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Abstract. We consider regression models involving multilayer percep-
trons (MLP) with one hidden layer and a Gaussian noise. The data are
assumed to be generated by a true MLP model and the estimation of
the parameters of the MLP is done by maximizing the likelihood of the
model. When the number of hidden units of the model is over-estimated,
the Fischer information matrix of the model is singular and the asymp-
totic behavior of the LR statistic is unknown or can be divergent if the
set of possible parameter is too large. This paper deals with this case,
and gives the exact asymptotic law of the LR statistic. Namely, if the pa-
rameters of the MLP lie in a suitable compact set, we show that the LR
statistic converges to the maximum of the square of a Gaussian process
indexed by a class of limit score functions.

Key words: Multilayer Perceptron, Likelihood ratio statistic, Donsker
class, Gaussian process

1 Introduction.

Feedforward neural networks are well known and are popular tools to deal with
non-linear statistic models. We can describe MLP as a parametric family of
probability density functions. If the noise of the regression model is Gaussian
then it is well known that the maximum likelihood estimator is equal to the least-
square estimator. Therefore, Gaussian likelihood is the usual assumption when
we consider feedforward neural networks from a statistical viewpoint. White [12]
reviews statistical properties of MLP estimation in detail. However he leaves an
important question pending: the asymptotic behavior of the estimator when an
MLP in use has redundant hidden units and the Fisher information matrix is
singular. Amari et al. [1] give several examples of behavior of the LR statistic in
such cases. Fukumizu [5] shows that, for unbounded parameters, the LR statistic
can have an order lower bounded by O(log(n)) with n the number of observations
instead of the classical convergence property to x? law.

However, a fairly natural assumption is to consider that the parameters
are bounded. Indeed, computer calculations always assume that numbers are
bounded. Moreover a safe practice is to bound the parameters in order to avoid
numerical problems. In such context, different situations can occur. In some
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cases, such as mixture models, the LR statistic is tight and the calculation of
the asymptotic distribution is possible ([9]). In other cases it may occur that even
if the parameters are bounded the likelihood ratio diverges this is for example
the case in hidden Markov models (Gassiat and Keribin ([6]). So the behavior
of likelihood ratio in the case of MLPs with bounded parameters is still an open
question.

In this paper, we derive the distribution of the likelihood ratio if the parame-
ters are in a suitable compact set (i.e. bounded and closed). To obtain this result
we use recent techniques introduced by Dacunha-Castelle and Gassiat [3] and Liu
and Shao [9]. These techniques consist in finding a parameterization separating
the identifiable part and the unidentifiable part of the parameter vector, then
we can obtain an asymptotic development of the likelihood of the model which
allows us to show that a set of generalized score functions is a Donsker class and
to find the asymptotic distribution of the LR statistic. The paper is organized
as follows. In section 2 we state the model and the main assumptions. Section 3
presents our main theorem and explains its meaning with a brief summary and
a statement of significance of this work in the conclusion. Finally, we prove the
theorem in the appendix.

2 The model.

We consider the model of regression for 1 € IN™:
Y = Fpo(Xi) + ¢, (1)

where X; € R are observed exogenous variables and Y; € IR is the variable to
explain. The data (Y;, X;) are assumed to be generated by this true model. The
noise (g;);cy- is a sequence of independent and identically distributed (i.i.d.)
N (0, 0?) variables.

2.1 The regression function.

Let x = (z1,---,24)" € R be the vector of inputs and

w; = (W, - ,wid)T € R? be paramater vector of the hidden unit . The MLP
function with £ hidden units can be written :

k

. _ kx(d+2)+1
Wlthe—(ﬁuah"'7a7€7b17'"7b/€7w107"'7w1d7"'7wk07"'7wkd)CR ( )

the parameters of the model. The transfer function ¢ will be assumed bounded
and three times derivable. We assume also that the first, second and third deriva-
tives of the transfer function ¢: gb,, (;5” and (bm are bounded. In order to simplify
the presentation, we assume that the variance of the noise o2 is known. Note
that it is assumed that the true model (1) is included in the considered set of pa-
rameter ©. Let us define the true number of hidden units as the smallest integer
k0 so that §° = (ﬁo, ag,- - ,ago,b?, R bgo,w?, R wgo) exists with Fyo equal to
the true regression function of model (1).
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2.2 Parameterization of the model.

Let us write ||.|| for the Euclidean norm. Let us consider the variable Z; = (X;, Y;)
where X; and Y; follow the probability law induced by the model (1). We assume
that the law of X; will be g(z)A\g(z) with \g the Lebesgue measure on IR and
q(z) > 0 for all z € IR® The likelihood of the observation z := (z,y) for
a parameter vector § = (5,a1,--+,ak,b1, -, b, w11, -, Wid, -, wrq) will be

written:
1

fe(z) = We_#(y—Fe(m))zq(x) ' (3)

Let n > 0 be a small constant and M a huge constant, the set of possible
parameters will be

@k = {0: (650415'"aakvblv"'7bk;w107"'awldv"'aka;"'awkd)a
V1 <i <k |lwill = n,llail = nand [[0] < M} .

Constraints on the parameter set. The constraint ||w;|| > n is introduced in order
to avoid the hidden unit from being constant like the bias (3, instead of being
a function of . The constraint |a;|| > n forces the parameters of the hidden
units to converge to one of the parameter vector w]Q,j € {1,---,k%} when they
maximize the likelihood. Finally, with the constraint ||f|| < M, the parameters
are bounded and the set O compact. Note that these constraints are very easy
to set in practice.

The true density of the observation will be denoted f(z) := fgo(z). The main
goal of the parametric statistic is to give an estimation of the true parameter
Oy thanks to the observations (z1, -, z,). This can be done by maximizing the
log-likelihood function :

In(0) = Z log fo(zi) - (4)

The parameter vectors 6,, realizing the maximum will be called Maximum Like-
lihood Estimator (MLE). However,the MLE belongs to a non-null dimension
submanifold if the number of hidden units is overestimated. In the next section
we will study the behavior of supgcg, > i 10g fo(z:) —log f(z;), where k > k°,
which is the key point to guess the true architecture of the MLP model.

3 Asymptotic distribution of the LR statistic.

We will use the abbreviation Pg = [ gdP for an integrable function g and a
measure P. We will define the L?(P) norm as ||g|l = 1/Pg? and the map
2:L*(P) — L*(P) as 2(g) = W if g # 0. The maximum of the log-likelihood
will be denoted :

X = sup » log fo(z:) — log f(z:) - (5)

0€Oy, i—=1
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Finally, let us note

kU
ez = (v | 0+ Yol +ulTn) | | (6)
=1

For what follows, we will assume the properties:

H-1: The parameters of Oy realizing the true regression function Fy, lie in the
interior of ©y.

H-2 : Let k be an integer greater or equal to k° and d(w,b;) be the indicator
function of the parameters (w;,b;). The model is identifiable in the weak
following sense:

K° k
Fpo = Fy & ﬁo = ﬁ and Z a?é(w?7b?) = Z aié(wi,bi) . (7)
i=1 =1

Note that, it is possible that some new constraint on the parameters have to
be set to fulfill this assumption. For example, if the transfer function is the
hyperbolic tangent (or any odd function), the constraints on the parameters
a; will be : a; > 7, in order to avoid a symmetry on the sign (because
tanh(—t) = — tanh(t)).

H-3 : E(|| X]|°) < .

H-4 : the functions of the set

( s Ijxl(b (wz T+ z) 1<1<j<d, 1<i<kO
" T ! T
0" ()" + Wiz, (250 (w? w4 10))

(6 @z +60)) o (o@dw+10)

(30" @+ 1))

1<j<d, 1<i<ko
1<j<d, 1<i<ko

1<i<kO 1<i<kO
are linearly independent in the Hilbert space L?(gA\g).
We get then the following result:

Theorem 1. Under the assumptions H-1, H-2, H-3 an H-4, a centered Gaus-
sian process {Ws, S € F¥} with continuous sample path and covariance kernel
P (Wg,Ws,) = P(5152) exists so that

lim 2XF = sup (max(Ws,0))” . (8)

n—oe SeFk
The index set F* is defined as F* = U F¥, the union runs over any possible
t=(tg, - tyo) € NFF with 0 =t < t; < -+ < tyo < k and
K° T

Fk = {.Q (”ye(z) + Y eie(z)p(wd” z + b))

KO " (20T 0\ (T
+ Zi%o e(2)¢ (wi” @+ b)(G @ + ai)

k 1" T . ti T T 2
+ 30 e(2)s9(a)0” (w? x4 89) (86) (L4, sy vt 2a vl 4+ mt T2+ ?) )
Vs €1yt €0, Oyttt OO, Ty s, M0 € R ;
Cl;"'a(koa V{v"'vyfko € RdJrl}a
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where e(z) is defined by (6), (i) =1 if a vector q ezists so that:

t; t; ti .
Ej:ti—l"l‘l qg; =1, Ej:ti,l-i-l \ /qjl/]t- =0 and Ej:ti—l"l‘l Vain; = 0, otherwise
6(¢) = 0. The function sg is defined by sg(z) =1 if x > 0 and sg(x) = —1 if
x < 0.

This theorem is proved in the appendix. Note that this theorem prove that the
LR statistic is tight so penalized likelihood like BIC yields a consistent method
to identify the minimal architecture of the true model, practical applications of
such method can be found, for example, in Mangeas [8].

4 Conclusion.

We have computed the asymptotic distribution of the LR statistic for paramet-
ric MLP regression. Note that the assumption H-4 can be proved for sigmoidal
transfert function by using a method similar to Fukumizu [4]. So this theo-
rem can be applied to the most widely used transfer functions for MLP.Finally,
the limiting distribution uses the framework proposed by Dacunha-Castelle and
Gassiat [3]. It is known that the convergence to the limit is very slow, but this
theorem shows that the LR statistic is tight, so information criteria such as the
Bayesian information criteria (BIC) will be consistent in the sense that they will
select the model with the true dimension k° with probability 1, as the number of
observations goes to infinite. This is the main practical application of the results
obtained in this paper.

5 Appendix: Proof of Theorem 1.

Let s¢(z) be the generalized score function defined by

ﬁ(z)—l
S z::fi. 9
A T T K ®)

Firstly, we will get an asymptotic development of the generalized score when the
model is over-parameterized. We will reparameterize the model using the same
method as Liu and Shao [9] for the mixture models.

5.1 Reparameterization.

If f—fg —1=0, we have 8 = 3" and a vector t = (£;)1<;<jo exists so that 0 = ¢y <

t; < -+ < tpo <k and, up to permutations, we have wy, , 11 = -+ = wy, = w),

_ _ _ 10 i _ .0 _ ti 0

by, y41 ="+ =by, =10, Zj:ti—l‘i’l a; = a;. Let us define s; = Zj:ti,lJrl a; —a;
TARK , e g, — aj ti _ Wi

and, if > ;' | a; # 0, let us write ¢; = ST I j1a; =0, ¢ wil

ti—1+1

be set to 0. We get then the reparameterization 6 = ($;, ;) with

t

@0 = (B, (w0 (0)2 (501 ) s = (@) - (10)
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With this parameterization, for a fixed ¢, @, is an identifiable parameter and all
the non-identifiability of the model will be in ;. Namely, f—]f(z) will be equal to

&0 t;
emzv(iza;? (yi (ﬁ+z_7 (si+ag) Ej*t 141 99 (wj e

B G o T

0 _

gzstO_ 0 0 0 0 0 0 0

(67w17...,w17...7wko,...7wk07b1,...,b17...,bk0,.. bk(), 7...70)'
—_——— —_——— —— ﬁ—/H,—/

2
)
) ) So £2(z) =1 if and only if

t1 tro —tro_1 t1 tro —tro_1 k0

Now, the third derivative of the transfer function is bounded and a constant C
exists so that we have the following inequalities:

D3Fp(X)

91'79'59 bv"'vba PR
V6;,0;,6; € {b1 k> W11 Wkd } sup ||89 20,00,

| <C+X]P) . (11)

So, thanks to the assumption H-3, the third order derivative of the function jj" (2)
with respect to the components of ®@; will be dominated by a square integrable
function. Then, by the Taylor formula with an integral remainder around the
identifiable parameter @9, we get the following expansion for the likelihood ratio:

Lemma 1. For a fized t, let us write D(Py, 1) := ||% —1||2. In the neigh-
borhood of the identifiable parameter @9, the following approzimation is true:

%z) = 1+(@=B) flg0 ) ()H05(@—D)T [0 ) (2)(@—B))+0(D(Pr, 141)),
with

(1 = B Figg g () = €(2) (8 = 0+ T o (wd ")

+Y0 123 s @ (wy = wd)" wale (w4 bY)

+ Ez 1 E] =t;_1+1495 (b b?) Q?Qb, (w?TI + b?))
and

(P — ¢0)Tf” ()P — BY) =

(1 e )) (@t O)Tf(léo,wt (Z)f(;o " )T(Z)@t - Q’O))

+e(z) x (zl VS 5wy — w) T (w; — w?)a%¢” (wd T x + BY)
FEE = u) e, =16 (4 )
S sy = 626 (T + )

+Zfol Zzl tioq+1 qj(wj —w))™ x31¢ (w £C+bo)
a4y~ 8)sig (T bO)) .

The development, obtained by a straightforward calculation of the derivatives
of f—]f(z) with respect to the components of @; up to the second order.
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Now, the convergence to a Gaussian process will be derived from the Donsker
property of the set of generalized score functions S = {s¢(z),0 € O}. Let an
e-bracket [I,u] be a set of function h with [ < h < u with

P(l — u)? < e. The bracketing number N (¢, S, L? (fAq+1)) is the minimum
number of e-brackets needed to cover S. The entropy with bracketing is the
logarithm of the bracketing number. It is well known (Van der Vaart [11]) that
the class of functions S will be Donsker if its entropy with bracketing grows with
a slower order than %2. A sufficient condition for Donsker property is then that
the bracketing number grows as a polynomial function of %

5.2 Polynomial bound for the growth of bracketing number.

Let us write D(0) := Hj(—]f) — 1|2, for all £ > 0, the set of parameters can be
divided in two sets: S, and Sy with

Se = {0 € O so that D(0) > ¢} and Sy = {6 € O so that D(9) < &}.

For 0, and A3 belonging to S., we get:

foq foq foq foy foo foy
-1 F! _ || 7 ! 7 ! 7 !
Hfa;_ H oy _ oy _ oy _ oy _ o _
! 2 112 2 2 2 ! 2 112
Joo 4 Tos Too 4 foa 4
7 7 7 _ 7
< \\1r7 7 7 7
01 _ 10y 01 _ T0g
71 ‘ 71 ‘ 71 ‘
2 2112 2 2 112
fo, _foy fo, _foy
7T T 7
< 2 <2 2.
- f91 — £
&
2
s . foy foy g2
Hence, on S¢, it is sufficient that F-FI.<T for
: I ll2
fo foo
f f
— < €.
foq fo,
7oL 7 1
2 : 21lg

Now, S is a parametric class. Since the derivatives of the transfer functions are
bounded and E||X|| < oo a function m(z) exists , with E[m(z)] < oo, so that

fo
6]‘

8—91(2) <m(z).

VO, € {B,a1,- -, ap, w0, -, Wid, -+, Wkd }

According to the example 19.7 of Van der Vaart [11], a constant K exists so that
the bracketing number of S, is lower than

K (dlan;@k ) kX(d+2)+1
9

= ; (12)

(\/m> k><(2d+4)+2

€



8 Asymptotic law of likelihood ratio

where diam®y, is the diameter of the smallest sphere of R including ©y.
For 6 belonging to So, folz) _ 1 is the sum of a linear combination of

V(z) := (e(z), (e(z)x]xl(b (w? x—i—bo))
((2)$J¢ (w? x+b0))1<]<d 1<i<ko’

(c2)” @ 10)) —(ee)ayd ul e +1))

1<i<kO
(e(z)gb/ (w?"z + bg)) : (e(z)¢(ngx + bg))

1<1<j<d, 1<i<k®’
<i
(2 1<j<d, 1<i<k0’

1<i<kO0 1<i<kO0

and of a term whose L? (f)\441) norm is negligible compared to the L2 (fAgy1)
norm of this combination when € goes to 0. By assumption H-4, a strictly positive
number m exists so that for any vector of norm 1 with components
C= (Ca Ciy e ’Ckox d(d+1) 7d15 e adkoxdaela cr, €R0,
2
fl;' "afkoxdvglv" 'agkoahla' "ahko)

and ¢ sufficiently small:
1CTV (2)|]2 >m +¢ .

Hf[f —12
CTV(2) +o(|CTV(2)]}2)
[CTV (2) + o(|CTV (2)ll2)]l2

Sp belongs to the set of functions:

1 1
{07V e +o. D1 < 2} < {DTVE) + Dl < bl < 1,

can be written:

Since any function

. . KO x (4t 4 og
whose bracketing number is smaller or equal to O (l) X( 2 +? +3) 2

This proves that the bracketing number of S is polynomial, hence S is a
Donsker class.

5.3 Asymptotic index set.

Since the class of generalized score functions S is a Donsker class the theorem
follows from theorem 3.1 of Gassiat [7] or theorem 3.1 of Liu and Shao [9].
Following these authors, the set of limit score functions F¥ is defined as the set
of functions d so that one can find a sequence g, := for,0; € Oy satistying

z 1

l2 — 0 and ||d — sg,]]2 — 0, where s,, = % Note that, for a

particular sequence of maximum likelihood estimators (Hn)neN, the partition of
0

the indices t = (to, -, tp) € IN® 1 can depend on n, but (6"),en will be the

union of converging sub-sequences belonging the set of limit score functions.

Let us define the two principal behaviors for the sequences g,, which influence
the form of functions d :

|qnf
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— If the second order term is negligible behind the first one :

fop
f

— If the second order term is not negligible compared to the first one :

(2) = 1= (B} = ) (g0 ) (2) + (DB, W) -

fen ’
Tk(z) -1= @Z - QO)Tf((p?)wg)(z)—i—

0.5(8 — B f{y e (2)(Pf — B9) + o(D(&], 0)
In the first case, each sequence g, is the finite union of convergent subsequences

gr(n) and for each subsequence a set t = (tg, -+, tx0) € INK'+1 (with 0 = ¢p <
t; <--- <tpo < k) exists so that the limit functions d of sy, (,,) will be:

K° T
Di = {”ye(z) + Y eie(z)p(wd” z + b))
K° ’ T
+3 i oe(2)o (wd” @ + b)) (QTJJ + ozl-) ,
Yy €1y €R0, AL, Qg0 € R ; Clu"'ucko € Rd+1} .
In the second case, each sequence g, is the finite union of convergent subse-
quences g (n) and for each subsequence, an index 7 exists so that :

ti ti

Y glw—w))=0and Y g¢(b;—uwf)=0,

j=ti—1+1 j=ti_1+1

otherwise the second order term will be negligible compared to the first one, so

ZI \/q_jx\/q_j(wj—w?)20and Z \/q_jx\/q—j(bj—w?):

j=ti—1+1 Jj=ti—1+1

Hence, aset t = (tg, -, tx0) € NF exists, with 0 =tp < t1 < --- <tpo <k
so that the set of functions d will be:

2 (re() + Tl cie(2)9 (uf o+ 80) + S e(2)¢ (T w + 00)((T'w + )
+ Zil e(2)sg(ad)g” (wl x +b9) (5(1) (E;i:ti,lﬂ V;_Tx:pTI/; + njyjt.Tx + 77;2)))

Vs €15t €R0, ALyttt R0, M)yttt TR0 EIRa
t t d+1
Clu"'uCkOuylv"'vytkgE]R }7

where 6(7) = 1if a vector q exists with Z;i:tFﬁl g; = land E;i:tFlH NZES
0 and E;i:ti—l"l‘l V@m; = 0, otherwise (i) = 0. So, the limit functions d will
belong to F¥.

Conversely, for € L?(Ag11), let d be an element of F*:

d= 2 (ve(=) + Ly cie(2)p(u? Tz +80) + L g e(2)¢ (0w + 1) (¢F + o)
+ 0 e(2)sg(a)e” (a4 89) (00) (Shy,_, 1 vt aa vt 4wt a4 nt?)) )
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As functions d belong to the Hilbert sphere, one of their components is not

equal to 0. Let us assume that this component is 7, but the proof would be
similar with any other component. The norm of d is 1, so any component of d is

determined by the ratio: <, -, %7720.
Then, we can chose 0} = (67, a},---,a},wy, -, wy, by, --,b}) so that:
i€ {1, k0} s Y e
Vie{l,-- K0} : Y, L quﬁ (wp —u?) "= 1¢,
Vie {1, k% 0 YL, e (b — b)) = Ly,
Vie{l,- - tpo} : ﬁnfgf’ (w? —w)) "= %I/j,
Ve {L ot} ¢ i (b — ) T Ly

since Oy, contains a neighborhood of the parameters realizing the true regression
function Fyo. A
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