
The windowEM algorithm
Carsten Wiuf 

University of Copenhagen
Malthe Sebro Rasmussen 

University of Copenhagen

Research Article

Keywords: EM algorithm, Exponential family, Convergence, Contraction

Posted Date: July 7th, 2026

DOI: https://doi.org/10.21203/rs.3.rs-10163958/v1

License:   This work is licensed under a Creative Commons Attribution 4.0 International License.  
Read Full License

Additional Declarations: No competing interests reported.

https://doi.org/10.21203/rs.3.rs-10163958/v1
https://doi.org/10.21203/rs.3.rs-10163958/v1
https://doi.org/10.21203/rs.3.rs-10163958/v1
https://creativecommons.org/licenses/by/4.0/


The windowEM algorithm

Carsten Wiuf
1*

and Malthe Sebro Rasmussen
2

1*Department of Mathematical Sciences, University of Copenhagen,
Universitetsparken 5, Copenhagen, 2100, Denmark.

2Globe Institute, University of Copenhagen, Øster Voldgade 5-7,
Copenhagen, 2200, Denmark.

*Corresponding author(s). E-mail(s): wiuf@math.ku.dk;
Contributing authors: malthe.rasmussen@sund.ku.dk;

Abstract

We propose a stochastic version of the EM algorithm that partitions the data into
B blocks and places the blocks on a circle. The standard EM algorithm is used
to update the block estimates sequentially such that the estimate of the current
block is used as seed for the estimate of the next block. The estimates might
further be smoothed by averaging the estimates in a rolling window of blocks. In
this way, a population of B estimates is produced. A single estimate might be
produced taking the average of all B estimates. Contraction theory and random
iteration theory are used to infer convergence properties assuming B < ∞ or
B = ∞. Empirical examples show that this approach might prevent over-fitting.
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1 Introduction

This paper is concerned with a stochastic version of the expectation-maximization
(EM) algorithm [6], based on averaging parameter estimates within a rolling window of
smaller block estimates. This algorithm, which we refer to as windowEM, was originally
presented in [16] and adapted for use in [12]. The motivation is to do inference on large-
scale genetic data with latent variables, such as inference on site frequency spectra [16]
or probabilistic PCA [19]. In these settings, where the dataset potentially comprises
billions of data points, the standard EM algorithm becomes impractical since it makes
use of all data in each iteration.

In response to the increasing data issue, various stochastic versions of the EM
algorithm have been proposed, in which the data is split into smaller blocks (sometimes
called “mini-batches”) [4, 14]. With large amounts of data, such an approach may
drastically speed up convergence by allowing multiple parameter updates per pass
through the data. With enough data, it may even be possible to reach convergence in
a single (or very few) passes, such that data can be kept out of RAM.

We find, however, that when the parameter space is complex, and particularly when
some parameter estimates rely on latent variables that are scarcely represented in the
input data, a stochastic approach based on individual blocks result in roughed or noisy
parameter estimates (e.g., in the case of the site frequency spectra, the probability of a
particular allele frequency is expected to vary monotonically with the allele frequency),
even when introducing decaying weights [4].

Similar to other stochastic EM algorithms, windowEM splits data randomly into
blocks. However, in the windowEM algorithm, these blocks are placed on a circle.
Inspired by Polyak-Ruppert averaging [15, 17], estimates are then averaged over a
rolling window of blocks on this circle. The effect of this windowing is to produce a
sequence of dampened estimates, counteracting the aforementioned noise, while still
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allowing frequent updates and fast convergence. For block k, a preliminary estimate
is obtained by performing one iteration of the standard EM algorithm with data from
block k, using the estimate of the previous block k as input value. That is, the prelimi-
nary estimate is ψk = argmaxψ Qk(ψ|θk−1), where Qk is the maximisation function of
the standard EM algorithm applied to the data of block k. A final estimate is obtained
by averaging all w estimates in the window, θk = (ψk + ψk−1 + . . .+ ψk−w+1)/w.

While previous work has shown the utility of this scheme in practice, no work
has been done on its theoretical foundation. Thus, in the present paper, we investi-
gate the convergence properties of the windowEM algorithm. We distinguish two cases,
depending on the number of blocks B:

• B is finite, or
• B is infinite.

In the first case, the whole data is repeatedly used to update parameter estimates in
a circular manner. In effect, this yields a population of B block estimates, rather than
a single estimate. If the update function is a contraction, then we have convergence of
estimates and a fixed point exists for one block if and only if a fixed point exists for
all blocks. A single estimate might be obtained by averaging over all B estimates. The
distribution of block estimates depends on the window size, and a smaller variance in
block estimates is observed empirically with larger window sizes.

In the second case, the number of blocks is considered so large that we never see
the same block twice. For this case, we give conditions under which convergence of
estimates occur to a fixed point (for large block indices), based on random function
iteration theory for dependent data [5, 7]. Moreover, a single combined estimate might
be obtained by taking the (ergodic) average of block estimates, and we give conditions
that guarantee convergence of this average in the limit as B → ∞. In both scenarios,
B is finite, as well as B is infinite, we assume that the update function is a contraction,
though in the latter case, this is only required to hold in expectation with respect to
the input data.

Having a population of estimates rather than a single ‘best’ estimate might give a
better idea about the true parameter. The window size determines how much variation
in the estimates is allowed. In concrete applications in genomics [12, 16], we have shown
that when estimating the site frequency spectrum (SFS) of the rarer allele in large
samples, averaging across a window smooths out the estimate of the SFS, contrary
to maximum likelihood estimation that leaves ‘bump’ in the SFS because of rare
events that artificially raises an estimated frequency, and we see a similar tendency for
mixtures of normals below. We speculate, therefore, that windowEM might also help
prevent over-fitting.

The results are illustrated with familiar examples.

2 The windowEM algorithm

In this section we present the windowEM algorithm, first introduced in [16]. The primary
questions are in what sense the windowEM algorithm might converge and under what
conditions it might do so. We give partial answers to both in Section 5 below.
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2.1 The setting

Let x1, . . . , xB be a partition of the available data into B blocks, B ≥ 1. The blocks
might not be of the same size, nor be independent, nor have the same distribution,
even if the blocks are of the same size. Hence, we assume xk ∈ Xk ⊆ R

mk and that
(X1 × . . .×XB ,B1 ⊗ . . .⊗BB , P ) is a measure space, where P is the joint distribution
of the data, and Bk the Borel algebra on Xk. Contrary to this, we do assume the
model parameters are comparable and vary in the same convex domain Θ ⊆ R

m for
all blocks. We allow B = ∞. The blocks might be arranged in random order to reduce
correlation between neighbouring blocks.

For t ≥ 1, define b(t) = (t−1)modB+1, such that b(Bi+k) = k for k = 1, . . . , B,
i ≥ 0. The function b(·) maps the tth iteration of the algorithm to a corresponding
block. If B = ∞, then b(t) = t. The sequence of blocks are paved with windows,
consisting of w consecutive blocks, 1 ≤ w ≤ B. The kth window consists of the k
blocks numbered

b(k − w + 1), . . . , b(k − 1), k, k = 1, . . . , B,

noting that b(k) = k always, whereas for example, b(k − 1) = k − 1 or b(k − 1) = B,
depending on whether k > 1 or k = 1, respectively. There are B distinct windows.

Denote by

ℓk(θ) = log(p(xk|θ)), k = 1, . . . , B, θ ∈ Θ ⊆ R
m,

the log-likelihood function of the data in the kth block, where Θ is a convex parameter
space, and p(xk|θ) is the likelihood function. The log-likelihood might be given as

ℓk(θ) = log(p(xk, zk|θ))− log(p(zk|xk, θ)), (1)

where zk ∈ Zk ⊆ R
m′

k , k = 1, . . . , B, are unobserved (latent) data [6]. Equation (1) is
well-known from the EM algorithm [6]. Hence, by taking the conditional expectation
of ℓk(θ), given xk, with respect to θ′ ∈ Θ,

ℓk(θ) =
∑

zk

p(zk|xk, θ′) log(p(xk, zk|θ))−
∑

zk

p(zk|xk, θ′) log(p(zk|xk, θ))

= Qk(θ|θ′)−Hk(θ|θ′),

where Qk(θ|θ′) and Hk(θ|θ′) are the two sums in the equation. Computation and
maximisation of Qk(·|θ′) are the E- and the M-step of the standard EM algorithm,
restricted to the kth block [6]. If data in different blocks are independent of each other,
then the full log-likelihood is obtained as the sum over k of ℓk.

Above we assume discrete data for convenience and that the involved sums and
functions are well-defined. However, the theory also holds more generally under
standard regularity conditions [6].
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2.2 The algorithm

The division of the data into blocks suggests an optimisation procedure, here called
windowEM, which is related to the Polyak-Ruppert averaging scheme though different
[15, 17]. To state the algorithm, we define the functions fk : Θ → Θ, k = 1, . . . , B, by

fk(θ) = argmaxθ′∈ΘQk(θ
′|θ),

assuming there exists a unique θ′ ∈ Θ such that fk(θ) = θ′. The steps of windowEM
are the following:

A. Initialise (θ1, . . . , θw) ∈ Θw. Define ψt+1 = fb(t+1)(θt), t = 1, . . . , w,
B. For t ≥ w+1, recursively compute θt as the average of the past w consecutive values

of ψi,

θt =
1

w

t∑

i=t−w+1

ψi, and let ψt+1 = fb(t+1)(θt).

The estimate θt for block b(t) is computed from the estimates θt−1, . . . , θt−w from
the neighbouring blocks b(t − 1), . . . , b(t − w). After B iterations, the algorithm has
returned to the first block again, unless B = ∞, and there is only one infinite round
of iterations. We refer to k successive iterations as a k-iteration and a B-iteration as
an epoch. When B = ∞, there is therefore only one epoch.

Since Θ is convex (by assumption), then ψt+1, θt ∈ Θ for all t ≥ 1. This convexity
requirement is naturally fulfilled for the canonical and the mean value parameterisa-
tions of a regular exponential family [8]. In particular, the mean value parameterisation
seems a natural choice as it often leads to an update function that is a weighted sum of
sufficient statistics, see Section 3. Averaging across a window as in B) thus preserves
this property. It is, however, noteworthy that averaging across a window is not invari-
ant under parameter transformations as the operations + and fk do not commute in
general. Let ϕ = g(θ) be an alternative parameterisation, then

θt+1 =
1

w

t∑

i=t−w+1

fb(i+1)(θi) ⇒ ϕt+1 = g
( 1

w

t∑

i=t−w+1

fb(i+1)(g
−1(ϕi))

)
.

If w = 1, then averaging commutes with g, ϕt+1 = g(fb(t+1)(g
−1(ϕt))), whereas in

general the average commutes with g only if g is linear, g(θ) = Aθ,

g
( 1

w

t∑

i=t−w+1

fb(i+1)(g
−1(ϕi))

)
=

1

w

t∑

i=t−w+1

Afb(i+1)(A
−1ϕi).

2.3 Special cases

If w = B = 1, then we retrieve the standard EM algorithm and the likelihood increases
after each epoch (one iteration in this case). However, in contrast to the standard
EM algorithm, windowEM is not designed to increase the likelihood in each successive
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iteration or epoch. If w = 1 and B ≥ 1, then θt+1 = ψt+1 and

ℓb(t+1)(θt+1) ≥ ℓb(t+1)(θt), t ≥ 1,

as for the standard EM algorithm, but there are no guarantees the log-likelihood value
one epoch later is larger than the current log-likelihood value.

If a fixed point qk, k = 1, . . . , B, exists for each block, implying qk remains the
same after iterating one epoch, then

qb(k+1) =
1

w

k∑

i=k−w+1

fb(i+1)(qb(i)), k = 1, . . . , B.

If w = B, then the right hand side does not depend on k and consequently, qk = qℓ
for all k, ℓ = 1, . . . , B, and there is a common q∗ solving the equations. This estimate
might or might not equal the maximum likelihood estimate, even in cases where the
maximum likelihood estimate is unique. However, for exponential families, the update
function fk considered as a function of the input data xk and the parameter θ, is in
many cases linear in xk, see Section 3. If this is so, then the equation reads (with q
the fixed point)

q =
1

B

B∑

k=1

fk(q) = f(q),

where f : Θ → Θ is the update function with data 1
w

∑B
k=1 xk. Since the standard EM

algorithm is guaranteed to find a local maximum [6], then so will windowEM in this
particular case.

On the other hand, if w = 1, then

q1 = f1(qB), qk+1 = fk+1(qk), k = 1, . . . , B − 1,

qB = fB ◦ fB−1 ◦ . . . ◦ f2 ◦ f1(qB),

and similar for qk, k ̸= B. Thus, one might solve for qB and then find qk, k ̸= B,
afterwards. In particular, if the composition fB ◦ fB−1 ◦ . . . ◦ f2 ◦ f1 is a contraction,
then there is a unique qB . If f1, . . . , fB are increasing and concave, then so is the
composition, see the Appendix, Section B. For a 1-dimensional parameter this implies
there is at most two fixed points, only one of which is attractive; unless the composition
is the identity.

2.4 Extensions

One might replace the single updating step, (∗) ψt+1 = fb(t+1)(θt), by multiple
updating steps, say N , before averaging over block estimates:

ξ0 = θt, ξn+1 = fb(t+1)(ξn), n = 0, . . . , N − 1, ψt+1 = ξN .
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With large N , ψt+1 becomes a local maximum point for block b(t + 1). If there is a
unique local maximum, then this maximum point does not depend on the other blocks
and is the maximum likelihood estimate of block b(t+ 1).

Another alternative to the single updating step is to replace EM with general-
ized EM [6], where (∗) is replaced by choosing ψ̂t+1, such that Qb(t+1)(ψ̂t+1|θt) ≥
Qb(t+1)(θt|θt), or replacing Qk(·|·) with another function, as in the case of the MM
(majorize–minimize) algorithm [20].

Finally, each term in the sum in B has equal weight. As an alternative, one might
weigh the w terms differentially. For example, the weight of ψ̂t might be put higher
than that of ψ̂t−1 and so forth, or if the data structure differs from block to block, for
example, if xk ∼ Bi(nk, θ), then one might weigh ψt by nk whenever b(t) = k.

In [12], an approximation to PCA is considered where data also is divided into
blocks. The block size is increased after each round of iterations and something similar
might be considered for windowEM.

3 Exponential families

We consider the special case of an exponential family with densities,

dPθ
dP0

(x, z) = exp(θ⊤T (x, z)− a(θ)), (x, z) ∈ X × Z, θ ∈ Θ ⊆ R
n,

where x is observed, z is latent data, and Θ is the (convex) canonical parameter space,
containing 0 ∈ Θ (which might always be arranged). The family is assumed to be
regular, that is, the canonical parameter space is an open set.

Let τ(θ) = Eθ(T (X,Z)) be the mean value parameter as a function of θ. It might
be obtained as the derivative of a(θ): τ(θ) = ∇θa(θ), which is an invertible function
if the family is minimal [8]. Hence, θ and τ are in one-to-one correspondence. We will
formulate the EM algorithm using the mean value parameterisation as this turns out
to be a natural choice, but apply both θ, τ and other parameterisations in equations
for notational convenience. In the following, we assume the model is minimal unless
otherwise said. However, in applications this might not be so. For details, we refer to
textbooks on the subject [8, 18].

3.1 General exponential families

For a general exponential family, the update step for the windowEM in the mean value
parameterisation becomes:

τt+1 =
1

w

t∑

k=t−w+1

Eθk(T (xb(k+1), Zb(k+1))|xb(t+1)),

relying on the update step of the standard EM algorithm for exponential families [18].
In genomics the data often consist of millions of markers arranged in a linear order,

hence each block of data is itself a sequence of data points. The observed data might
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be measurements of genotypes and the latent variables, the true genotypes, or the
number of dominant genotypes versus the allele counts. If so, then

Eθk(T (xb(k+1), Zb(k+1))|xb(k+1)) =
1

nb(k+1)

nb(k+1)∑

i=1

Eθk(T (xb(k+1),i, Zb(k+1),i)|xb(k+1),i)

=
1

nb(k+1)

nb(k+1)∑

i=1

Eθk(T (xb(k+1),i, Zb(k+1),i)|xb(k+1)),

where nb(k) is the number of data points in block b(k). The latter equality assumes
independence between sites to change the conditioning to be independent of i. Thus,
the mean value parameterisation appears as a natural choice since the update τt+1

becomes a weighted average of terms that are similar to each other.

3.2 Mixture of distributions from an exponential family

A standard example is a mixture of normal distributions [13, 21]. Here, we consider a
mixture of distributions from a general exponential family with the previous section
in mind.

To be precise, we assume the data xk = (xk1, . . . , xknk
), k = 1, . . . , B, of block k is

distributed as nk independent draws from a mixture ofM distributions from the same
regular exponential family. Let (π, ϕ) ∈ ∆M×ΦM be the parameter vector, where ∆M

denotes theM -simplex, ϕ = (ϕ1, . . . , ϕM ) are the canonical parameters of the mixture

components, and π = (π1, . . . , πM ),
∑M
m=1 πm = 1 are the mixture proportions. Then,

the density function for an observation xki, respectively, the density function of a
complete observation (xki, zki), where zki is an unobserved class indicator, takes the
form,

p(xki|π, ϕ) =
M∑

m=1

πmp(xki|ϕm) =

M∑

m=1

πm exp(ϕ⊤mT (xki)− a(ϕm)),

p(xki, zki|π, ϕ) = πzki
exp(ϕ⊤zki

T (xki)− a(ϕzki
))

= exp
( M∑

m=1

(log(πm)− a(ϕm))1{m}(zki) + ϕ⊤m1{m}(zki)T (xki)
)
.

Thus, the model of the complete data is another exponential family. As the indicators
sum to one, this representation is not minimal. A minimal representation can be
obtained by substituting 1 − ∑M−1

m=1 1{m}(zki) for 1{M}(zki), and 1 − ∑M−1
m=1 πm for

πM in the first part of the sum.
The (non-minimal) sufficient statistic is

T̂ (X,Z) =
(
1{1}(Z), . . . , 1{M}(Z), 1{1}(Z)T (X), . . . , 1{M}(Z)T (X)

)
,
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with expectation (mean value parameter) ψ = (π, τ1, . . . , τM ), πm = Eπ,ϕ(1{m}(Z))
and τm = Eπ,ϕ(1{m}(Z)T (X)). From the standard EM algorithm, the update functions
of the windowEM in the mean value parameterisation become

π(t+1)
m =

1

w

t∑

k=t−w+1

1

nb(k+1)

nb(k+1)∑

i=1

qk+1,i(m), τ (t+1)
m =

1

w

t∑

k=t−w+1

∑nb(k+1)

i=1 qk+1,i(m)T (xk+1,i)∑nb(k+1)

i=1 qk+1,i(m)
,

where
qk+1,i(m) = p(zb(k+1),i = m|xb(k+1),i, ψ

(k)), ψ(k) = (π(k), τ (k)).

Averaging over the estimates in a window remains a sum of observed statistics,
weighted by estimated class probabilities. Thus, the update functions are linear in the
observed statistics with coefficients that depend on the observations.

Note that a (non-minimal) sufficient statistics might alternatively be given as

T̃ (X,Z) = AT̂ (X,Z)

=
(
1{1}(Z), . . . , 1{M−1}(Z), 1, 1{1}(Z)T (X), . . . , 1{M−1}(Z)T (X), T (X)

)
,

where

A =




IM−1 0 0 0
eM−1 1 0 0
0 0 IM−1 0
0 0 eM−1 1


 ,

IM−1 is the identity matrix of dimension M − 1 and eM−1 is a row vector of M − 1
ones. The example might thus be seen as an example where one component of the
sufficient statistics is observed, namely (1, T (X)).

3.3 Partitioning the sufficient statistics

Let T = (U, V ) be a partition of T of dimension d1 and d2, respectively, and assume
V = v is observed. Consider the corresponding partitions of θ = (θ1, θ2) and τ =
(τ1, τ2).

Lemma 1 The update function of the standard EM algorithm in the mean value parameter-
isation is a linear function of v,

τ ′1 = Eθ1(U |v) = A(τ)v, τ ′2 = v, (2)

where θ1 = θ1(τ), and τ is the current parameter estimate. After one iteration of the standard
EM algorithm, τ2 is fixed at v.

Proof It follows from [18] that the collection of conditional probability measures of T (X,Z)
given V = v forms a regular exponential family with canonical parameter θ1 ∈ Θ1 (the
restriction of Θ to the first d1 coordinates) and densities,

dPθ1
dP0

(u|v) = exp(θ⊤1 u− av(θ1)),
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where av(θ1) is a normalisation constant.
Let τ ′ = (τ ′1, τ

′
2) and θ′ = (θ′1, θ

′
2) be corresponding parameter values. In the canonical

parameterisation, we find

Q(θ′|θ) =

∫
(θ′⊤T − a(θ′)) exp(θ⊤1 U − av(θ1)dP0(·|x)

= θ′⊤1 Eθ1(U |v) + θ′⊤2 v − a(θ′).

Differentiating with respect to (θ′1, θ
′
2) yields

∇θ′1Q(θ′|θ) = Eθ1(U |v)⊤ − τ ′⊤1 , ∇θ′2Q(θ′|θ) = v⊤ − τ ′⊤2 .

Equating the derivative to zero yields τ ′2 = v and τ ′1 = Eθ1(U(Z)|v). Existence and uniqueness
of such τ ′ follow from regularity [18]. This gives the first equality for τ ′1 in (5).

For the second equality for τ ′1 in (5), we consider the projection in L2, equipped with the
measure Pθ1(·|v), of each coordinate function of U(Z) onto the linear span of the coordinate

functions of V . Let the coordinate-wise projection be V̂ . Then, Covθ1(U − V̂ , V̂ |v) = 0. Since

we are dealing with an exponential family, zero covariance implies independence, hence U− V̂
and V̂ are independent with respect to Pθ1(·|v) [1]. Finally, the conditional expectation yields

Eθ1(U |v) = Eθ1(U − V̂ |v) + Eθ1(V̂ |v) = 0 + V̂ = V̂ ,

by independence and V -measurability of V̂ . It remains to say that the linear projection is a
linear map of V . See [11] for an elaborated proof for the Gaussian exponential family. □

In the context of windowEM, this implies that the mean value parameter is updated
according to the rule

τ
(t+1)
1 =

1

w

t∑

k=t−w+1

A(τ (k))vb(k+1), τ
(t+1)
2 =

1

w

t∑

k=t−w+1

vb(k+1),

with data vk, k = 1, . . . , B. Thus, τ (t) is a weighted sum of the observations. Moreover,

τ
(t+1)
2 is unchanged after one epoch and is the average of the observations in the

corresponding window, and only τ
(t+1)
1 needs updating.

4 Examples

4.1 An illustrative example

This example is a classical application of the EM algorithm for which the maxi-
mum likelihood estimate can be found by simple calculation. However, it foresees the
theoretical development in Section 5 about convergence of estimates.

Consider a gene with three genotypes AA, Aa and aa, where the A allele is reces-
sive, such that there are two phenotypes, AA and aa-Aa (non-AA). We observe the
number x of AA genotypes out of n. Assume Hardy-Weinberg proportions and that
the probability for the A allele is θ ∈ [0, 1]. The likelihood is binomial with probability
p = θ2,

(
n

x

)
θ2x(1− θ2)n−x, x = 0, . . . , n. (3)
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Let z be the latent count of the number of aa genotypes, such that the likelihood with
data (x, z) is

(
n

x z

)
θ2x(1− θ)2z(2θ(1− θ))n−x−z =

(
n

x z

)
2n−x−zθn+x−z(1− θ)n−x+z. (4)

The family is not regular (see Section 3) as the full parameter space of (4) is 2-
dimensional.

Furthermore, the conditional distribution and expectation of z given x is

(
n− x

z

)
2n−x−z

θn−x−z(1− θ)z

(1 + θ)n−x
, Eθ(z|x) = (n− x)

1− θ

1 + θ
,

respectively. Taking expectation of the log of (4) for θ′ with respect to the conditional
distribution of z given x and θ (and removing terms not depending on θ), yields

Q(θ′|θ) = (n+ x) log(θ′) + (n− x) log(1− θ′)− (n− x)
1− θ

1 + θ
log

(
θ′

1− θ′

)
.

Finally, finding the optimal argument for Q(θ′|θ) yields

θ′ =
1

2n

(
n+ x− (n− x)

1− θ

1 + θ

)
=
u+ θ

1 + θ
, with u =

x

n
. (5)

The maximum likelihood estimate is θ̂ =
√
u, which can be found directly from (3). It

is the only fixed point of the standard EM algorithm. It can readily be seen that θ < θ′

if θ <
√
u, and θ > θ′ if θ >

√
u under the standard EM algorithm. Hence, convergence

to the maximum likelihood estimate is guaranteed as this is the only local extremum.
Consider the windowEM algorithm with data uk = xk/nk, k = 1, . . . , B. From (5),

ψt+1 = fb(t+1)(θt) =
ub(t+1) + θt

1 + θt
,

hence

θt+1 =
1

w

w∑

i=1

ub(t−i+2) + θt−i+1

1 + θt−i+1
= 1− 1

w

w∑

i=1

1− ub(t−i+2)

1 + θt−i+1
. (6)

Note that the update function, considered as a function of data and parameter, is
linear in the data.

The map fb(t+1) is non-expansive,

∥∥∥∥
θt + ub(t+1)

1 + θt
− θ′t + ub(t+1)

1 + θ′t

∥∥∥∥ =
1− ub(t+1)

(1 + θt)(1 + θ′t)
∥θt − θ′t∥

≤ (1− ub(t+1))∥θt − θ′t∥ = Ab(t+1)∥θt − θ′t∥,

11



and a contraction if ub(t+1) > 0. Here, Ab(t+1) = 1− ub(t+1) ≤ 1 (non-expansive) and
< 1 (contraction) if and only if ub(t+1) > 0. It follows that the theory developed in
Theorem 8 and 9 below applies for finite B, and that there is a unique fixed point
for each block provided there is at least one non-zero observation xk, k = 1, . . . , B. If
all observations are zero, the algorithm also converges to zero, which might be seen
directly from (6). These conclusions do not require independence between blocks or
identity in distribution.

Denote the fixed point of block k by qk, k = 1, . . . , B <∞. Then,

qb(k+1) = 1− 1

w

w∑

i=1

1− ub(k−i+2)

1 + qb(k−i+1)
. (7)

In few cases, the fixed points can be found explicitly:

Lemma 2 Assume nk = n, k = 1, . . . , B. If w = B, then all qks are the same and equal the
maximum likelihood estimate of θ,

θ̂ =

√√√√ 1

B

B∑

k=1

uk.

Proof The right hand side of (7) is independent of k, hence qk = q. The last part follows
from (7) by putting qk = q and solving for q. Alternatively, by reference to Section 2.3 and
the linearity of the update function in the input data. □

Lemma 3 If w = 1, then

1

B

B∑

k=1

qkqb(k+1) = θ̂2.

If in addition B = 2, then q1 and q2 are

q1 =
1

4
(u1 − u2) +

1

4

√
(u1 − u2)2 + 8(u1 + u2),

q2 =
1

4
(u2 − u1) +

1

4

√
(u1 − u2)2 + 8(u1 + u2).

Consequently,

q0 :=
1

2
(q1 + q2) ≥ θ̂, θ

(
1 +

1

4n
(1− θ2)

)
≥ E(q0) ≥ E(θ̂),

where the latter requires n := n1 = n2.

Proof The first part follows from (7), taking w = 1 and summing over the B blocks. The
statement for B = 2 also follows from (7). The last part follows from Jensen’s inequality,

ui = xi/n, xi ∼ Bi(n, θ2), and θ̂ =
√

1
2 (u1 + u2). □

12



Let B = ∞. Assume xk ∼ Bi(n, θ2), k ≥ 1, is an ergodic process. This is in
particular the case if the observations are independent. We have

E(log(Ak)) = E(log(1− xk)) <∞,

in fact, the expection is −∞ Hence, the assumptions of Theorem 10 below are fulfilled.
In particular, by ergodicity, this implies that θt stabilises in distribution for large t,
say, to the law of T∞, independently of the initial conditions, and that the average,

θ(B) =
1

B

B∑

k=1

θk
D→ T∞,

converges in distribution as B → ∞. Assuming independent input data (rather than
just ergodicity), then further

E(θt+1) = 1− 1

w

w∑

i=1

(1− θ2)E

(
1

1 + θt−i+1

)
≤ 1− 1− θ2

w

w∑

i=1

1

1 + E(θt−i+1)
,

E(θ(∞)) ≤ 1− (1− θ2)
1

1 + E(θ(∞))
, or E(θ(∞)) ≤ θ,

where E(θ(∞)) = limB→∞ E(θ(B)).
Figure 1 shows the result of applying windowEM to a small data set consisting of

B = 50 independent blocks with nk = 10 and a true θ = 0.6. Even with relatively
small B, if w is not too large, then convergence of estimates is obtained after one
epoch, perhaps two, of iteration. In this case, the standard EM algorithm requires
several rounds (approximately 4-5) to converge.

Figure 2 shows the effect of varying the initial estimates and only aiming for one
epoch, so B = ∞. For both window sizes convergence appears rapidly.

4.2 Univariate Gaussian mixtures

As a special case of a mixture family, consider the univariate Gaussian distribution,

p(x | µ, σ) = 1√
2πσ

exp

(
− 1

2σ2
(x− µ)2

)
, x ∈ R,

which is a two-parameter exponential family distribution with canonical statistics,
canonical parameter and mean value parameterisation, respectively,

T (x) = (x2, x)

ϕ = (ϕ1, ϕ2) =
(
− 1

2σ2
,
µ

2σ2

)

τ(ϕ) = (τ1(ϕ), τ2(ϕ)) =
(ϕ2
ϕ2

− 1

2ϕ1
,−ϕ1

ϕ2

)
.
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Fig. 1 B < ∞. The blue dots show the estimates θB+1, . . . , θB+w, θw+1, . . . , θB , that is, the esti-
mates after one epoch of iteration. The initial estimates for θ1, . . . , θw are randomly chosen between
0 and 1 (not shown). The red line shows estimates after 100 rounds (converged estimates). Here,
B = 50 and w = 1, 2, 5, 10, 25, 50, and the same input data is used for all plots. The variation in the
estimates is higher for small w than large w, while the convergence rate is slower for large w than
small w. Compare the red line and the blue dots, which in the case of w = 25, 50 shows it takes
roughly 25 blocks before convergence is achieved.

Properties of mixtures of univariate Gaussian distributions and the EM algorithm are
well-studied [13, 21].

Assume xik, i = 1, . . . , B, k = 1, . . . , n, are observations from a univariate Gaussian
mixture model, divided into B blocks. We find

τ
(t+1)
1j =

1

w

w∑

i=1

∑n
ℓ=1 x

2
b(t−i+2)ℓe

(t−i+1)
ℓj

∑n
ℓ=1 e

(t−i+1)
ℓj
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Fig. 2 B = ∞. Multiple initiations (here, 5) on the same input data with initial estimates for
θ1, . . . , θw randomly chosen between 0 and 1 (not shown). After relatively few iterations the estimates
become independent of the random initial estimates.

τ
(t+1)
2j =

1

w

w∑

i=1

∑n
ℓ=1 xb(t−i+2)ℓe

(t−i+1)
ℓj∑n

ℓ=1 e
(t−i+1)
ℓj

,

π
(t+1)
j =

1

wn

w∑

i=1

n∑

ℓ=1

e
(t−i+1)
ℓj ,

where e
(t)
ℓj = Eτ (t)(Ij(zℓ)|x).

In this case Θ might be taken to be compact subset of R3k, delimitated by the
maximal and minimal observations. Hence by the Brouwer fixed point theorem there
is a fixed point.
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As an illustration, we consider fitting an equal-proportion mixture of ten Gaussian
distributions with unit variance and mean values equal to 0, 1, . . . , 9. In total, there are
10 + 10 + 9 = 29 free parameters. We randomly sample n = 105 data points from the
population, and divide these into into B = 10 blocks at random, after which we run
windowEM with a window size of w = 5 blocks in both cases. For windowEM, one epoch
is B iterations and corresponds to processing all data exactly once. After 500 rounds of
iteration of standard EM and 500 epochs of windowEM, we retrieve the estimates shown
in Figure 3. We observe in particular that the estimate resulting from averaging the
block estimates achieves a log-likelihood close to the complete data MLE significantly
faster than standard EM. We note, however, that the standard EM estimate eventually
achieves a log-likelihood that is higher than then windowEM estimate, but it also exceeds
the complete data MLE. We interpret this finding to suggest that the averaging over
a population of estimates induces a measure of regularisation, similar to what was
observed for the site frequency spectrum in previous work [16].

For comparison, we show in Figure 4 a smaller dataset (n = 104) with the same
hyperparameter settings, which has been allowed to run for 5000 iterations (resp.
epochs). As before, the log-likelihood of the windowEM solution stabilises closer to
the complete-data MLE faster than the standard EM estimate. The final windowEM
estimate looks somewhat curious compared to the standard EM solution, but we note
again that standard EM overshoots the complete-data log-likelihood, suggesting that
the apparent visual benefit is arguably not statistically meaningful.

Finally, the same setup is repeated with a larger dataset n = 106 (see Figure A1 in
Appendix A), where windowEM once again converges significantly faster and recovers
a more meaningful solution.

To compare hyperparameter settings, we repeated the same experiment at n = 105,
while either keeping B = 20 fixed and varying the window size, or keeping the window
size fixed at B/2 and varying B. The resulting log-likelihood curves are shown in
Figure 5. As expected, we observe that as the window size increases towards the B, the
convergence behaviour startes to resemble standard EM. Similarly, as the number of
blocks decreases (with fixed window size as a proportion), convergence likewise tends
to the standard EM behaviour.

5 Convergence

We distinguish between B <∞ and B = ∞. In the first case, by iterating over several
epochs, the same data is repeatedly being used, whereas in the second case, only one
epoch, one iteration is done for each block.

We equip the space Θw with a norm

∥(ζ1, . . . , ζw)∥max = max
i=1,...,w

∥ζi∥, (ζ1, . . . , ζw) ∈ Θw,

where the norm ∥·∥ on Θ can be any norm.

Lemma 4 The space Θw equipped with ∥·∥max is a normed space.
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Proof Let ζ = (ζ1, . . . , ζw) and ξ = (ξ1, . . . , ξw). If ∥ζ∥max = maxi=1,...,w∥ζi∥ = 0, then
∥ζi∥ = 0 for each i = 1, . . . , w, hence ζ = 0. For the triangular inequality,

∥ζ + ξ∥max = max
i=1,...,w

∥ζi + ξi∥ ≤ max
i=1,...,w

∥ζi∥+ max
i=1,...,w

∥ξi∥ = ∥ζ∥max + ∥ξ∥max.

Finally, for a ∈ R, ∥aζ∥max = max1,...,w∥aζi∥ = |a| ∥ζ∥max. □

5.1 Fixed points for B < ∞

Consider the kth window, k ∈ {1, . . . , B}, with block indices b(k − w + 1), . . . , b(k −
1), b(k), noting that b(k) = k always. Define the one-block update based on the kth
window by

σk : Θ
w → Θw, σk(ζ1, . . . , ζw) = (ζ2, . . . , ζw+1) ∈ Θw,

where

ζw+1 =
1

w

w∑

i=1

fb(k−w+i)(ζi).

Similarly, define the i-block update, i ≥ 0, based on the kth window by

Sk,0(ζ) = ζ, Sk,i(ζ) := σb(k+i−1) ◦ . . . ◦ σb(k+1) ◦ σk(ξ), i ≥ 1,

where ζ = (ζ1, . . . , ζw) ∈ Θw. It holds that

Sk,i+j = Sb(k+j),i(Sk,j), i, j ≥ 0, 1 ≤ k ≤ B. (8)

Of particular interest is Sk,B (update all blocks) and Sk,w (update all blocks in one
window), starting from block k.

A point ζ ∈ Θw is a fixed point for the kth window if ζ is a fixed point for the
B-step update, that is, if

Sk,B(ζ) = ζ.

Lemma 5 Assume ζ ∈ Θw is a fixed point for the kth window, with k ∈ {1, . . . , B}. Then,
Sk,iB(ζ) = ζ for i ≥ 0. Furthermore, let ξ = Sk,j(ζ) for some j ≥ 0, then Sb(k+j),iB(ξ) = ξ
for all i ≥ 0. As a consequence, all windows have a fixed point if and only if one window has
a fixed point.

Proof For both statements we use (8). For the first, Sk,0(ζ) = ζ and Sk,B(ζ) = ζ. Then,
by induction, Sk,(i+1)B(ζ) = Sb(k+B),iB(Sk,B(ζ)) = Sk,iB(Sk,B(ζ)) = Sk,iB(ζ) = ζ. The
first part is clear. For the second, Sb(k+j),iB(ξ) = Sb(k+j),iB(Sk,j(ζ)) = Sk,iB+j(ζ) =
Sk,j(Sk,iB(ζ)) = Sk,j(ζ) = ξ. □

Lemma 6 Let k ∈ {1, . . . , B}, and assume ζ ∈ Θw and Sk,iB(ζ) → ζ∗ ∈ Θw as i → ∞.
Then, ζ∗ ∈ Θw is a fixed point for the kth window, provided Sk,B is continuous in ζ∗ ∈ Θw.
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Moreover, also Sℓ,iB(Sk,d(ζ)) → Sk,d(ζ
∗) ∈ Θ with d = ℓ−k for B ≥ ℓ > k, and d = B+ℓ−k

for k > ℓ ≥ 1, provided Sk,d is continuous in ζ ∈ Θw. As a consequence, a converging
sequence exists for none or all windows, provided the relevant continuity assumptions hold.

Proof We make use (8). To prove ζ∗ is a fixed point, consider Sk,(i+1)B(ζ) =
Sk,B(Sk,iB(ζ)) → Sk,B(ζ

∗) for i → ∞, by continuity. Also Sk,(i+1)B(ζ) → ζ∗ for i →
∞, proving ζ∗ is a fixed point. By continuity, then Sℓ,iB(Sk,d(ζ)) = Sk,d(Sk,iB(ζ)) →
Sk,d(ζ

∗). □

If Θ is compact, then the Brouwer fixed point theorem implies the existence of a
at least one fixed point, but there might be more fixed points [3]. In general, there are
no simple ways to find the fixed point postulated by Brouwer fixed point theorem, in
particular, the iterated sequence is not guaranteed to converge. The iterated sequence
contains however a converging subsequence due to compactness of Θ.

Lemma 7 Assume there is a compact convex set Θ0 ⊆ Θ, such that fk(Θ) ⊆ Θ0 for all
k ∈ {1, . . . , B}. Then, there exists at least one fixed point of Sk,B, k ∈ {1, . . . , B}, in Θw0 and
none in (Θ \Θ0)

w.

Proof The function Sk,B , k ∈ {1, . . . , B}, is a multi-composition of the functions fℓ and and
hℓ : Θ

w → Θ0, ℓ ∈ {1, . . . , B}, where

hℓ(ζ1, . . . , ζw) =
1

w

w∑

i=1

fb(ℓ−w+i)(ζi).

If fℓ(Θ) ⊆ Θ0 and Θ0 is convex, then hℓ(Θ
w) ⊆ Θ0, and the functions restricted to the

domain Θ0 (Θw0 ) are well-defined. Brouwer fixed point theorem guarantees the existence of
at least one fixed point within the domain as it is compact. There cannot be any in (Θ\Θ0)

w

as Θ is mapped to Θ0. □

5.2 Lipschitz condition

A function F : D → D, D ⊆ R
n, is Lipschitz if there is α ≥ 0 such that ∥F (x) −

F (y)∥ ≤ α∥x − y∥ for all x, y ∈ D. For convenience, we assume α > 0, since it is
always possible to arrange that. Furthermore, the function is non-expansive if it is
Lipschitz with constant α ≤ 1, contractive (or a contraction) if α < 1, and iteratively
contractive if ∥Fn(x)−Fn(y)∥ ≤ δαn, x, y ∈ D, n ≥ 1, for some δ > 0 and 0 < α < 1.
A contraction is iteratively contractive. If D is a complete metric space, then any
iteratively contractive function has a unique fixed point, that is, there is a unique
x ∈ D such that F (x) = x.

In this section, we study the particular situation, where the functions fk,
k = 1, . . . , B, are all Lipschitz. Let θt,w = (θt, . . . , θt−w+1) ∈ Θw and θ′t,w =
(θ′t, . . . , θ

′
t−w+1) ∈ Θw, t ≥ w.
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Theorem 8 Assume fk is Lipschitz on Θ with constant Ak > 0, such that

∥fk(θ)− fk(θ
′)∥ ≤ Ak∥θ − θ′∥, θ, θ′ ∈ Θ, k ∈ {1, . . . , B}.

Then, for t ≥ 1,
∥θt − θ′t∥ ≤ Ct ∥θw,w − θ′w,w∥max,

and for t ≥ w,
∥θt,w − θ′t,w∥max ≤ Mt ∥θw,w − θ′w,w∥max,

where C1 = . . . = Cw = 1, Mw = 1, and for t ≥ w,

Ct+1 =
1

w

t∑

k=t−w+1

Ab(k+1)Ck, Mt+1 = max{Ct+1, . . . , Ct−w+2}.

Proof The two inequalities are clearly fulfilled with C1 = . . . = Cw = 1 and Mw = 1. Assume
the first inequality holds for all t′, such that t ≥ t′ ≥ 1 for some t ≥ w. Then,

∥θt+1 − θ′t+1∥ =

∥∥∥∥∥∥
1

w

t+1∑

k=t−w+2

fb(k)(θk−1)− fb(k)(θ
′
k−1)

∥∥∥∥∥∥

≤
1

w

t+1∑

k=t−w+2

Ab(k)∥θk−1 − θ′k−1∥

≤
1

w

t∑

k=t−w+1

Ab(k+1)Ck∥θw,w − θ′w,w∥max

= Ct+1∥θw,w − θ′w,w∥max.

Therefore, for t ≥ w,

∥θt+1,w − θ′t+1,w∥max ≤ max
i=0,...,w−1

∥θt+1−i − θ′t+1−i∥

≤ max{Ct+1, . . . , Ct−w+2}∥θw,w − θ′w,w∥max

= Mt+1∥θw,w − θ′w,w∥max,

and the proof is completed. □

The individual constants Ak, k = 1, . . . , B, might depend on the data, xk, but
not on the data xℓ, ℓ ̸= k, from other blocks. Hence, if xk, k ≥ 1, forms a
sequence of independent random variables, then one might choose Ak, k ≥ 1, to be a
sequence of independent random variables as well. Contrary to this, Mt depends on
At, . . . , At−2w+1, so potentially also on xt, . . . , xt−2w+1, that is, 2w values.

Theorem 9 Assume as in Theorem 8. If there exists i ≥ 1, such that Mw+iB < 1, then

Mk+i′B ≤ δkα
i′B , i′ ≥ 0,

for some 0 < α < 1, δk > 0, and k = 1, . . . , B. Consequently, Sk,B is iteratively contractive,
and θk+i′B → θ∗k for i′ → ∞ and some θ∗k ∈ Θ.
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Proof Since C1 = . . . = Cw = 1, Mw = 1 and Mw+iB < 1, then by definition of Mk, we have
Mw+miB ≤ (Mw+iB)

m → 0 as m → ∞. Let S = max(1, supk=1,...,B Dk), where

Dk =
1

w

w−1∑

i=0

Ab(k−i), k = 1, . . . , B,

is the average of the w preceding Ais. If Mw+miB = max{Cw+miB , . . . , C1+miB} ≤ ϵ, then

Cw+1+miB ≤ ϵS and by induction Mw+j+miB ≤ ϵSj ≤ ϵSiB , j = 0, . . . , iB − 1. Hence, for
m ≥ 0, with ϵ = (Mw+iB)

m,

Mw+j+miB ≤ (Mw+iB)
mSiB =

SiB

(Mw+iB)j/(iB)
((Mw+iB)

1/(iB))j+miB

≤
SiB

Mw+iB
((Mw+iB)

1/(iB))j+miB .

Any k+ i′B with i′ ∈ N0, k = w,w+1, . . . , B+w−1, can be written as j+miB by choosing
j ∈ {0, 1, . . . , iB − 1} and m ∈ N0 appropriately. Hence, this leads to

Mk+i′B ≤ δkα
i′B , i′ ≥ 0, δk =

SiBαk−w

Mw+iB
, α = (Mw+iB)

1/(iB),

for k = w,w + 1, . . . , B + w − 1, with δk > 0 and 0 < α < 1. By changing the constant δk
appropriately, one might choose k to run from k = 1 to k = B. Lemma 5 gives the convergence
part and the proof is completed. □

5.3 Convergence for B = ∞

In many contexts, the amount of data is huge and we might treat B as being infinite.
If so, for practical and theoretical reasons, one might consider whether convergence
occurs in some sense after a single round of iteration, or at least to a reasonable degree.

The case B < ∞ is quite different from the case B = ∞. In the former case,
the algorithm repeatedly returns to the same block and convergence of the algorithm
depends on the finite data at hand. In contrast, in the case B = ∞, each block is
visited only once and the probabilistic nature of the (infinite) data becomes important,
as we expect to see the data xk in frequency proportional to its probability.

We will lean on theory for random function iteration, see [7] for an extensive review
and [5] for the setting we apply. This setting extends the standard set-up with iid
random functions to the non-iid case that fits the non-independence introduced by
averaging across windows and using the estimate of the previous block as set-off for the
estimate of the current block. Specifically, we will apply a theorem from [5], quoting
[9, 10] for its origin, and formulated here according to our needs. Consider

θk+tw,w = (θk+tw, . . . , θk+tw−1, θk+(t−1)w+1), t ≥ 0,

for fixed k ∈ {1, . . . , w} as a random process depending on the data (and random
initial parameter values). Note that θk+tw,w is a w-tuple and one time step has the size
of one window. In our context, the iterated function is Sk,w that depends on the data:

(θk+tw,w, xk+(t+1)w,2w) 7→ Sk,w(θk+tw,w) = θk+(t+1)w,w,

20



where xk+(t+1)w,2w = (xk+(t+1)w,w, xk+tw,w). In the terminology of [5], the first w-
tuple of xk+(t+1)w,2w is called the covariate process (as function of t) and the second,
the noise process (as function of t). All coordinates of xk+(t+1)w,2w, except its last
coordinate, is used to compute θk+(t+1)w,w from θk+tw,w.

In random function iteration theory, one is typically interested in the forward
iteration and the backward iteration, respectively, that is,

Sk,tw(ζ) = Sk+(t−1)w,w ◦ . . . ◦ Sk+2w,w ◦ Sk+w,w ◦ Sk,w(ζ), ζ ∈ Θw, and

Tk,tw(ζ) = Sk,w ◦ Sk+w,w ◦ Sk+2w,w ◦ . . . ◦ Sk+(t−1)w,w(ζ), ζ ∈ Θw,

respectively. The equality of the forward iteration follows from (8), whereas the equal-
ity of the backward iteration is a definition. The forward iteration is the t-block update
for the window ending at block k, and the backward iteration is similar, however,
here we consider the data laid out differently from right to left. See Table 1 for an
illustration.

By laying out the data in the backward iteration way, we obtain from Theorem 10
below (under the conditions of the theorem) that

θk+tw,w = Tk,tw(θk,w) → Tk,∞ P -a.s. for t→ ∞, Tk,∞ ∼ T∞,

for k = 1, . . . , w, where θk,w ∈ Θw are arbitrary initial values. In other words, for large
enough t, the estimate θk+tw,w stabilises to a value Tk,∞ ∈ Θw, which is independent
of the initial value. Furthermore, Tk,∞ has a distribution that is independent of k. In
turn, the sequence θk, k = 1, 2, . . ., obeys the law of large numbers,

θ(B) =
1

B

B∑

k=1

θk =
1

B

w∑

k=1

∑

i∈Ak(B)

θk+iw → E(T∞), Ak(B) = {i : k + iw ≤ B},

as B → ∞. Thus, one might apply θ(B) as an estimate of the parameter θ ∈ Θ. Alter-
natively, one might estimate the distribution of T∞ from the empirical distribution of
θt, and use this as an estimate of θ. The distribution of T∞ depends on w.

5.4 Theorem 10 and convergence

Assume Sk,w is Lipschitz with constant Lk,w, and that

E(log(Lk,w)) <∞, E(log(∥ζ, Sk,w(ζ)∥max) <∞ (9)

(though both might be −∞) for some ζ ∈ Θw, where the expectation is over all data
realisations. The following theorem is an extract from [5, Theorem 1], see also [9]. In
the following ergodic is short for mean ergodic. The Lipschitz constant Lk,w might be
obtained from those of fℓ, ℓ = k, . . . , k+w−1, by multiplication Lk,w = Ak · · ·Ak+w−1,
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Forward iteration
Block 1 2 3 . . . k − 1 k k + 1
Data before adding block k + 1 x1 x2 x3 . . . xk−1 xk

Data after adding block k + 1 x1 x2 x3 . . . xk−1 xk xk+1

Backward iteration
Block 1 2 3 . . . k − 1 k k + 1
Data before adding block k + 1 xk xk−1 xk−2 . . . x2 x1

Data after adding block k + 1 xk+1 xk xk−1 . . . x3 x2 x1

Table 1 In the perspective of the forward iteration (here illustrated with w = 1), we
consider blocks and data added to the right, until there are B blocks (and then we let
B → ∞). In the perspective of the backward iteration, blocks are still added to the
right, but the data is shifted once to the right at each addition and the new data point is
added at block 1. We consider convergence of θk as k → ∞. For the backward iteration,
we have convergence P -a.s. (under regularity conditions) as θk and θk+1 differ in data
points ‘many blocks away’ for large k. In contrast, for the forward iteration, the best we
can achieve is convergence in distribution.

Theorem 10 Assume the process xk+tw, t ≥ 0, is stationary and ergodic, and that (9)
is fulfilled. Assume E(log(Lk,w)) < 0, that is, Sk,w is on average a contraction. Then, for
k = 1, . . . , w,

• Tk,∞ = limt→∞ Tk,tw(ζ) exists P -a.s. and does not depend on ζ ∈ Θw,
• There is a random function T∞, such that Tk,∞ ∼ T∞ and E(∥T∞∥max) <∞,
• Sk,tw(ζ) converges in distribution to T∞ as t→ ∞, and Sk,w(T∞) ∼ T∞,
• The process Sℓ,tw(T∞), t ≥ 0, is stationary and ergodic.

Proof If the data xk+tw,w, t ≥ 0, forms a stationary process, then the random functions
Sk+tw,w, t ≥ 0, have identical distribution, independent of t, and form a stationary process
as well. The Lipschitz constant Lk,tw of the forward iteration Sk,tw, t ≥ 1, is bounded by
Lk,wLk+w,w · · ·Lk+(t−1)w,w, hence

1

t
E(log(Lk,tw)) ≤

1

t
E(log(Lk,wLk+w,w · · ·Lk+(t−1)w,w))

=
1

t

t−1∑

i=0

E(log(Lk+iw,w)) = E(log(Lk,w)) < 0.

The claim of the theorem is now part of [5, Theorem 1]. □

The condition (∗) E(Ak) ≤ 1− ϵ for all k implies E(Lk,w) ≤ 1− ϵ and by Jensen’s
inequality that E(log(Lk,w)) ≤ log(1 − ϵ) < 0. Hence, the Lipschitz condition of
Theorem 10 is fulfilled. The condition (∗) itself has strong implications for convergence.

Lemma 11 Assume as in Lemma 8 and that E(Ak) ≤ 1 − ϵ for all k ≥ 1 and some ϵ > 0
(but not necessarily Ak ≤ 1). If Ak, k ≥ 1, are independent, then for i ≥ 0 and 1 ≤ n ≤ w,

E(Cwi+n) ≤ (1− ϵ)i, 0 < wi+ n ≤ w(i+ 1),

and for θw,w, θ
′
w,w ∈ Θw, we have

E(∥θt,w − θ′t,w∥max) ≤ w(1− ϵ)⌊(t−1)/w⌋ ∥θw,w − θ′w,w∥max.
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The initial parameter vectors, θw,w and θ′w,w, are considered fixed.

Proof According to Lemma 8, we have C1 = . . . = Cw = 1, and for t ≥ w,

Ct+1 =
1

w

t∑

k=t−w+1

Ab(k+1)Ck.

For the induction basis with i = 0 and n = 1, . . . , w, E(Cn) = 1 ≤ (1 − ϵ)0. Assume the
induction hypothesis holds for all i′, n′ such that wi+ n ≥ wi′ + n′ > 0. If n < w, then

E(Cwi+n+1) =
1

w

wi+n∑

k=w(i−1)+n+1

E(Ak+1)E(Ck) ≤ (1− ϵ)(1− ϵ)i−1 = (1− ϵ)i,

where independence of Ak+1 and Ck is used, and that n+ 1 ≤ w. If n = w, then

E(Cwi+n+1) = E(Cw(i+1)+1) =
1

w

w(i+1)∑

k=wi+1

E(Ak+1)E(Ck) ≤ (1− ϵ)(1− ϵ)i = (1− ϵ)i+1.

The last statement is a consequence of Lemma 8 and the first result. □
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Appendix A Mixture of Gaussian distributions

See Figure A1.

Appendix B Concavity

A function F = (F1, . . . , Fk) : C → R
k defined on a convex set C ⊆ R

n is said to be
concave if each coordinate function Fi, i = 1, . . . , k, is concave. As a consequence, we
have

F (tx+ (1− t)y) ≥ tF (x) + (1− t)F (y), x, y ∈ C, t ∈ (0, 1),

where the inequality is taken component-wise.
The function F : C → R

k is said to be non-decreasing if each coordinate function
Fi, i = 1, . . . , k, is non-decreasing in each coordinate xi, i = 1, . . . , n, x = (x1, . . . , xn).
Equivalently,

if x ≥ y, then Fi(x) ≥ Fi(y), i = 1, . . . , k, and hence, F (x) ≥ F (y).
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Lemma 12 Let G : C → C′ and F : C′ → R
k be two functions, where C ⊆ R

n and C′ ⊆ R
m

are convex sets. Consider H = F ◦ G : C → R
n. Assume F is concave and non-decreasing,

and G is concave. Then, H is concave.

Proof In principle, it follows from [2, p86]. However, the reference requires the extended
function of F to be non-decreasing, which we do not (and are not willing to) assume. Since, in
our set-up, C,C′ are convex sets, G(C) ⊆ C′ and the domain of F is C′, we do not encounter
the problems of the general set-up.

The proof is adapted from [2, p86]. Assume x, y ∈ C and 0 ≤ a ≤ 1. Since C is convex,
we conclude that ax+ (1− a)y ∈ C, hence from concavity of G, we have

G(ax+ (1− a)y) ≥ aG(x) + (1− a)G(y), (B1)

where the inequality is component-wise. Since G(x), G(y) ∈ C′ by assumption, we conclude
that aG(x)+(1−a)G(y) ∈ C′ by convexity of C′. Also, G(ax+(1−a)y) ∈ C′ (in the general
set-up, non-decreasingness of the extended function is used to conclude the same).

Using the above conclusions, the fact that F is non-decreasing, and (B1), we get

F ◦G(ax+ (1− a)x2) = F (G(ax1 + (1− a)y))

≥ F (aG(x) + (1− a)G(y))

≥ aF (G(x)) + (1− a)F (G(y))

= aF ◦G(x) + (1− a)F ◦G(y)

where concavity of F is used to derive the last inequality. □
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10 normals with n=100k, 20 blocks, 5 block window
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Fig. 3 Comparison of fitting a mixture of 10 unit variance Gaussian distributions with standard
EM and windowEM from 100000 randomly sampled data points. Both algorithms are run for 500 full
passes over the data (corresponding to iterations for standard EM, or epochs for windowEM). The
final estimates are shown together with the population and complete data MLE at the top. In the
middle panel, the evolution of individual parameter estimates are shown, while the bottom shows the
log-likelihood over iterations (resp. epochs). The individual block estimates are shown, together with
their average taken at the end of each epoch.
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10 normals with n=10k, 20 blocks, 5 block window
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Fig. 4 The same set-up as Figure 3, but fitting n = 104 data points.
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10 normals, n=100k, windowsize = blocks/2
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Fig. 5 Effects of varying window size (for fixed number of blocks) or number of blocks (with window
size a fixed proportion of blocks) when fitting the same scenario as in Figure 3.28



10 normals with n=1000k, 5 blocks, 5 block window
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10 normals with n=1000k, 20 blocks, 5 block window
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Fig. A1 The same set-up as Figure 3 and 4, but fitting n = 106 data points.
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