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We consider a parameter estimation problem by observation from a mixture with a finite
number of components. Finite mixture models have a deep history, part of which can be read
in the works [1] and [2]. Mixture models are used for sociological, medical and biological data
description. There exist parametric and non-parametric models of mixtures. In study 3| a
non-parametric minimax approach was applied to a finite mixture model with applications to
DNA microarray data analysis.

We assume that each observed subject O belongs to one of M different mixture components
pm, m = 1, M. The sample contains n subjects Oy, ..., O,. Let k; = m iif O; € pp,. The true
kj are unknown, but one knowns the mixing probabilities

mo__

These mixing probabilities are used to to build minimax weights A, = (agn);"::%?

P,(PTP,)~!, where P, = (p;”);":linM and these weights are used to build various statistical
models like regression models.

The D-dimensional vector of observed variables of O will be denoted by £(0O) =
(£1<O)7 "'>€D(O))T> & = 5(03>

Let F'™ be distribution of £(O) for O € pyy,

M
F(4) = PIE(0) € A0 € po}, and Pig; € A} = 3 prFim(A).
m=1
for all Borel A C RP.
In many problems, mixing probabilities are not observed, but they can be replaced by
surrogates. In this work we are building such kind of mixing probabilities surrogate and assume
their dependency on vector of parameters a. So,

(a00) " = A(e) = o) (Paler ()

j=Ln

where P,(a) = (p;(a));zl%[ is a mixing probability matrix. The value p}(a) represents the
probability that the j-th element belongs to the component ¢ given the parameters «. This
vector a should be estimated.

In this talk we consider a differentiable upper bound function framework for the estimation
of the parameter o and demonstrate it on classic and well known problem of mean value
estimation with MVC [4] and KNN clustering |5, p. 509]. Let’s remind a KNN clustering loss
function, where M is a fixed number of clusters, and Sy is a set of cluster k and elements x are

from sample Z,, = (&1, ..., &):

M
LoSSppy = Z Z |2 — ||

k=1 z€Sg
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KNN clusterizer is fit by minimizing Lossg,, over all sample splits into M clusters. Usually
i, 1 < k <nis mean value inside cluster Sg.

Now we use the MVC model and replace Lossy,, by its analogue. The idea is to fit mixing
probabilities parameters by minimizing this loss function:

M

Loss,(0.) = 30 D@l — .

k=1 i=1

This function has no lower bound and might obtain any negative value. That is why we
consider a different loss function:

M
1
Lossbound(&7u) = E )\2 Oé) E pz Hgl ukH2)27
k=1

k k=1 i=1

where A, () are eigenvalues of the matrix P,(a)? P, («).
It can be shown that
‘LOSSG,(a? M)’ S LOSSbound(av ,u)v

and minimization problem for Lossppuna(c, i) is much easier, especially for regression models
with a large number of unknown parameters « inside mixing function P, ().
As a result, we will have following parameter estimators:

Za 637 (/ll(a)v"wﬂM(a))

and surrogate mixing probabilities estimator for the parameter « is defined as

& = arg min LosSpouna(a, fi(a))
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