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Abstract - Since the discovery of the SOMs by T. Kohonen, many results have been found
in order to get a better description of their behaviour. Most of them are very convincing but
from a mathematical point of view, only a few are actually proved. In this paper, we make
a review of some results that are still to be proved and give some framework to formulate
various questions.
Key words - Magnification factor, grid equilibrium, topology preservation, limit
theorems

1

Introduction

This paper is an opportunity to review the mathematical results established about the now
classical Kohonen algorithm. While the applications of the Self Organizing Maps (SOM)
are numerous, only a few results is available. Moreover most of them are concerned with
the one-dimensionnal case which is a very particular framework far from the applications.
Nevertheless a mathematical study is needed for at least two goals. The ﬁrst one is to
actually prove observed facts, which could lead to a better knowledge of the behaviour of the
algorithm. The second one is to better understand what is the Self Organization in order to
propose some possible new algorithms based on this knowledge.
This paper is self-organized as it follows: we begin with some analytical results which are
well-known but require a more rigourous proof. Then we look at the convergence of the
learning algorithm. We shortly describe what is proved, which is very few with respect to
what is needed and used for the applications. At this stage, the question of “what is the
organization” is discussed. After these somewhat theoretical aspects, we investigate some
more statistical problems.

2
2.1

Analytical Results
Magnification factor

We begin with one of the most discussed topic in the framework of the quantization and
more recently of the SOM: the magniﬁcation factor. This is the fact that, when the units
are equally weighted, then the simplest reconstructed distribution is biaised. If we denote
(n)
(n)
by x(n) = (x1 , ...xn ) the values of the n units minimizing the square-distortion in the
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quantization problem (or 0-neighbour Kohonen algorithm) the simplest reconstruction of the
data distribution is given by :
1
δx(n) , n ≥ 1
n
i
n

µnx(n) :=

i=1

and µnx(n) weakly converges when n goes to ∞, to the distribution
d

∞

µ

f d+2 (ξ)

:= 

dξ

d

Rd

f d+2 (u) du

d
.
if the data distribution has a p.d.f. f over Rd . The magniﬁcation factor is α = d+2
The same phenomenon occurs in the SOM case as mentionned by T. Kohonen in 1982 ([7]).
Of course the more eﬀective reconstruction which is given by (see [6])

µ(Ci (x(n) ))δx(n)
µ
nx(n) :=
i

1≤i≤n

(n)

avoids this problem, where Ci (x(n)) is the Voronoı̈ tessel of xi . It is easily seen that µ
nx(n)
weakly converges towards µ = f (ξ)dξ. Moreover one can prove that the ”on line” estimation
of the µ-mass of Ci (x(n)) a.s. converges to the true value.
Reconstruction of data distribution
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Fig 1. The p.d.f. reconstruction: with µnx(n) in red (light gray) and with µ
nx(n) in green (dark
gray). The true f is superposed to the red curve.
So our opinion is that this phenomenon is a purely theoretical question, but it needs some
mathematical treatment to be established in the SOM case.
Ritter & Schulten ([11]), Ritter ([10]) have given an asymptotic expansion (when n goes to
∞) of α) in the 1-dimensional case with the k nearest neighbours function,
α∼

1
2
−
.
2
3 3(k + (k + 1)2 )
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(n)

To obtain this expansion, a very strong asumption is needed: xi
derivable function with respect to the ”discrete” variable i.
Thus two facts are to be proved:

is asymptotically a twice

1. to justify the asymptotic expansion we need the existence of a smooth map g: u ∈
[0, 1] −→ xu = g(u), which is the limiting value (for uniform convergence) of g (n):
(n)
i
for i = 1, . . . , n.
n −→ xi
nx(n) we have to prove that:
2. to connect µnx(n) and µ



(n)
1−α (n)

(xi )
sup n µ(Ci (x )) − f
1≤i≤n

2.2


 n→+∞
f (u) du −→ 0.
α

Rd

Grid equilibrium

The next problem is concerned with a well-known fact illustrated as follows
The grid equilibrium is stable, case U[0, 1]2
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Fig 2. The equilibrium obtained for a 8 neighbours function is a product grid equilibrium.
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Fig 3. The equilibrium obtained for a 4 neighbours function is not a grid (see the corners).
If we denote by h the mean ﬁeld of the SOM, with a neighbourhood function σ, the stability
of an equilibrium point depends on the eigenvalues of the following gradient (see [5]):



∂hi
=
σ(i, k)µ(Ck (x))δij ei +
(σ(i, k) − σ(i, j))
(xli − ω l )
∂xj
C̄k (x)∩C̄j (x)
k=j∈I

k∈I


×


xk + xj
1
1 kj
n +
(
− ω) f (ω)λkj
x (dω),
2 x
xk − xi 
2
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where λkj
x (dω) is the Lebesgue measure on the border of the Voronoı̈ tessel between xi and
xj (the median hyperplan).
The three following results are still unproved:
1. In the case of the uniform distribution over [0, 1]2 with a 8-neighbours square grid, the
product grid equilibrium is stable.
2. More generally in the case of uniform distribution over [0, 1]d with a 2d -neighbours
”square” grid, the product grid equilibrium is stable.
3. It generalizes to the case of product of symmetric distributions.
The ﬁgures 4 and 5 give two examples of observed stable grid equilibria for product of
symmetric (non uniform) distributions, when the neighbourhood function is the 8 neighbours
function.
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Fig 4.The equilibrium obtained for a 8 neighbours function with a product of two troncated
gaussians.
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Fig 5. The equilibrium obtained for a 8 neighbours function with the product of symmetric
distribution of ﬁg 1 by itself.

2.3

Uniqueness

To end this section we mention the question of the uniqueness in dimension one. The best
available result is (see [1]):
Theorem 1 Assume that the neigbourhood function σ satisfies Hσ : for some k0  n−1
2 ,
it holds σ(k0+1 ) < σ(k0 ). Then if µ has a density f which is positive on ]0, 1[ and strictly
Log-concave, or if f is Log-concave and f (0+ ) + f (1− ) > 0, there exists only one equilibrium
point and it is stable.
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This includes the case of uniform, gaussian, exponential distributions but not χ2 and power
distributions. However in the case of quantization, it remains true for these distributions (see
[4]).
Hence the last open analytical problem we mention, is quite fuzzy: How to extend uniqueness
results ?

3

Convergence of the Algorithm

We begin by the simplest case which reduces to the one-dimensional ordering. There are
two frameworks: the constant and the decreasing step frameworks.

3.1

Constant learning step εt = ε

Theorem 2 (see [2, 3])Let T be the ordering time, there exists λ > 0 such that:
∀x ∈ [0, 1]n ,

Ex eλT < c < +∞.

Theorem 3 (see [1]) Assume that the conditions for the existence and uniqueness of a stable
equilibrium x∗ are satisfied, and that the initial state is ordered. For any 0 < ε ≤ ε0 < 1
there exists at least an invariant probability measure π ε . Let (π ε, ε ≤ ε0 ) a family of such
invariant distributions, then we have for the weak convergence of probability measures:
lim π ε = δx∗ .

ε→0

3.2

Decreasing learning step εt

Theorem 4 (see [3]) Assume the conditions for the existence and uniqueness of a stable equithe Kohonen algorithm converges
librium x∗ are satisfied, then fromany ordered initial
 state,
2
εt+1 < ∞.
to this equilibrium provided that
εt+1 = ∞ and
In view of applications (the one dimensional case is of course only a test case) it would be
nice to prove that:
There exists some sequence εt > 0 with limit 0, such that T is a.s. ﬁnite and the algorithm converges towards x∗ in probability.
Obviously we have some guidelines to handle a possible proof: ﬁrst we can use the existence
of the Laplace transform of T to ﬁnd a decreasing sequence leading to ordering, and then
follow the proof of convergence of simulated annealing based on the existence of invariant
measures at constant temperature concentrating on the set of global minima, to show that
the algorithm concentrates on x∗ .

3.3

Multi-dimensional case, constant learning step

A more diﬃcult framework is the multidimensional case. The main result is by Sadeghi ([12])
First we assume that σ(i, i) = 1 and that for i = j, σ(i, j) < 1, and we consider a constant
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learning step ε. The probability distribution has a positive p.d.f. on a compact set with a
non empty interior. We deﬁne the distance in variation between two probability measures on
Rd P et Q by: P − Q = supA⊂Rd |P (A) − Q(A)|. Then we have the following result:
Theorem 5 Assume that:
• There exists a set I0 = ∅ such that there exists at least one k0 for which σ(k0 , j) =
0, ∀j ∈ I0 .
• If i = k0 then there exists j ∈ I0 such that σ(i, j) > 0.
Then the SOM algorithm X t weakly converges, with a uniform geometric rate: let Pxt the
distribution of X t when X 0 = x, there exists a unique stationnary probability distribution π ε
such that
∃Rε ∈ R+ , ∃rε , 0 < rε < 1, Ptx − π ε ≤ Rε rtε .
Of course this is a very general result, but it does not give any information on the nature
of the stationary distribution. The tools used to prove it, come from the general theory of
continuous space Markov chains. Indeed, as noticed by Bouton-Pagès ([2]), the Kohonen
algorithm is not a Feller Markov chain. Yet it is a so-called T-chain as proved by Sadeghi.
Some natural further questions are:
1. Which cases ensure the tightness of π ε when ε → 0?
2. In these cases, how is made a limiting value π 0 ?
3. Can we choose a decreasing sequence εt in order to have a convergence in probability?

4

Topology Preservation

We believe that to get rigourous results, the topology preservation must not be considered
as a discrete notion.
Considering two metric spaces (X, d) and (T, D), it is natural to say that an application
W : X −→ T is topology preserving if W is an homeomorphism (bicontinuous) on its image
W (X).
In the case where X and T are compact manifolds of the same dimension in Euclidean spaces
E and F , then we may assume that W −1 is deﬁned on T.
1
,
Let σ be a neighbourhood function deﬁning the topology of E (for instance σ(x, y) = ad(x,y)+1
but there are inﬁnitely many choices) and µ a probability on T. We can deﬁne a continuous
organized map considering a limit when the number of units n goes to ∞. Assuming that µ
has a p.d.f. f , thanks to the cost function associated to the SOM, which here is well-deﬁned,
such a continuous organized map would minimize:

C(W ) =

X2

σ(x, y) W (x) − W (y)2T |JW (y)| f (W (y))dydx
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where dx is the Lebesgue measure on X, .T is the geodesic distance on T, W is a one to
one C 1 function and JW its Jacobian.
So what could be a topology preserving Self Organized Map? It would only be deﬁned in
the limit n → ∞ (n number of units): let W n (ik ), k = 1, .., n the map obtained with n
units (according to σ). Then we interpolate W n (x) on the Voronoı̈ tesselation deﬁned by
the W n (ik ). If it could be proved that this family of functions is uniformly continuous, then
limiting values would exist. Choosing W ∞ such a limiting point of (W n , n ≥ n0 ), we may
adress the question of topology preservation: is W ∞ ”topology preserving”, that means is
W ∞ an homeomorphism ? Does W ∞ minimizes the cost function C.

5

Statistical Point of View

When dealing with real data, we only observe a (large) sample of size N . If we assume for
sake of simplicity that it behaves like a family of i.i.d. random variables, we may hope to
apply the Law of Large Numbers and some asymptotic normality result.
We begin with the L.G.N. and the a.s. convergence. We assume that the data set is the realization of i.i.d. random variables {ω1 , ·, ωN }, with common distribution µ. In the case of the
∗
quantization (0-neighbour) Pollard ([8]) has proved an a.s. convergence
n theorem. Let x (N ) 2
∗
the value of the best n-quantizer for the N -data set (x (N ) = argmin i=1 min1≤j≤p ωi − xj  ).
Let x∗ be the best n-quantizer for distribution µ.
When N is large, the quantizer x∗ (N ) is an approximation of x∗ . We have the following
result
Theorem 6 Law of large numbers
Assume the uniqueness of x∗ , then x∗ (N ) −→ x∗

a.s. n → ∞

The asymptotic normality also holds thanks to some additional asumptions. Pollard ([9])
proved the following central limit theorem:
Theorem 7 Central limit theorem
Assume the uniqueness of x∗ and x∗ (N ), assume that µ has a continuous density f (x) dominated by some integrable function g(x), then: limn→∞ n1/2 (x∗ (N ) − x∗ ) =L N (0, Σ)
The matrix Σ is supposed to be positive, which is satisﬁed here.
We may reasonably hope to prove the same results when dealing with the SOM. But there
is a main diﬃculty: in the case of SOM, x∗ does not realize the minimum of a simple cost
function. So that a direct extension ot the Pollard proofs is not possible. As for most of
the mathematical treatments of the Kohonen SOM, the general theorems do not apply and
a speciﬁc study is needed ...

6

Conclusion

In this short paper, we have reviewed some mathematical questions that would be of interest
to answer. We have selected those which were the clearest to formulate and may be the
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easiest to prove. It remains a lot of questions which are waiting for some light. For instance,
everybody prefers to obtain the actual quantizers, but still preserve a topological organization. The way to do it is very simple: one begins the Kohonen algorithm with a strong
neighbourhood function and then relaxes this function until it reaches the 0-neighbour function. What is the speed of relaxation to get a ”good” SOM and quantizer has no theoretical
answer at this time. Even a study of the one-dimensional SOM would give some good hints
on the way to proceed in larger applications.
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