[
(1 + 1/2)2k − (1/2)2k, . . . , (M̃ + 1/2)2k − (1/2)2k

]
, ∀k ≥ 1. (43)

The full set of vectors p2j , j = 1, . . . , k in Eq. (42) as compared to Eq. (38) results in
additional nested sums in r0, r2 of the even-case equivalent of Eq. (34). Thus, we omit these
equations here and refer to [44] for the details, as mentioned.

Remark 3 Eq. (33) holds for higher-order terms in the power series of L2, where the left-hand
side Gs2m remains the same and only the right-hand side r2m differs. Proof is given in [44].

Motivated by Remark 3, the matrix G is of interest as it remains constant with
respect to the index of the power series, and therefore, we can invert it once and re-use
the result to find higher-order terms. We will demonstrate invertibility of G to verify
that we can find all elements of the power series L2

2j .

3.3.1 Analysis of the matrix G

Lemma 5 The matrix G from Eq. (34) is symmetric positive definite (SPD).

Proof Consider the elements of G from Eq. (37):

α
(2(i+j))
2i,2j =

(−1)i+j

(i+ j)!22i+2j−1σ
√
π

(2(i+ j))!

(2i)!(2j)!
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=
2

σ
√
π

(−1)i

22i(2i)!

(−1)j

22j(2j)!

(2(i+ j))!

(i+ j)!
. (44)

The second and third terms of Eq. (44) depend either on the row index i or the column index
j, but not both. Therefore, the matrix G can be factorised as

G =
2

σ
√
π

SHS
T. (45)

Here S is a diagonal matrix with non-zero elements

si =
(−1)i

22i(2i)!
, (46)

whileH is a Hankel matrix with constant skew-diagonals made of quadruple factorial numbers
[45]

hi,j =
(2(i+ j))!

(i+ j)!
=

(2n)!

n!
, for n = 2, . . . , 2M̃ . (47)

By its symmetry and Corollary 7, H is SPD. Therefore, G is SPD. □

Proposition 6 The matrix

Hfull =

[
1 v

vT H

]
, (48)

where H is from Eq. (47) and vj = (2j)!/j! for j ∈ [1,M̃ ], is symmetric positive definite.

Proof The matrix Hfull has the same structure as H, just starting the indices i, j at zero, and
the quadruple factorial numbers at n = 0. For this sequence of numbers there is a closed-form
expression [46] of its Hankel transform [47]:

T{hn} = 8
(n+1)n

2

n∏

k=1

k!

n∏

k=1

(2k − 1)!! (49)

By definition of the Hankel transform, Eq. (49) gives the determinant of Hfull for n = 2M̃ .
The Sylvester’s criterion says that a matrix is positive definite if and only if the deter-

minants of all leading principal minors of a matrix are positive [48, Theorem 7.2.5]. We can
obtain the determinant of any sub-matrix of Hfull by the transformation in Eq. (49). For the

nth sub-matrix Hfulln, T{hn−1} will give its determinant, for n ∈ [1,M̃ + 1]. Clearly, for
these values of n, T{hn−1} > 0, such that Hfull must be positive definite. □

Corollary 7 From Proposition 6, since H is a sub-matrix of Hfull, specifically the M̃
th

reverse leading principal minor, H is also positive definite.

Corollary 8 From Lemma 5, the mixand variance σ appears only as a constant multiplier
in the first term of Eq. (44). Therefore, we can take it out and move to the right-hand side
of Eq. (33). This way we would perform the matrix inversion once and apply the result for
arbitrary σ.

By Lemma 5, Eq. (33) and higher-order elements of the series Eq. (30) are guar-
anteed to be solvable since G is constant with respect to the element of the power
series.

We now consider the final case, h → ∞.
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3.4 Large h

The limit h → ∞ corresponds to highly dispersed mixands, which results in coverage
‘gaps’ for approximating the Gaussian.

Theorem 9 As h → ∞, the weights have the asymptotic solution:

wm =

⎧
⎪⎪⎪⎨
⎪⎪⎪⎩

1

1+2M̃

(
1 + 4M̃ σ√

2(1+σ2)

)
M is odd, m = 0,

1

1+2M̃

(
1− 2σ√

2(1+σ2)

)
, M is odd, m ̸= 0,

1

2M̃
M is even, ∀m.

(50)

The asymptotic L2 solution is

L2
∞ =

⎧
⎨
⎩

1
2
√
π
− 2√

2π(1+σ2)
+ 1

2σ
√
π
− M̃ σ

√
π

1+2M̃
b2∞ M is odd,

1
2
√
π
+ 1

4M̃ σ
√
π

M is even,
(51)

where

b∞ =
1

σ
√
π

(
1− 2σ√

2(1 + σ2)

)
.

Proof For odd M , the cα,β factors tend to zero unless α = β, and the dα factors tend to zero
unless α = 0. Therefore, Eqs. (9) simplify to:

bm → 2(c0,0 − d0) =
1

σ
√
π

(
1− 2σ√

2(1 + σ2)

)
=: b∞,

am,k → 2(ck,mδk,m + 2c0,0) =
1

σ
√
π
(2 + δk,m),

for all m and k; here δk,m is the Kronecker delta symbol. Thus, we have

A → 1

σ
√
π
(2J+ I) and b → b∞j,

where J is a matrix of all ones, I is the identity matrix, and j is a vector of all ones, all with
length M̃ . From the normalisation of the weights, we have Jw = (1−w0)j/2, and therefore,

Aw ≈ 1

σ
√
π
(2J+ I)w =

1

σ
√
π
((1− w0)j +w) ≈ b∞j.

Solving this equation, the large-step approximation for the weights is

w ≈
(
w0 − 2σ√

2(1 + σ2)

)
j.

Substituting it back into the normalisation condition and solving for w0, we find w0 and wm

satisfy the first two cases of Eq. (50).
All asymptotic weights are non-negative, as σ ≤ 1. Then the L2 norm is found from

Eq. (7), yielding the odd case of Eq. (51).
For even M , recall that the lower subscripts α, β in dα, cα,β are not just indices but

multipliers of h2 per Eq. (11). The multipliers were integers in the odd case, but not here.
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Thus, in the limit of h → ∞, we have cα,β → 0 unless α = β, dα → 0 unless α = 0, and the
terms in Eq. (10) simplify to

bm → c1/2,1/2 =
1

2σ
√
π
,

am,k → 2cm+1/2,k+1/2δm,k + 2c1/2,1/2 =
1 + δm,k

σ
√
π

,

or

A =
1

σ
√
π
(J+ I) and b =

1

2σ
√
π
j.

Here, J, I, and j have length M̃ − 1. From the normalisation condition, we have Jw =
(1/2−w0)j, and therefore, the equation for w reduces to Iw = w0j. Thus, all weights are the
same, as stated in the even case of Eq. (50). The L2 norm is then the even case of Eq. (51). □

Intuitively, in the limit of h → ∞, all the even-case mixands “move” to infinity and
do not overlap with the original distribution. The squared L2 norm of the mismatch
is then the squared norm of the original distribution itself plus the squared norm of a
mixand multiplied by its weight (squared) and taken 2M̃ times, yielding Eq. (51).

Corollary 10 From Theorem 9, as h → ∞, all weights are non-negative, since σ ≤ 1.
However, from Theorem 4, the weights are negative as h → 0. Therefore, for each M there
must be some minimal ‘cutoff’ value hcut, such that a non-negative solution to the weights is
possible only for h ≥ hcut.

We will briefly investigate the cutoff values numerically in Section 4.
We now analyse the significance and interactions of the asymptotic solutions

obtained.

3.5 Summary of asymptotic solutions

We considered the four special cases of Sections 3.1 to 3.4 in isolation under different
assumptions. We do not know if their domains of applicability overlap. If so, we can
yield approximations not only for L2, but also for the hopt that yields L

2
opt.

For example, Eq. (13) from Theorem 1 suggests that the mismatch L2 tends to
zero for h → 0. However, in Eq. (31) we found the actual limit is finite. We also know
that Eq. (13) is not applicable for very small h. Still, if we assume that the areas of
validity for the small-h and large-M approximations overlap, we can combine these
results to find an approximation for hopt. At small h we represent L2 as the second-
order power series L2

0+L2
2h

2, which is expected to decrease with h. On the other hand,
the L2 approximation by Eq. (13) tends to zero when h → 0, and then grows with
h. Therefore, as h increases the two functions must intersect, and their intersection
would yield an approximation to the exact optimal solution hopt.

The solution is not possible in closed form, but can be approximated. Given that
the large-M prediction of L2 is exponentially small, we can replace it with zero. Then
the hypothetical point of optimum becomes

h†
opt = −(L2

0/L
2
2)

1/2
. (52)
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Having h†
opt, we then can obtain the corresponding weights and L2 either by

substituting h†
opt into the exact form of L2(h) or using the large-M asymptotic

expressions.
Similarly, the heuristic approximation of L2 by Eq. (25) from Theorem 2 starts at

a finite value for h = 0 and then decreases. Again, we can solve for the intersection
of this solution with the large-M expression (13) from Theorem 1, to find another
approximation h∗

opt to hopt, although there is no closed-form solution or even approxi-
mation. Then we find the corresponding weights and L2 from either the original L2(h)
equation or its large-M form.

Regarding h → ∞, the large-h expression for L2 in Eq. (51) from Theorem 9 has
no dependence on h, so it is less suitable for estimating hopt and L2

opt.
We now examine these asymptotic results and approximations numerically to

further analyse the interactions discussed.

4 Numerical analysis

We start by examining the behaviour of the L2 mismatch on h and M in Figs. 1 to 3.
Throughout this section, the mixand standard deviation is σ = 0.2 unless specified
otherwise.

Fig. 1 reproduces [30, fig. 1] and demonstrates that for all considered values of
M , the functions L2(h) are unimodal with unique minima hopt (dots). On top of that
figure, we superimpose the asymptotic result for large M from Eq. (13) (Theorem 1).
As we can see, this solution provides a very accurate approximation for the exact
L2 for h ≳ hopt. Compared to the large-h approximation, which only provides the
limit, not the dependency on h, the large-M curve is likely to be more suitable and
useful for approximating L2

opt for moderately large h. At the same time, the large-M
approximation is “one-sided”: it predicts ever decreasing values of L2 as h gets smaller,
while the exact solution has a minimum at the optimal hopt and then increases again.

Fig. 2 also reproduces [30, fig. 1], now superimposing the two-term Maclaurin series
for small h, shown as thin, coloured dashed lines and a crosshair for L2

0 at h = 0. The
L2 approximation by this series loses accuracy and drops to zero well to the left from
hopt, indicating that the small-h and large-M approximations cannot be combined
to estimate hopt. Instead, such an estimate is apparently achieved using the heuristic
solutions L2

heur(h) (dashed lines in Fig. 3) that intersect the large-M curve very close to
the locations of the true minima. Despite the empirical nature of this approximation, it
is evidently quite accurate for moderate Mh. The L2 values at the intersection points
are usually within one decimal order from the exact solutions. We solve numerically
for the intersections of the large-M and heuristic Mh curves, since we cannot obtain
them in closed form, as discussed previously, and plot them in Fig. 3. The intersection
points of the curves h∗

opt become closer to hopt for increasing M . We present two

approximations to the optimal L2: L2∗
opt = L2(w(h∗

opt)) (circular outlines in Fig. 3)
computed from the exact function L2(h) and weights defined in [30], implemented here
without high-precision computing, and L2∗∗

opt = L2(w∗(h∗
opt)) (diamonds in Fig. 3),

which computes L2 using the large-M approximation for the weights from Theorem 1.
Both approximations are quite accurate for the presented range of M values. Solving
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for the weights requires an extra computational effort, but yields significantly superior
accuracy, with all calculations being done in standard precision.
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63 mixands63 mixands

64 mixands64 mixands

Large MLarge M

Fig. 1: The approximation mismatch L2 as a function of the mean step h, part 1.
Solid lines: exact solutions for various M . Dots: points of optima. Thick dashed line:
large-M asymptotic solution from Theorem 1, which passes very close to the exact
solutions to the right of hopt starting with M ≥ 8.

The overall layout of the mixand weights for various M is presented in Fig. 4a.
The values on the x axis are the corresponding positions of the mixand means. As
demonstrated in Section 3.1, for large M , the weights’ dependence on the off-centre
mixand index (and hence, the mean) approaches a Gaussian curve, which is confirmed
by the presented plot. Fig. 4b displays the absolute difference between the precise
weights and their large-M asymptotic approximations. The asymptotic solution is
most accurate when close to the centre of the original distribution, and, as expected,
becomes more precise as M increases.

In [30], we considered the error in normalised moment approximation at orders 2,
4, 6, 8, and 10, and KL divergence between the mixture and original Gaussian for
various M to assess the splitting at hopt. Replications of these figures with h∗

opt were
remarkably similar, so we refer the reader to [30, figs. 5-7]. Instead, in Fig. 5, we
compute the moment errors and KL divergence, as well as L2 (seen in Fig. 3), at hopt

and h∗
opt, and plot the differences. In Fig. 5a, we solve for the weights exactly, using

Eq. (7) in standard precision, and in Fig. 5b, we use the large-M approximation for
the weights. Understandably, the errors are larger at h∗

opt than at hopt, especially for
higher-order moments, and generally decrease with M . Furthermore, Fig. 5b exhibits
larger differences than Fig. 5a, although as M increases, this disparity becomes less
noticeable.

Fig. 6 examines the dependence of the various special values of h on M . The
optimal mean step hopt (solid line) decreases with M , as expected. However, it is
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Fig. 2: The approximation mismatch L2 as a function of the mean step h, part 2. Solid
lines, dots, and thick dashed line: as in Fig. 1. Thin dashed lines: small-h solutions
from Theorem 4, odd case only. Crosshairs: first element of the L2 power series L2

0.
The small-h solutions maintain a greater range of accuracy across h for smaller M ,
though all eventually drop to zero well before reaching hopt.
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L²**ₒₚₜL²**ₒₚₜ

Fig. 3: The approximation mismatch L2 as a function of the mean step h, part 3.
Solid dots and thick dashed line: as in Fig. 1. Thin dashed lines: heuristic solutions
L2
heur from Theorem 2. Crosses: intersections of the curves at h∗

opt. Circular outlines:

L2∗
opt. Diamonds: L2∗∗

opt. Both results are close to the true L2
opt (dots), although the

former is understandably better, as it makes fewer approximations.

unknown whether it converges to zero or to some finite limit, which would be a function
of the mixand standard deviation σ. This exact solution is closely followed by the
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(a) Dependence of the mixand weights on the position of their means.
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(b) The absolute error in the approximate weights from Eq. (15) as compared to the exact
solutions.

Fig. 4: The mixand weights (top) and the errors of the large-M weight approximation
(bottom). The weights are progressively more accurate with increasing M , supporting
the conclusions from Figs. 1 and 3.

heuristic approximation h∗
opt (dashed line); however, being just a heuristic, it does

not approach the true solution asymptotically. In fact, the difference between the two
exhibits a small increase closer to the right side of the plot. Still, the agreement is
good for the presented medium to large values of M . The small-h approximation h†

opt,
in comparison, is nowhere near the exact solution (dash-dots). The dotted lines with
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(a) The differences computed with weights w found from Eq. (7); M = 9 achieves an inci-
dentally good error, likely an artefact related to the choice of σ.
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(b) The differences computed with large-M weights w∗.

Fig. 5: The absolute difference in L2, KL divergence, and normalised moment errors
when evaluated at hopt versus h∗

opt, with weights w computed found from Eq. (7)
(top) and weights w∗ computed from the large-M approximation (bottom). The size
and colour of the dots correlates with the order of the moments. Both approximations
show unstable behaviour for M ≤ 10, but then decrease consistently as M grows. The
differences are smaller when the exact weights are used (top plot), which is expected.

triangle markers show the cutoff limits hcut, defined in Corollary 10. Within the plot
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limits, they are strictly below the optimal steps. However, it is not clear if these lines
would intersect for very large M .

00 1010 2020 3030 4040 5050 6060

M, number of termsM, number of terms
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0.40.4
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Cutoff (Odd)Cutoff (Odd)

Cutoff (Even)Cutoff (Even)

Small h crosses zero (Odd)Small h crosses zero (Odd)

Error heuristic crosses large MError heuristic crosses large M

Fig. 6: Relationship between h and M for the exact optima hopt (solid line), cutoff
limits hcut (dotted lines with different triangle symbols for the odd and even cases), the

intersection h†
opt between the small-h approximation and zero (dash-dotted line), and

the intersection h∗
opt between the heuristic solution and the large-M asymptotic curve

(dashed line). We only plot small-h up to M = 31 as the elements of the Hankel matrix
in Eq. (47) grow as a factorial, necessitating the use of higher numerical precision for
large M ; we skip it given the poor performance of this method. h∗

opt approaches hopt

very closely, even at M < 10, though it subtly changes from under- to over-estimating
the true optimum around M = 40. The cutoff and optima curves also become closer
together for large M , indicating that for sufficiently large M , we may start to see
optima with negative weights.

4.1 Summary of numerical analysis

The presented results demonstrate that an accurate splitting algorithm can be con-
structed with remarkably little effort. At any moderately large user-specified number
of mixands M ,

• set the mixand spacing h = h∗
opt, as described in Section 3.5, and

• use this h to find the weights by solving Eq. (7).
For step values near the optima, sufficiently accurate solutions can be found using
regular double-precision floating-point for up to about M = 50; for more terms, it
is necessary to use an extended-precision implementation. Alternatively, it is possible
to use directly the large-M asymptotic weights from Theorem 1, essentially reducing
our algorithm to the method of [49]. However, the accuracy of the L2 approximation
using such weights is at least an order of magnitude worse, as seen in Fig. 3.

20



Overall, this simplified algorithm avoids the need for high-precision arithmetic
(except for very high M) and optimisers that were employed in the exact solution
[30], while incurring only small additional errors, as examined in Fig. 5. The differ-
ences in L2, KL divergence, and normalised moment errors are particularly small for
M > 10, validating the quality of the splitting at the approximate optimal h with
either method for computing weights. Regarding the user-specified mixand variance
σ2, we generally expect these mismatches to decrease with σ (see [30, fig. 4]). How-
ever, as mentioned in the preface of Section 3, σ shall not be close to 1, otherwise our
asymptotic approximations would become less reliable and a separate analysis would
be required.

5 Discussion

We derived asymptotic solutions and approximations to the optimal representation
of a Gaussian by a Gaussian mixture model, particularly motivated by the case of
applying a non-linear transformation to the Gaussian. Our analysis assumed symme-
try, homoscedasticity, and fixed mixand spacing, as employed in [3, 5, 29, 30, 36, 37].
Our results are based on the framework from [30], which minimises the L2 distance
between the distributions to achieve an optimal mixture. The solution in [30], how-
ever, is purely numerical. This paper presents an in-depth analytic exploration of the
problem, and comparison to the original solution.

In particular, for the cases of very large number of mixands M , very small or large
mixand spacing h, and the moderately large combination Mh, we derived closed-form
expressions for the weights and L2. None of these expressions, in isolation, approximate
the optimal L2 or its corresponding hopt. However, by solving for the intersection of the
large-M solution from Theorem 1 and the heuristic method of Theorem 2, we obtained
an accurate approximation to the mixand weights (Fig. 4), the exact minimum of
L2 (Fig. 3), as well as the moments and the KL divergence (Fig. 5). We established
accuracy numerically for the broad range of M , but it cannot be guaranteed for an
arbitrary number of terms. In particular, this approach cannot be used to examine the
asymptotic behaviour of hopt for very large M , which remains unknown. However, for
moderate-to-large M , which are arguably most practically important, we introduced
and analysed a reliable splitting algorithm.

Let us pause to discuss some explicit connections to the literature. Previously, inter-
polation with Gaussian kernels was discussed in [49], who yielded a quasi-interpolation
formula to a prescribed order of error. The large-M asymptotic L2 curve of Theorem 1
reproduces their quasi-interpolation formula with striking similarity. Our solution is
not valid for small h, and their quasi-interpolation does not converge for small h. Con-
vergence is demonstrated for some schemes [50] with variable σ decreasing with h,
which for our case may indicate that very large values of M require correspondingly
smaller σ for the solution to be valid.

The parameterization and minimisation of the L2 between distributions is not new:
what is new is the generality of the problem framing here and in the companion paper
[30]. For instance, L2 minimisation was also done in [29], up to M = 39 mixands,
albeit only for three specific choices of mixand variance σ2. The method of [40] uses the
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beta divergence to measure the distance between distributions, but with specific selec-
tions of parameters used in [40] that measure reduces to the L2 distance. Meanwhile,
methods such as [12, 35, 36] do not necessarily minimise the L2 but have compatible
fixed mixand spacing and homoscedastic variance, although they set mixand variance
based on the optimised weights and spacing as opposed to allowing the user to select
it, as done here. Limitations arise when methods are restricted to small numbers of
mixands, such as [35], which only uses M = 2 or M = 3.

Consider now some avenues for future work. The asymptotic solution of the weights
and L2 for small h in Theorem 4 was yielded as a power series decomposition. We pro-
vided the first two elements, and through Remark 3 and Corollary 8, we can solve for
all higher-order elements, independent of σ. Furthermore, by Remark 1, only the right-
hand side is impacted by a change in the kernel of the original distribution, meaning
one could reuse the results for approximating any distribution by a Gaussian mixture
with the parameterization of [30] or others similar. While we did not confirm conver-
gence of the power series beyond second order, techniques such as Padé approximants
[51] can increase the radius of convergence significantly. These techniques would also
bolster the moderately limited use of the large-h asymptotic solutions in Theorem 9,
which, unlike the small-h solutions, are independent of h. For instance, one could
compute the small-h series to a higher order, take an [L / L] Padé form, and fix the
expression at both extremities: at zero (using small-h) and at infinity (large-h).

There are relationships between the L2 and distances such as Hellinger and KL
divergence, and their bounds, discussed for instance in [52, Sect. 2.4]. For algorithms
that minimise one of these other distances but maintain the same parameterization,
such as [7, 53], it may be possible to convert the expressions or at the very least define
lower and upper bounds [54, Chapter 11].

As discussed in Remark 1, the framework established here is generalisable to min-
imising L2 between non-Gaussian, well-behaved distributions and Gaussian mixtures
since only the right-hand side of many equations changes and we can keep the results
of the left-hand side. This was clear in Remarks 2 and 3 for small h, where we can
obtain power series for other special functions that describe the optimal fit to that
distribution. Based on the results of [49], which uses Gaussians to approximate arbi-
trary functions, the large-M solution can also plausibly generalise to non-Gaussians.
Then, the heuristic approach of Theorem 2 can at least be replicated, although we
believe some of the existing expressions may be directly usable.

The importance of other distributions notwithstanding, this paper is focused on
Gaussian distributions. We examined in depth the earlier proposed technique [30]
and found an approximate solution to the minimal L2, which was demonstrated to
preserve most of the favourable properties of the original exact solution. Combined
with the mentioned extensions, we have a versatile framework for deriving asymptotic
and approximate solutions to the Gaussian splitting problem.

Statements and Declarations

Funding. This work has been partially funded by Acacia and the Defence Trailblazer
Project.

22



Competing interests. The authors have no competing interests to declare that are
relevant to the content of this article.

Ethics approval and consent to participate. Not applicable.

Consent for publication. Not applicable.

Data availability. No data was created or analyzed in the research conducted for
this article.

Materials availability. Not applicable.

Code availability. Code is not currently available due to tight coupling with pro-
prietary code base; we’re working to isolate and separate the code, to be able to
open-source it.

Author contribution. D.M. conceptualized the research, performed initial formal
investigation, and supervized the project. D.M. and A.X. both performed analy-
sis, validation, and visualization. D.M., A.X., and J.M. wrote and reviewed the
manuscript.

References

[1] Julier, S., Uhlmann, J., Durrant-Whyte, H.F.: A new method for the nonlinear
transformation of means and covariances in filters and estimators. IEEE Trans-
actions on Automatic Control 45(3), 477–482 (2000) https://doi.org/10.1109/9.
847726

[2] Kalnay, E.: Atmospheric Modeling, Data Assimilation and Predictabil-
ity. Cambridge University Press, Cambridge (2002). https://doi.org/10.1017/
cbo9780511802270

[3] Hanebeck, U.D., Briechle, K., Rauh, A.: Progressive Bayes: a new framework for
nonlinear state estimation. In: Dasarathy, B.V. (ed.) Multisensor, Multisource
Information Fusion: Architectures, Algorithms, and Applications 2003, pp. 256–
267. SPIE, Orlando, FL (2003). International Society for Optics and Photonics

[4] Evensen, G.: Data Assimilation: The Ensemble Kalman Filter. Springer, Berlin
(2009). Includes bibliographical references and index.

[5] Leong, P.H., Arulampalam, S., Lamahewa, T.A., Abhayapala, T.D.: A Gaussian-
sum based Cubature Kalman filter for bearings-only tracking. IEEE Transactions
on Aerospace and Electronic Systems 49(2), 1161–1176 (2013)

[6] Shorten, D.P., Humphries, M., Maclean, J., Yang, Y., Roughan, M.: Optimal
proposal particle filters for detecting anomalies and manoeuvres from two line
element data. Acta Astronautica 228, 709–723 (2025) https://doi.org/10.1016/j.
actaastro.2024.11.033

23

https://doi.org/10.1109/9.847726
https://doi.org/10.1109/9.847726
https://doi.org/10.1017/cbo9780511802270
https://doi.org/10.1017/cbo9780511802270
https://doi.org/10.1016/j.actaastro.2024.11.033
https://doi.org/10.1016/j.actaastro.2024.11.033


[7] Zanetti, R., DeMars, K.J., Tuggle, D., Michaelson, K., Gupta, M.: Uncertainty
quantification using directional splitting and Gaussian Mixture models with appli-
cations to orbital dynamics. In: Proceedings of the AAS/AIAA Astrodynamics
Specialist Conference, AAS 25, Boston, MA, pp. 10–14 (2025)

[8] Zhang, B., Shin, Y.C.: An adaptive Gaussian mixture method for nonlin-
ear uncertainty propagation in neural networks. Neurocomputing 458, 170–183
(2021)

[9] Xu, T., Zhang, Z., Han, H.: Adaptive Gaussian Mixture Model for Uncertainty
Propagation Using Virtual Sample Generation. Applied Sciences 13(5), 3069
(2023)

[10] Straka, O., Hanebeck, U.D.: Efficient Gaussian Mixture Filters based on Transi-
tion Density Approximation. arXiv (2025). https://doi.org/10.48550/arXiv.2505.
20002

[11] Terejanu, G., Singla, P., Singh, T., Scott, P.D.: Uncertainty propagation for non-
linear dynamic systems using Gaussian mixture models. Journal of Guidance,
Control, and Dynamics 31(6), 1623–1633 (2008) https://doi.org/10.2514/1.36247

[12] Huber, M.F.: Adaptive Gaussian Mixture filter based on statistical lineariza-
tion. In: Proceedings of the 14th International Conference on Information Fusion
(FUSION), pp. 1–8. IEEE, Chicago, IL (2011)
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