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A DYNAMICAL SYSTEM APPROACH TO STOCHASTIC
APPROXIMATIONS*
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Abstract. It is known that some problems of almost sure convergence for stochastic approxi-
mation processes can be analyzed via an ordinary differential equation (ODE) obtained by suitable
averaging. The goal of this paper is to show that the asymptotic behavior of such a process can be
related to the asymptotic behavior of the ODE without any particular assumption concerning the
dynamics of this ODE. The main results are as follows: a) The limit sets of trajectory solutions to the
stochastic approximation recursion are, under classical assumptions, almost surely nonempty com-
pact connected sets invariant under the flow of the ODE and contained in its set of chain-recurrence.
b) If the gain parameter goes to zero at a uitable rate depending on the expansion rate of the ODE,
any trajectory solution to the recursion is almost surely asymptotic to a forward trajectory solution
to the ODE.
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Introduction. The classical theory of stochastic approximations, born with the
papers of Robbins and Monro (1951) and Kiefer and Wolfowitz (1952), concerns the
study of stochastic algorithms whose general form can be written as

(1) wn+ -w, =%H(wn,n),

where H Rm Rd -+ R" is a measurable function that characterizes the algorithm,
(Wn}>0 E Rm is the sequence of parameters to be recursively updated, {n}n>0 E Rd

is a sequence of random inputs where H(wn,) is observable, and (%}n>0 is a
sequence of "small" nonnegative scalar gains.

At each time step, the vector is a new observation that causes wn to be updated
to take new information into account. The gain sequence (%}n>0 can be chosen to
be constant or decreasing. In this paper we restrict attention to algorithms with
decreasing gain sequence. More precisely, we shall always assume that {%}n>0 is a
decreasing sequence of positive numbers which satisfies the classical relations

lim % 0

and

% +x.
n>0

To analyze the asymptotic behavior of the algorithm (1) it is convenient to intro-
duce the averaged ordinary differential equation (ODE)

dw
(2) d-- H(w),
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where

H(w) nlim E(H(w, n)

and E(.) denotes the mathematical expectation.
This method, called the method of ordinary differential equation, was introduced

by Ljung (1977) and Kushner and Clark (1978) and widely studied thereafter. It has
inspired a number of important works, such as the book by Kushner and Clark (1978),
numerous articles by Kushner, and, more recently, the book by Benveniste, Mtivier,
and Priouret (1990). The main idea of the method is to describe the asymptotic
behavior of the algorithm in terms of the behavior of the ODE. For stochastic algo-
rithms having a decreasing gain sequence, the classical result stating the relationship
between the algorithm (1) and the ODE (2) has the following form"

Let w. be a stable equilibrium for the ODE. If {/}n>_0 goes to zero
at a suitable rate and if the sequence {Wn}n>_O enters infinitely often
a compact subset of the domain of attraction of w., then {Wn},_>0
converges almost surely toward w.

This kind of result has been obtained by Ljung (1977); Kushner and Clark (1978);
Mtivier and Priouret (1984, 1987); Benveniste, Mtivier, and Priouret (1990); and
Kuan and White (1992), among others, under fairly general conditions. It relies the
asymptotic behavior of the algorithm with a strong notion of recurrence for the ODE:
the notion of fixed point.

With increasing interest in artificial neural networks and due to some limitations
of the standard backpropagation algorithm, "heuristic" learning rules for feedforward
neural networks have been recently proposed and experimentally studied. The ODE
associated with these algorithms is not given by a gradient vectorfield (as is the case
for backpropagation), and the classical convergence results on stochastic gradient
algorithms cannot be successfully applied. The consideration of these algorithms led
us to formulate the following problem:

Without any particular assumption on the dynamics of H, is it again
possible to describe the asymptotic behavior of (1) in terms of the
asymptotic behavior of (2)?

The main goal of this paper is to address this question.
In 1 and 2 we relate the behavior of the algorithm to a weak notion of recurrence

for the ODE" the notion of chain recurrence. We state a theorem which asserts that
under the assumptions of the Kushner and Clark lemma (1978) the limit sets of the
trajectory solutions to (1) are nonempty compact connected sets invariant under the
flow of the ODE and contained in its set of chain-recurrence.

This result shows that the limit sets of (1) look like the omega limit sets of (2),
and we ask the question of their exact relationship. We address this question in 5.
It is shown that it may happen that the limit set of a trajectory solution to (1) never
coincides with an omega limit set of (2), but that it always does if the gain parameter
goes to zero at a suitable rate depending on the vectorfield H. Our approach, in
this section, is essentially based on "shadowing" results recently proved by Morris W.
Hirsch together with Lq estimates of the distance between the trajectory solutions to
(1) and (2).

In 8 we apply the results of 1-5 to prove some convergence theorems for the
neural network learning algorithms mentioned above.

Main theorems are proved in 4 and 7. Several applications are considered in

3 and 6.
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1. A deterministic theorem. In order to introduce the main result of this
section we begin with a few notations and classical definitions from dynamical systems.

Notation and definitions. Let F be a topological space and R F F be
a continous map denoted by O(t,x) Or(x). The family {Ot}tt is called a flow on
F if it satisfies the group property

O0 Identity,

V(t, s) E R:, Ot o O Ot+s.
Let H denote a continous vectorfield defined on R" with unique integral curves. The
flow of H is the family of mappings defined on F R" by

d
d-() H(()).

A set X is said to be invariant (respectively, positively invariant) under the flow
if for all t E R, Or(X) c Z (respectively, for all t _> 0). In this case we let

denote the restricted flow (respectively, semiflow).
A point x is an equilibrium if Or(X) x for all t R. When is induced by the

vectorfield H, equilibria coincide with zeros of H. A point x is a periodic point if there
exists T > 0 such that OT(X) x. Equilibria and periodic points are clearly recurrent
points. In general, we may say that a point is recurrent if it somehow returns near
where it was under time evolution.

A notion of recurrence related to slightly perturbed orbits is the notion of chain
recurrence. Suppose F is a metric space with a metric d. Let > 0 and T > 0. A
point x is said to be (5, T) recurrent if there exist an integer k, some points yi in F,
and numbers ti, 0 _< _< k- 1, such that

t >_ T; d(yo, x) < 5; d(Ot(y), Y+I) < 5 for i-0,...,k- 1; x Yk.

Intuitively (5, T) recurrent points are points that one would take to be periodic if the
position of points were only known with a finite accuracy 5. If x is (5, T) recurrent
for any 5 > 0 and T > 0, x is said to be chain-recurrent. We denote by CR(O) the
set of chain-recurrent points. If is induced by the vectorfield H, we may also use
the notation CR(H) for CR(O). The set CR(O) has the property to be closed and
invariant.

A subset X c F is said internally chain-recurrent if X is a nonempty compact
invariant set of which every point is chain-recurrent for the restricted flow OIX (i.e.,
CR(OlX X).

For example, if F is compact, Conley (1978) proved that CR(O) is internally
chain-recurrent.

The sets which describe the asymptotic behavior of the orbits of the flow are
the omega limit sets. The omega limit set of w F, denoted by w(w), is the set of
x F such that limk--. Otk (w) x for some sequence tk > 0 with limk tk
If the forward trajectory {Ot(w);t >_ 0} has compact closure, w(w) is a nonempty
compact connected set internally chain-recurrent. The alpha limit set c(w) of w is
defined as the omega limit set of w for the reversed flow {O_t}t_>0.

To recapitulate, if we note Per(O) the set of periodic points (including the equi-
libria) and +(O) [-Jer w(w), the following inclusions hold:

Per(G) C +(0) C CR(O).
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FIG. 1.

EXAMPLE 1.1. Consider the flow on the unit circle S R/2-Z induced by the
differential equation

where f is a 2r-periodic smooth nonnegative function such that

f-l(0)-- {kTr" k e Z}.

See Fig. 1.
We have

Per(O) {0, ’} +()

and

CR(ffp) S1.

Internally chain-recurrent sets are {0}, {r}, and S1. Note that the set X [0, r]
is a compact invariant set consisting of chain-recurrent points. However, X is not
internally chain-recurrent.

A deterministic theorem. To describe the asymptotic behavior of the algo-
rithm (1) we introduce the limit set of the sequence {Wn}n>_o. We denote this limit
set by L({wn}n>_O). it is the set of x R" such that limk_. w, x for some
subsequence (n}k_>0 with limk- nk

The following theorem is a deterministic result that will be applied in 2 to show
that the limit sets of the trajectories solutions to the algorithm (1) have basically the
same properties as the omega limit sets of the trajectories solution to the ODE (2).
The assumptions A1, A2, and A3 of this theorem are the assumptions of the Kushner
and Clark lemma (1978).

We use the following notation:

7"00
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n--1

We let I1.11 denote a norm on Rm.
THEOREM 1.2. Let H Rm Rm be a continuous vectorfield with unique

integral curves. Let {wn}n_>0 be solution to the recursion

(3) Wn+l -Wn /n(H(wn) + tn2c-bn),

where {Yn}n_>0 is a decreasing gain sequence. Assume that
A1) {W}n_>0 is bounded.
A2) lim-_+o bn 0.
A3) For each T > O,

lim / sup
n (:x:) k O

_
T 7"n

_
T}

i "Ui

Then L({w}n>0) is a connected set internally chain-recurrent for the flow induced
by H.

The next theorem shows that Theorem 1.2 gives the best result that can be
expected under the Kushner and Clark assumptions. It justifies the fact that the
chain recurrence is a notion well suited to the description of the asymptotic behavior
of(l).

Assume given a locally Lipschitz vectorfield H R" Rm and a decreasing gain
sequence {y}n_>O.

THEOREM 1.3. Let L C Rm be a connected set internally chain-recurrent for the
flow induced by H. There exist sequences {b}>_0, {Un}_>o, and {Wn}n_>0 such that

(a) Conditions A1, A2, and A3 of Theorem 1.2 are satisfied.
(b) The sequence {wn}_>0 is the solution to (3) and admits L as a limit set.
Theorem 1.3 follows easily from the following proposition (see Benaim and Hirsch

(1995b)).
PROPOSITION 1.4. Let L C R" be a connected set internally chain-recurrent for

the flow induced by H. There exists a continuous function u" R+ - Rm and a point
wo E R" such that

(a) limt--,oo u(t) O.
(b) The solution to the nonautonomous system

dw
d-- H(w) + u(t)

with initial condition w(O) wo is bounded and admits L as a limit set.
To prove Theorem 1.3 we let Wn w(’) and Un u(T), where w(.) and u(.)

are the functions of Proposition 1.4. Then we have

Wn+ Wn "n(-(Wn -- ttn --and Theorem 1.3 follows from Proposition 1.4.
REMARK 1.5. Throughout this paper the process {Wn}n>_O will be assumed to be

bounded. Several conditions ensuring that this assumption is fulfilled are discussed
in the literature on stochastic approximations. They usually rely on the existence of
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some convergent supermartingale for the process (1) (see, e.g., Theorem 5.2, chapter
2, of gevel’son and Has’minskii (1974) or Theorem 8 of Fort and Pages (1994)).

In the spirit of this section, we give a simple condition which is purely determin-
istic.

PROPOSITION 1.6. Assume that H is globally Lipschitz. Assume the existence of
a function V" Rm -- R+ uniformly continuous such that

(i) limllxll_ Y(x) .
(ii) There exist positive numbers 5, r, and T such that

Vx e Rm, Ilxll r V(OT(X)) V(x) -6.

Then conditions A2 and A3 of Theorem 1.2 imply condition A1.
The proof of this result follows easily from Lemma 4.4 and is left to the reader.
Note that if V is smooth, condition (ii) holds if the following more easily checked

condition is satisfied: there exists 5’ > 0 such that for all ]]x]] _> r

{VV(x), <

where V denotes the gradient.

2. Limit sets of stochastic approximation processes. In this section, we
assume that {n}n_0 is & sequence of Rd-valued random variables defined on a prob-
ability space (,9, P). We note $’, the a field generated by {; n _< _< rn} for
rn >_ n. For q E [1, ] we let ]].]lq denote the Lq(t) norm for random variables
(llXIIq E(]IX[I) 1/q) and II.]1 the L()norm ([IXII esssupIIXII).

In applications of Theorem 1.2 to the stochastic approximation (1) one may choose

H(w) lim E(H(w, n)),
n---(x)

and

Un H(wn, n) J H(wn, )#n(d),

bn H(Wn, )#(d) H(wn),

where Pn is the distribution of n. Then we try to verify assumptions A2 and A3 by
use of some regularity properties of H and maximal inequalities for sum of random
variables. Let us mention two examples.

Independent inputs. The first example is a classical Robbins-Monro algorithm
in which the observations are assumed to be independent and identically distributed.
This yields a simple martingale access to condition A3 as in Gladyshev (1965) and
Hall and Heyde (1980).

We let M denote a given subset of Rm (not necessarily compact).
PROPOSITION 2.1. Let {Wn}n>_O be the solution to (1). Assume that

A1) {n}n>0 is a sequence of independent and identically distributed random
variables.
A2) P({wn}n>_O is bounded)= 1 and P(Vn e N, Wn e M) 1.
A3) w H H(w)= E(H(w,o)) is continuous with a unique flow.

There exists q >_ 2 such that
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A4) w IlH(w,0)llq is bounded on M.
Ah) 1+q/2n=o% <

Then the conclusions of Theorem 1.2 hold with probability one.

Proof. To see that, we let bn 0 and un H(wn, n)---(Wn). Then E(un/f
0. For q 2, sumptions A4 and A5 imply 7.]]u] < +, and condition A3
of Theorem 1.2 is a direct consequence of the L2-bounded martingale convergence
theorem. For q > 2, it follows from a result of Mtivier and Priouret (1987, Cor. 11).
(See also Benveniste, Mtivier, and Priouret (1990, Cor. 8, p. 297).) Note that in this
ce the sequence {%.un)no is not necessarily convergent.

Mixing inputs. The following example extends this result to situations in which
the observable inputs are nonindependent and nonstationary random variables which
satisfy a strong mixing condition. Such situations arise naturally in some applica-
tions of feedforward neural networks forecasting, prediction of time series, or chaos
modelling.

Here our approach is motivated by the work of Kuan and White (1992), who have
proved some convergence results for stochastic approximation procedures by using
the theory of mixingales developed by McLeish (1975). Conditions A1-A6 can be
compared with conditions of Kuan and White’s theorems (Thm. 2.2.1 and Cors. 2.2.3
and 2.3.5). The condition A6 gives a generalization which allows a gain parameter
of the order of with < 1. The price for this is a strengthening of the boundness
condition.

For n 0, m 0 define

Cn,m sup P(B/A) P(B) I,

Oln,m sup
{AE’ B’+’

P(B A) P(B)P(A) I,

Cm sup Cn,m,
n>O

Om sup an,m.
n>_0

We shall say that the process (n}n>0 is mixing (respectively, c mixing) if
limn. Cn 0 (respectively, limn-.o an 0). Observe, however, that this condition
is a weakening of the classical mixing (respectively, c mixing) definition (see, for
instance, Billingsley (1968, 20, p. 166)). It would be the same if +’’+m were replaced
by +oJzn+m. This weaker definition is motivated by our use of McLeish’s results (1975).

PROPOSITION 2.2. Let (wn}n>o be the solution to (1). Assume that
A1) (n},>0 is a mixing (respectively, c mixing) process.
A2) (wn},>o is bounded with probability one.
A3)g(w)= limn__.ocE(H(w,)) exists.
A4) There exists a measurable function k(.) such that

Vx, y e RmlIH(x, ) H(y, )]1 <- k()]lx Y]I"

There exists r E [2, c] such that



444 MICHEL BENAIM

Ah) The map w H supn>0 IIH(w,)ll is bounded on any bounded set and

SUPn>_0
A6) (Lr case). If r < x3, Cn O(--) for some > (respectively,n
n 0() for some > ) and

n0

A6’) (L case). If r c, Cn 0(-)for some > 1/2 (respectively,
an O(A) for some > 1) and

’vl+q/2 <in

-’0

for some q E [2, 2 + 1[.
Then the conclusions of Theorem 1.2 hold with probability one.

The proof of this result is given in the appendix (9).
In view of the fact that the assumptions of Theorem 1.2 are the assumptions of

the Kushner and Clark lemma, several other examples of application can be found in
the literature. We refer the reader to the book by Kushner and Clark (1978, Chap. II)
for such examples. In the case where the input process {n}n>0 is a Markov process
or, more generally, a Markov process controlled by the parameter w, condition A3
of Theorem 1.2 can be derived from the analysis provided in the articles by Ljung
(1977) and M6tivier and Priouret (1987, Cor. 11) (see also Benveniste, Mdtivier, and
Priouret (1990, Cor. 8, p. 297)).

3. Applications. In this section we give a few examples to illustrate how results
of 1 and 2 can be used to describe the global asymptotic behavior of stochastic
approximation processes.

In the remainder of this section H is a vectorfield on Rm with unique integral
curves. The sequence {wn}n>0 denotes either a deterministic sequence solution to
(3) under assumptions of Theorem 1.2 or a random sequence solution to (1) under
assumptions of Proposition 2.1 or 2.2. In this last case, all the properties stated below
have to be understood as "almost sure" properties.

Local behavior. First, note that Theorem 1.2 generalizes the classical result
mentioned in the introduction.

An equilibrium w* of H is said asymptotically stable if there exists an open neigh-
borhood U of w* such that

lim (t(w) w*

uniformly in w E U. The domain of attraction of w* is the set of all points whose
forward trajectories are attracted by w*.

PROPOSITION 3.1. Let w* be an asymptotically stable equilibrium of H. Assume
that {Wn}n>_O enters infinitely often a compact subset--say, Q--of the domain of
attraction of w*. Then

lim wn w*.
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Proof. According to Theorem 1.2, L({wn}n>0) f3 Q is nonempty and is contained
in CR(-)NQ. On the other hand, it is not difficult to show that CR(-)NQ {w* }.
Thus {w*} L({Wn}n>_o)NQ and, as L({wn}n>_O) is connected, L({wn}_>0) {w*}.

Gradientlike systems. Let (I) be a flow on a metric space F and A c F be an
invariant set.

A Co map V F R is said to be a Lyapunov function for A if for all x E F the
function t E R+ V(((x)) is constant for x A and strictly decreasing for x A.

If A equals the equilibria set, V is called a strict Lyapunov function and (I) is
called a gradientlike system.

PROPOSITION 3.2. Assume that F is compact. Let A c F be a compact invariant
set and V F - R a Lyapounov function for A. Assume that the cardinal of V(A) is
finite. Then

CR( ) c A.

COROLLARY 3.3. Assume that H admits a strict Lyapunov function and isolated
equilibria. Then {w,}>0 converges toward an equilibrium.

Proof. We apply Proposition 3.2 to the flow induced by H on F L({w}n>0). It
follows from Theorem 1.2 that L({w,}>_0) consists of equilibria. As it is a connected
set and equilibria are isolated, L({w,}n>0) is an equilibrium. El

REMARK 3.4. Note that Corollary 3.3 applies to stochastic gradient algorithms
for which H is the gradient of a cost function C" R" - R,

H(w) VC(w).

In 8 we will give another application of Proposition 3.2 to a class of learning
processes which are not given by a stochastic gradient.

Proof of Proposition 3.2. Let V(A) {Vl,..., Vl}, Vl < v2 < < Vl. Choose
real numbers v, v,..., v such that vl < v < v2 <". < v_l < v < v, and define
Ms {x e F/V(x) <_ v}.

Let As A N V-(vs); As is the largest invariant set contained in Ms- Ms-1.
Indeed, let A C Ms- Ms- be an invariant set and let x A. By a standard theorem
on Lyapunov functions, a(x)U w(x) C h. So Y(a(x)) Y(w(x)) vs, and as V is
strictly decreasing along any trajectory outside A, x is necessarily in

Let T > 0. By compactness of the sets Mj, there exists e > 0 such that

Vx e <

Pick ti > 0 such that

V(x, y) e F x F, d(x, y) <_ 1 V(x) V(y) < .
It follows that any (,T) chain {y0, Yl,... ,Yk} (i.e.,
T) with Yo Mj is included in Mj. Therefore, the set CRj CR(O) (Mj Mj-1)
is invariant. Hence, CRj c Aj and CR(O) C A.

This follows, for example, from Proposition 3.10.
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(a) el (b)

e2

e.

e

FIG. 2. (a) A one-equilibrium cycle. (b) A three-equilibrium cycle.

No-cycle systems. Let be a flow on a metric space F. We say that has
simple dynamics if for every x E F the alpha and omega limit sets of x are equilibria.
This means that every backward and forward trajectory converges toward an equilib-
rium. If is induced by the vectorfield H, we say that H has simple dynamics if OIL
has simple dynamics for each compact invariant set L C Rm.

For a flow with simple dynamics, we say that the equilibrium el goes to the
equilibrium e2 if there exists a nonequilibrium orbit 7 C F such that a(7) el and
w(7) e2.7 is called a connecting orbit. To indicate that el goes to e2, we write
el e2. To indicate that 7 is the connecting orbit from el to e2, we write 7 el -,z e2.

A cycle of equilibria is an union

n

u u)
j=l

consisting of equilibria ej, j 1,..., n, and connecting orbits 7j, J 1,..., n, such
that

(i) 7j ej--z ey+l, j 1,...,n- 1.
(ii) 7n’e el.
REMARK 3.5. A cycle of equilibria is connected internally chain-recurrent (Fig. 2).
PROPOSITION 3.6. Assume that F is compact and has a finite number of

equilibria, simple dynamics, and no cycle. Then CR(O) is the equilibria set.
COROLLARY 3.7. Assume that H has isolated equilibria, simple dynamics, and

no cycle. Then {wn}n>o converges toward an equilibrium.
Proof. We apply Proposition 3.6 to the flow induced by H on F L({wn}>0)

and conclude exactly as in the proof of Corollary 3.3. rl

Fort and Pagbs (1994) recently proved a result similar to Corollary 3.7 by using
the Kushner and Clark lemma. Systems with cycle of equilibria will be considered in

6.
The notion of simple dynamics and no-cycle property can be extended to non-

convergent situations. Denote by :(O) the union of all alpha and omega limit
sets of . Assume that there exist nonempty compact disjoint invariant subsets
Ay c F, j 1,...,n, such that

n

z:() c A U
j=l

If there exists x 9 A such that a(x) c A1 and w(x) C A2, we write A1 "- A2 and
define cycles among the Aj exactly as in the simple dynamics case.



DYNAMICS OF STOCHASTIC APPROXIMATIONS 447

PROPOSITION 3.8. Assume F is compact and there is no cycle among the Aj.
Then CR(O) c A.

Proof. Let be the topological quotient space obtained by collapsing each Ai to
a point. It is not difficult to check that F is a regular space with a countable basis.
Therefore ^by the Urysohn theorem, is metrizable. Let r denotes the quotient map
7r F F. The flow induces a flow on defined by or roO, which
has simple dynamics, no cycle, and the Aj as equilibria. Therefore, by Proposition
3.6, chain-recurrent points of ( are equilibria. If x E F is chain-recurrent for it
is clear, by definition of chain-recurrence and uniform continuity of r, that r(x) is
chain-recurrent for . Thus CR() c A. D

COROLLARY 3.9. Assume there exist nonempty compact disjoint subsets Aj c
Rm, j 1,..., n, invariant under the flow ofH such that every alpha or omega limit
point belongs to A ]=1A. Assume there is no cycle among the Aj. Then there
exists j e {1,... ,n} such that L({wn}>0) C Aj.

Proof of Proposition 3.6. There are several ways to prove Proposition 3.6.
For example it can be easily deduced from the "filtration theory" exposed in Shub
(1986). Here, for simplicity we decided to deduce it from elementary properties of
chain-recurrent sets. On the other hand these properties are very useful and give a
good understanding of the notion of chain-recurrence.

Let Y C F. The forward trajectory of Y is the set Y. [0, ) ([0, cx) Y)
t > 0; v}.

The omega limit set (respectively, alpha limit set) of Y, denoted by w(Y) (respec-
tively, a(Y)) is defined as the maximal invariant set in clos(Y. [0, )) (respectively,
clos(Y. (-cx, 0])), where "clos" denotes closure.

A nonempty compact invariant set A c X is an attractor if A has an open
neighborhood U in X such that w(U) A or a repeller if a(U) A. An attractor or
repeller is proper provided that it is not open in X.

The following proposition follows from 5 and 6 of Conley (1978, Chap. 2).
PROPOSITION 3.10 (Conley (1978)).
(a) Let N C F be a compact set. Let A c F be the maximal invariant set

contained in N. If A is nonempty and not an attractor, there exists p
ON C F such that the backward orbit 7_(p) c N and a(p) is a nonempty
subset of A.

(b) A internally chain-recurrent set has no proper attractor or repeller.
(c) The chain-recurrent set is internally chain-recurrent.
Let us now prove Proposition 3.6. Let X be a connected component of CR(O).

By assertion (c) of Proposition 3.10, X is internally chain-recurrent. Consider the
flow OlX and let Equ() {e, 1,..., n} denote the equilibria set of .
Since has simple dynamics and no cycle the relation -. induces a partial ordering
on Equ(q2).

Assume e is minimal for this partial ordering. We claim that e is an attractor
for . It follows from assertion (b) of Proposition 3.10 that e is open and closed in
X. Thus X {en}.

It remains to prove that e is an attractor for . Let N be a compact neighbor-
hood of en which separates en from other equilibria. The maximal invariant set in N
is e,; otherwise it would exist a entire orbit disjoint from en inside N. The dynamics
being simple, this orbit would have to connect e to itself. Since we assume that there
is no cycle, this is impossible.

Now we use assertion (a) of Proposition 3.10. If en is not an attractor, there
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exists p E ON with a(p) en, but this contradicts the fact that en is minimal for the
partial ordering -,. E]

Morse-Smale systems. In this subsection we mention briefly an application of
the previous results to a class of stochastic approximation processes and urn models
which have been recently considered by Benaim and Hirsch (1995a). For more details
the reader is referred to that paper.

Assume H is Cr (r _> 1). H is called Morse-Smale if
(i) H has a global compact attractor (i.e., the point at infinity is a source);
(ii) all periodic orbits and equilibria are hyperbolic;
(iii) stable and unstable manifolds of periodic orbits (and equilibria) intersect

only transversely;
(iv) every alpha or omega limit set is a periodic orbit or an equilibrium.

It is known that these conditions imply that there are only finitely many periodic
orbits.

Suppose H is a Morse-Smale vector field. Denote by (H) the union of all
alpha and omega limit sets of H, and by Per(H) the union of all periodic orbits and
equilibria. If H is Morse-Smale, (H) decomposes as

(H) Per(H) A1 IJ... IJ An,

where the A are the distinct hyperbolic periodic orbits and equilibria. On the other
hand, it follows from the transversal condition (iii) that there is no cycle among the
A (see, e.g., Proposition 3.2 of Palis (1969)). Thus, we have the following corollary.

COROLLARY 3.11. Assume H is Morse-Smale. Then L({wn}_>0) is an equilib-
rium or a periodic orbit.

Proof. By Corollary 3.9, L({w}>_0) C A for some i. Since L({wn}n>_O) is
invariant and A is a periodic orbit or an equilibrium, we must have L({w}n_>0)
A. [1

Nonconvergence toward unstable periodic orbits is considered in Benaim and
I-Iirsch (1995a).

Planar systems. For planar systems it is possible to give a complete description
of L({w,},>0). A planar flow is a flow defined on a open subset of R9. The following
theorem is proved in Benaim and Hirsch (1995c).

THEOREM 3.12. Let be a planar flow with isolated equilibria and L be an
internally chain-recurrent set for . Every point x L satisfies one of the following
conditions:

(i) x is an equilibrium.
(ii) x is a periodic point (i.e., x belongs to a periodic orbit).
(iii) There exists a cycle of equilibria in L which contains x.
COROLLARY 3.13. IfH is a planar vectorfield with isolated equilibria, L({wn}n>_O)

is a connected union of equilibria, periodic orbits, and cycles of equilibria.
Using the same kind of result, a Poincar-Bendixson theorem for a class of

stochastic differential equations is given in Benaim (1995b).
4. Proof of Theorem 1.2. We denote by 1A the indicator function of the set

A (i.e., 1A(X) 1 if x e A and 1A(X) 0 if x A).
For any sequence {z}n>0 Rm we denote by Z(.) the function defined for all

t_>0by

Z(t) E Znl[rn’rn+l[ (t)
n>O



DYNAMICS OF STOCHASTIC APPROXIMATIONS 449

and by Z(.) the interpolated process defined for all t >_ 0 by

Z(t) E [(Z+l-Zn). (t-T) +z] l[,n,,+l[(t).
n>0 ")%

With these notations, the recursion satisfied by {Wn}n>_O can be rewritten as

(4) W(t) W(0) -(W(s))ds + U(s)ds + B(s)ds.

Remark that the assumptions A1, A2, and A3 are equivalent to
AI’) {W(t), t >_ 0} is bounded.
A2’) limt-o B(t) O.
A3/) For each T > 0,

U(s)ds =0.
t-cx \he[0,T] dt

The function t H W(t) is uniformly continous. This follows easily from the integral
formula (4) and conditions A11, A2, A3. This can also be deduced from the Kushner
and Clark lemma (1978) (see Theorem 4.5).

We denote by L(W) the limit set of {W(t), t > 0} and let Q denote a compact
subset of R" which contains {W(t), t >_ 0}.

LEMMA 4.1. L({wn}>o) L(W).
Proof. It is clear that L({wn}n>_O) C L(W). Conversely, let

w, lim W(t),

a limit point of W. Define the map m" R+ H N by

re(t) sup{p e _< t}.

One has limt_+(t- Tml) 0 because limn-+ /n 0. The uniform continuity
of W implies limtk_..+cx (7"m(tk)) w*. This proves the lemma. VI

LEMMA 4.2. For all T > O,

lim sup
t--,+o hE[-T,T]

Ilw(t + h) Oh(W(t))]l O.

For convenience, the proof of this lemma is postponed to the end of the section.
COROLLARY 4.3. L({w}>_o) is internally chain-recurrent.
Proof. Since W is continuous and bounded, L(W) is a nonempty compact con-

nected set.
Let us verify that L(W) is invariant under O. Let p E L(W), p limt__. W (ti)

for some sequence ti oe. Let T E R. If T > 0, then

lim d(OT(W(ti)), W(ti + T)) 0

by Lemma 4.2. Therefore g2T(p) limt-,o W(t + T) L(W). If T < 0, the proof
is analogous.

It remains to prove that L(W) is chain-recurrent for the restricted flow b]L(W).
Here we adopt a method used by Robinson (1977) to show that a diffeomorphism on
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a compact manifold is chain-recurrent on the set of chain-recurrence. Recall that
Q c Rm denotes a compact set which contains {W(t), t _> 0}.

Claim 1. Let n E N, T > 0, p L(W). There exists a finite sequence

n. nn <_ ao ak(,

such that, with the notations

w (a?), 0,...,

and

t an n i 0 k(n) 1i+1 ai

the following hold:
and ,p) <(a) d(y,p) <_ d(yk(n) .

(b) T < t <_ 2T, i= 0,...,k(n)- 1.
n(c) d(t (y), y+) _< , 0,..., k(n) 1.

Proof. Let n N. Lemma 4.2 shows that there exists A > 0 such that for any
t > An and for all 0 <_ h <_ 2T, d(Oh(W(t)), W(t + h)) <_ .

n

and thereAs p L(W) there exists a > sup(An, n) such that d(W(a), p) <_ -Writea+T=kT+r wherekNexists T’ > T such that d(W(a + T’), p) _< .
and 0 < r < T. Then define a a + + ), i 0,

Let Cn {y,i 0,... ,k(n)}, where y is defined as in Claim 1. As Cn is a
compact set, we may extract from {Cn}n>0 a subsequence which converges toward a
compact set C for the Haussdorf metric in Q. It is clear that C c L(W).

Claim 2. Let 5 > 0 and T > 0; then p is (5, T) recurrent for the restricted flow
OIL(W).

Proof. By uniform continuity of the flow on Q there exists a > 0 such that
d(x,y) < a implies d(Ot(x), Or(y)) < /3 uniformly in t e [0,2T]. We may always
assume a < /3. Choose n large enough such that 1In _< 5/3 and d(Cn, C) <_ a.
Then we construct a finite sequence Zo,..., Zk(,) C such that d(Z, y) < a for

0,..., k(n). Then

d(Zo,p) < a + 1In <_ ,

and

d(Zk(n) p) - 1In
_ ,

d(Ot,(Z), Z+) < d(Ot?(Z), Ot?(y)) + d(Ct,(y’), yi+) + d(y+, Zi+)

1
<_5/3+-+a<_5.

n
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Proof of Lemma 4.2.

The Lipschitz case. Here we assume that H is locally Lipschitz. We let L(Q)
denote the Lipschitz constant of H on Q and [IHIIQ the uniform norm of U on Q.
The next lemma proves Lemma 4.2 with an estimate. This estimate will be useful to
prove the main result of 5.

LEMMA 4.4. For all T > 0 and all t >_ 0,

sup
he[0,T]

where

e(t,T) sup
{k; O<_’k-’m(t) <_T+l}

k-1

E ")’i.Ui

i--m(t)

+(T+I) [ sup I]bkl]].{k;0 _<’rk --Tin(t) <_T+ }

Proof. We begin with a simple inequality:

VU, V [Tm(t) Tm(t+T)+l (U(s) + B(s))ds <_ 2e(t,T).

To prove (6) we note that for any u >_ T,,(t) there exists a E [0, 1] for which

(V(s) + B(s))ds a (V(s) + B(s))ds + (1 -c)
(t) ’m(t)

(U(s)+B(s))ds.

As for u, v E [T,(t), Tm(t+T)+l [,

(V(s) + B(s))ds (V(s) + B(s))ds + (V(s) + B(s))ds.
(t) (t)

Inequality (6) follows.
According to (4),

]o
h

W(t + h) Oh(W(t)) -(W(t + s))ds -(Os(W(t))ds
t+h

+ (U(s) + B(s))ds.

Let

A(h) IIW(t + h) (I)(w(t))ll.

Equation (7) implies

(8)

fohA(h) <_ L(Q) A(s)ds + II(W(t + s)) -(W(t + s))llds

t+h

+ (U(s) + B(s))ds
,It
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On the other hand, for any h E [0, T]

IIW(t + h)- W(t + h)ll
t+h

[g(W(s)) + U(s) + B(s)]ds

and inequality (6) implies

(9) IIW(t + h) W(t + h)ll < O/m(t+h)ll-llo / 2e(t, T).

From inequalities (8) and (9), we deduce that for any h E [0, T]
h

A(h) <_ L(Q) A(s)ds + 2e(t, T)(1 + TL(Q)) + TL(Q)%(t)IIHIIQ,

and we conclude by using Gronwall’s inequality. 1"1

The non-Lipschitz case. Here we prove Lemma 4.2, assuming only that H is
continous with unique integral curves. The key of the proof is to use the Kushner and
Clark lemma (1978). Let Ws() be the function defined for any s _> 0 by

vt _> -s, w"(t) w(t + s)

and

vt < -s, w’(t) zoo.

The Kushner and Clark lemma is the following.
THEOREM 4.5 (Kushner and Clark (1978)). Under the assumptions A1, A2, and

A3 of Theorem 1.2, {WS(.)}s>o is relatively compact in C(R,Rm) with respect to
the topology of uniform convergence on bounded intervals (i.e., from every sequence
of the set {W (.)}s>o it is possible to select a subsequence which converges uniformly
on bounded intervals), and the limit of each convergent subsequence is the solution to
the ODE.

What we want to prove (i.e., Lemma 4.2) is equivalent to

(10) lim SUphe[-T,T] IIW(h) h(W’(0))ll-- 0

for all T > 0. Let D denote a distance on C(R, Rm) induced by the topology of
uniform convergence on bounded intervals; then (10) can be rewritten as

(11) lim D(WS(.), (. Ws(O)) O.

Let W* be an arbitrary limit point of {WS(.)}s>o By Theorem 4.5 W* is a solution
to the ODE, and by uniqueness of integral curves W* (t) O(t, W* (0)) for all t. Thus,
W* (.) O(., W* (0)). This proves (11).

5. Lq estimates and shadowing. In this section we consider the following
question:

Given {wn}n>_o, a trajectory solution to (1), does there exist a solu-
tion to (2) whose omega limit set is L({wn}n>_o) ?
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Theorem 1.3 shows that (at least under assumptions of Theorem 1.2) the answer is
generally negative since L({wn}n>0) can be an arbitrary internally chain-recurrent
set. However, it is useful to understand what kind of conditions ensure a positive
answer to this question. A case of particular interest in applications is given by the
following problem:

Assume that each solution to (2) converges toward an equilibrium.
Does every solution to (1) converge also toward an equilibrium?

We saw in 3 several examples for which CR(H) is the set of equilibria and the
theorems of 1 and 2 were applied to answer positively. But it may happen that
CR(H) contains nonequilibrium points (see Example 6.3) and further conditions are
required.

We begin with a simple example.
EXAMPLE 5.1. Consider the recursion which is defined in polar coordinates p >_

0, 0 E R/(2rZ) by

Pn+ Pn n(g(Pn) + l[0.5,3](Pn).n),

On+ On --’n

where (n}n>o is a sequence of independently and identically distributed random vari-
ables with uniform distribution on [-1/2, 1/2], /n for some 0 < c

_
1, and

g R+ R is a smooth function which is zero on (0} (J [1, 2], positive on ]0, 1[,
and negative on ]2, (x)). The ODE associated with this recursion is defined by

dp
d-- g(p)’

dO

The phase portrait of this ODE is given by Fig. 3.
We see that any connected internally chain recurrent set of this ODE is either the

equilibrium Ot2 or a cylinder of periodic orbits

Ca,b {p’a _< p _< b} {0 E R/(2rZ)}, 1 <_ a _< b _< 2.

Assume that the initial condition of the process is not OR2. Therefore, according to
Proposition 2.1, the limit set L((wn}n>_o) of the process has to be a cylinder. In fact,
it is not difficult to show that

(a) if c > 1/2, L({wn}n>_o) is almost surely a periodic orbit L({wn}n>_O) Ca,a
for some 1 <_ a <_ 2;

(b) if < 1/2, i({wn}n>o)= C1,2.
The main reason is that the sum n/nn converges for > 1/2, while

lim supZ/nn -lim infZ’nn +
n n

for a < 1/2 (see, e.g., Neveu (1964, p. 138)).
In case (a) L({wn}n>O) is an omega limit set of the ODE. Case (b) gives an

example .for which the asymptotic behavior of (1) is quite different from the asymptotic
behavior of (2).
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FIG. 3.

Expansion rate. In the previous example, the condition c < 1 means, intu-
itively, that the convergence of (’n}n>0 to zero is not fast enough to ensure the
convergence of (w,}n>o toward the omega limit sets of the ODE. We now formalize
this idea and show that, conversely, if (/}>0 goes to zero at a suitable rate depend-
ing on the expansivity of the ODE, then {Wn}n>_O is in some sense asymptotic to a
forward trajectory of (2).

Here we make crucial use of the ideas and methods introduced by Morris W.
Hirsch in a recent paper (1993). The main idea of what follows is to use a shadowing
theorem proved in Hirsch (1993) together with Lq estimates of the error which is made
when (1) is replaced by (2).

To avoid technicalities, we will assume throughout the remainder of this section
that is a C vectorfield on R" with the point at infinity as a source. By oo as a
source we mean that there exists a bounded nonempty open set U c Rm such that
for all w E Rm

lim d((w), clos(U)) 0

and for some T > 0

T(clos(U)) C U.

Let K denote a nonempty compact set positively invariant under the flow of H.
The expansion rate of H in K is defined in Hirsch (1993) (see also Hirsch and Pugh
(1970)). For convenience we introduce it in a logarithmic form:

lexp(- K)= lim [min lg(I](DOt(w))-lll-i) 1t--,+c LwK t

where D’t(w) denote the differential of t at w. The limit exists by subadditivity.
We call lp(H, K) the "log-expansion rate" of H in K. This real number meures
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the expansivity of the dynamical system induced by H. It is zero if the flow is
isometric, positive if the flow has a tendency to be expansive, and negative otherwise.
Let clos((H)) be the closure of all alpha and omega limit points of the trajectories
solution to (2). As we assume that "" is a source, clos((H)) is a compact nonempty
invariant set. We define the "log-expansion rate" of H as

lexp(H) lexp(H, clos(/:(H))).

This definition makes sense and is motivated by the following important property
(Hirsch (1993))" If L is a compact invariant subset of K containing all alpha and
omega limit points in K, then lxp(H, K) lxp(H, L). Some properties of lxp(H)
are given in 6.

A shadowing theorem. Let {an}n>_0 denote a sequence of nonnegative real
numbers.

Define the "log-convergence rate" of {an}_>0 with respect to the time scale -n
-]i=0 "Yi as

l-(a) lim sup
n---+o Tn

Now consider the same recursion as in Theorem 1.2 in a probabilistic framework:

(12) Wn+ Wn nH(w) + /nUn "J- "nbn,

where {’)’n}n_>0 is a decreasing gain sequence, {Un}>0 and {bn}n>_O are two sequences
of R’-valued random variables defined on the probability space (Ft,9r, P), and H
Rm R" is a C vectorfield with cxz as a source.

Recall that [[’llq denotes the Lq() norm. For each T > 0 and each q e [1, +[
let

sup
k ;O<_’k-Tn <_T}

and

{k ;O<_Tk--Tn <_T}

THEOREM 5.2. Let {Wn}n>_O be solution to the recursion (12). Assume that there
exists q >_ 1 such that

A1) E(sup,>0 II{wn},>011 q) < +cxz.
A2) For each T > O,

1.(3q’T) < min(0, lp(-)),

l-(aq’T) < min(O, lexp(-)),

Then

l(-y) < min(0, lp(H)).
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a) there exists a random vector w such that

lim ]lwn (w’)ll 0

almost surely.
b) If there exists a compact Q c R" such that {w,}_>o remains in Q almost
surely (in which case A1 is obviously satisfied), then the following estimate
holds:

REMARK 5.3. Conclusion (a) of Theorem 5.2 implies that L({Wn}>o) w(w’)
almost surely.

As in 2 we apply the previous result to the stochastic approximation (1), where
{n}>0 is a sequence of random variables defined on (f, ’, 79). Maximal inequalities
for sum of random variables reduce condition A2 to a simple condition on l(-). First
of all, note that for any A > 0,

1

If /n f(n) for some positive decreasing function f with fl+ f(s)ds +cx, then

For example, if

log(f(x))
l(7) lim sup

z-+ fl f(s)ds

n log(n)

then lr(7) 0 for 0 < a < 1 and fl > 0, lr(7) -1 for a 1 and fl 0, and
l(/) -c for a 1 and 0 < fl <_ 1.

Independent inputs. As in Proposition 2.1, we let M denote a subset of R".
PROPOSITION 5.4. Let {wn}n>_o be the solution to (1). Assume that

A1) {n}n>0 is a sequence of independent and identically distributed random
variables.
A2) P(VneN, wneM)=l.
A3) w (w) E(H(w,o)) is C with as a source.

There exists q > 2 such that
A4) E(supn>0 I]{w}>011 q) < +c and w IIH(w, o)llq is bounded on M.
A5) lr(7) < 2 min(0, lezp(H)).

Then
a) The conclusion a) of Theorem 5.2 holds.
b) If M is compact, l({[Iw,- OTn(Wt)l]q}n>_O) 1/2/(7).

Proof. Let b= 0 and un H(w=,) H(w,). As already noted, {Un}n>_O is a
martingale difference. For q 2, Doob’s inequality for L2 martingales gives

2,T <_ C(M) E 72
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where C(M) is a positive constant and m(T) is defined by (5). So

(n2’T <_ [C(M)nT]1/2.
Then/-(o2,T) _< 1/21T() and the condition A2 of Theorem 5.2 is satisfied. For q > 2,

m(’n+T)-I ]l+q/2aqn’T < C(M, T) E 7i
i---n

for some constant C(M, T). This inequality is proved, in a more general context, in
Mtivier and Priouret (1987, Prop. 8). Therefore,

cxq#T <_ [C(M, T)T] 71n/2,

and the result follows. [:]

REMARK 5.5. It i8 interesting to note that the condition A5 of Proposition 5.4
is always satisfied for "Yn n log(n)" For 7n nno’ it reduces to the condition

<_
2ge.(H)

Mixing inputs. In the case corresponding to Proposition 2.2, in which the ob-
servations are given by a mixing process, our approach of condition A2 in Theorem
5.2 is based on some kind of uniform maximal inequalities. Unfortunately, these
estimates depend on the dimension of the parameter space and the condition we ob-
tain presents the "curse of dimensiona]ity." Here we shall assume that {{n}n_>0 is
stationary to facilitate the verification of assumption A2 of Theorem 5.2.

PROPOSITION 5.6. Let {Wn}n>_O be the solution to (1). Assume that
A1) {}>_o is a stationary mixin9 (respectively, a miin9) process.
A2) There exists a compact set Q c Rm such that P(Vn >_ O, Wn Q) 1.
A3) H(w) limn_, E(H(w, ,)) exists.
A4) There exists a measurable function k(.) such that

There exists r E [2, oo] such that
A5) The mapw -+ SUPn>0 I[H(w,n)llr is bounded onQ andsupn>o I[k(Cn)l[r <
+oo.
A6) (Lr case). If r < oo, Cn O(n--) for some > (respectively,

O(n4) >
A6’) (L case). If r oo, Cn O(-W)for some > 1/2 (respectively,

O(n ) > 1).
A7) /(7) < 2(m + 1) min(0, lexp(U)).

Then the conclusions of Theorem 5.2 hold with probability one.
The proof is given in appendix (9).
6. Applications. Here again denotes a C vectorfield with a source.

Convergent systems. We say that H is a convergent system if H admits a finite
number of equilibria {el,... ,e} and

(H) {el,..., en}.
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Equivalently, this means that the flow induced by H on Sm R’tJ {oo} (the com-
pactification of R") has simple dynamics and finitely many equilibria.

Let {A, j 1,..., m} denote the set of eigenvalues of the matrix D-(e). Define

(e) min{Re() j 1,..., m},

where Re denotes the real part. Since e is a fixed point, DOt(e) exp(tDH(e)).
Therefore

lim
lg([(DOt(ei))-l]-l)

and by definition of the log-expansion rate we deduce the following proposition.
PROPOSITION 6.1. If H is a convergent system with equilibria {el,..., en}, then

lp(H) min{(e)" i= 1,..., n}.

COROLLARY 6.2. Let {w,},ko be the solution to (1). Assume that conditions
A1-A4 (respectively, A1-A6, A6’) of Proposition 5.4 (respectively, 5.6) are satisfied.
Assume that the averaged vectorfield H defined by A3 is convergent and that

Vi {1,...,n}, 1=(7) < 2min(0,(ei))

(respectively, l(7) < 2(m + 1)min(0, (e))). Then {W,}nk0 converges almost surely
toward an equilibrium.

EXAMPLE 6.3. Consider the following stochastic approximation process defined
on R2 by

X.+l x. H(x., y., .),
n

y.+ -y. -H(x.,y.,.),
n

where {,}nk0 is a sequence of independently and identically distributed random vari-
ables uniformly distributed on [-1, 1].

H(x,,) ( (x + ))x () + ,
H(, ,) ( (x + )) +() + ,

where f(y) y2. The phase portrait of the averaged ODE is given by Fig. 4.
We see that this system is convergent but admits 1 {(X, y)" X2 + y2 1} a8

a cycle of equilibria. Therefore, the theorems of2 and 3 are not sucent to ensure
the convergence of the process {x,,y,},ko.

The equilibria of this system are e (0,0), e2 (1,0), and e3 (-1,0). A
simple computation shows that 0 and-2 are the eigenvalues of the linearized ODE at
points e2 and ca, and 1 is a double eigenvalue at point e. Thus,

Z(I) 1, Z() Z() -2.

Therefore, according to Corollary 6.2, if e < theFor 7 we have l(7) -.
sequence {x,, y,}nkO converges almost surely toward an equilibrium. Furthermore, a
theorem of Pemantle (1990) can be used to show that this equilibrium cannot be the
hyperbolic unstable equilibrium el.
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FIG. 4.

Globally convergent systems. A convergent system H with one unique equi-
librium (el } is said globally convergent.

The Lq estimate given by assertion (b) of Theorem 5.2 can be used to bound
the Lq rate of convergence of algorithms associated to globally convergent ODEs.
We mention here a corollary based on Proposition 5.4. Other estimates based on
Proposition 5.6 or Theorem 5.2 are possible. Define

p(el) sup(Re(A) j 1,..., m},

where {A{ "j 1,..., m} are the eigenvalues of D-(el).
Note that/(el) _< p(el) <_ O.
COROLLARY 6.4. Let (wn}n>o be the solution to (1). Assume that conditions

A1-A4 of Proposition 5.4 are satisfied and M is compact. Assume that the averaged
vectorfield H defined by A3 is globally convergent and that lr(’) < 2min(0,/(el)).
Then

Proof. Proposition 6.1 and (b) of Proposition 5.4 imply that (w’)[lq) <_
/(el) for some random variable w’ E M. Since H is globally convergent and M is
compact, we have the estimate lr(llr(w’ -elll) <_ p(el). Thus lr(llwn -elllq) <_

For " ’/o"’ and e < 2]f(ell )1 this gives the following estimate: For all i > 0
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there exists n(5) >_ 0 such that

This estimate can be compared with L2 upper bounds given in Eweda and Macchi
(1983) and Benveniste, Mtivier, and Priouret (1990, Thms. 22 and 24, pp. 244, 246).
It is slightly weaker but requires a weaker condition on the vectorfield.

Nonconvergent systems. For a general vectorfield H the log-expansion rate
can be difficult to compute. The following proposition is useful to estimate it.

PROPOSITION 6.5 (Hirsch (1993)).
(a) Let l8(w) be the smallest eigenvalue of the symmetric matrix

l (D-(w) + D-(w)T)
2

where T denotes the transpose operation. Then

lexp(H) >_ min{/s(w) w e clos((H))}.

(b) lexp(-) is invariant by C change of coordinates.
Assertion (a) is proved in Hirsch (1993). Assertion (b) is easy to check from the

definition.
EXAMPLE 6.6. Consider the stochastic approximation process defined in Example

6.3, where the function f(.) which appears in the definition of HI and H2 is now
chosen to be the function f(y) 1. The averaged ODE admits two internally chain-
recurrent sets: the unstable equilibrium Ol and the stable limit cycle S {(x, y)
x2 + y2 1}. By a theorem of Pemantle already mentioned, L({wn}n>O) cannot be
Ot2. Thus, according to Proposition 2.1, L({wn}>o) S.

Note that this result is true for all values of > O. Let us now show how it can be
sharpened by use of the log-expansion rate. To compute the log-expansion rate we use
(b) of Proposition 6.5. In polar coordinates, the averaged ODE takes the simple form

dp p2 dO
d-- p(1 ), d-- 1

from which it is easy to deduce that the log-expansion rate is given as lxp(H)
min {-2, 1, 0} -2. Let On be the angular variable which measures the angle between
the x-axis and the vector (Xn, Yn). If e < 1/4, Proposition 5.4 applies and we deduce the
"asymptotic phase property""

lim 0n -[dog(n)] mod 27r *,

where * is a random variable taking values in [0, 2r].

7. Proof of Theorem 5.2.
LEMMA 7.1. Under the assumptions of Theorem 5.2, the conditions of Theorem

1.2 are satisfied.
Proof. Assumption A1 of Theorem 5.2 implies condition A1 of Theorem 1.2. Now

check conditions A2 and A3. Let {nj}j>_o be the sequence defined by nj m(jT) for
j _> 0, where m(.) is defined by (5). For any integer n E [nj,nj+l[,

IIb ll _< sup IIb ll.
{k; 0_<k-j <T}
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Thus

\nnp \j_p {k;0Tk-nT} jp

Now, assumption A2 of Theorem 1.2 implies

n
q,T < Ce-Ar < Ce-(AT)J

for some constants C, C, A > 0. It follows that

E n>np(SUp
jp

and the Cauchy criterion implies that condition A2 of Theorem 1.2 holds almost
surely.

For A3, remark that for any integer n [nj,nj+l[,

k--1 nj+-i n-1 k-1

with the convention -. Working as previously, we deduce

E sup sup ii N 3q q,T

and conclude exactly as for A2.
The following definitions and theorem are due to Morris W. Hirsch. The main

result of 5 will be derived from this theorem.
Let (E,d) be ametric space and G E E be amap. Let 0 A < 1. A

sequence {Yk}ko in E is called a A-pseudoorbit for G if

lim sup d(G(Ya);Yk+) .
k+

A point Z E is said to A-shadow the sequence {Yk}ko if

lim sup d(Gk(Z);Yk+m)
k+

for some integer m.
The following theorem is a consequence of Hirsch (1993, Thm. 3.2) (more precisely,

a consequence of its proof).
THEOREM 7.2 (Hirsch (1993)). Assume E is a complete metric space. Assume

there exists p, > 0 and p > 0 such that for all 0 p p,

VX e E S(a(X),) C a(B(X, )).

Let {Yk}k0 a A-pseudoorbit for G in E such that

0 < < min(1, #).

Then
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* a) there exists Z E E which A-shadows. b) if Z, Z’ E both A-shadow (Yk}k>o, then there exists natural numbers l, r
such that G(Z) Gr(Z’).

Now we prove Theorem 5.2. Consider the recursion

(13) Vn+l Vn %.(f(vn)H(vn) 4- un 4- bn),

where (Un}n>o and {b,}n>_O are the sequences of recursion (12), v0 is in Lq(fl), and

f is a smooth function which is 1 on a closed ball B(0, r) which contains CR(H) and
is zero outside B(0, r 4- 1).

The proof decomposes in two steps. The first step is to prove that, under the
assumptions of Theorem 5.2, {Vn}n:>0 is asymptotic to a trajectory solution to (2).
The second step is to show that any trajectory solution to (12) is asymptotically a
solution to (13).

Step 1. Let {@}teR be the flow of the vectorfield fH. The set of all and w limit
points for f is the disjoint union of :() and (x Rm; Ilxl[ -> r 4- 1}. Therefore,

lexp(fH) min(0, lexp(H)).

Note u lep(fH). Assumption A2 of Theorem 5.2 allows us to choose two real
numbers u", u’ such that 0 < u" < u’ < and

(14) sup(/r(q’T), lr(aq’T), It(7)) < u".

Because u’ < u, there exists T > 0 such that for all x e Rm and all t _> T

(15) IID@t(x)-ll1-1 >_ e

Let E Lq(gt) and G be the map defined by G(X) T(X). First we note that
G is well defined (G maps E into E). Indeed, for any random vector X 6_. Lq(),

E(iIG(X)llq) E(lIe(X)llqlx B(O,,./x)) + E(lIe(X)llqlx B(O,,./ )).

The first term on the right of this equality is bounded by continuity of the flow and
the second term is finite because G(x) x outside B(0, r 4- 1).

Let # e-u’T. Inequality (15) implies

so, for all X, Y in E,

IIG- (Y) Xll. < #IIY a(X)ll..

Therefore,

B(G(X), #p) C G(B(X, p))

for any p > 0.
In order to apply Theorem 7.2, it remains to construct a A-pseudoorbit for G

in E with 0 < A < min(1,#). With this purpose let V(.) be the interpolated
process associated to the sequence {vn }n>_0 (see 4 for the definition of the interpolated
process) and define Yn V(nT) for all integers n. As vo, un, and bn are in Lq(), a
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simple induction shows that vn is in Lq(gt) for all n. Hence {Yn}n>O is a sequence of
Lq

As is C1, f is Lipschitz and bounded. Let L denote a Lipschitz constant for
f and K denote a bound for IIf-(x)ll. Lemma 4.4, applied to Y and f, gives

(16) IIY((n + 1)T) q2T(Y(nT))ll
_

eL’T[2(nT, T)(1 + TL) + TLK"m(nT)],
where e(t, T) is defined as in Lemma 4.4.

Let A e-’’T. om (14) and (16) {Yn}0 is a A-pseudoorbit for G. As
0 < A < min(1, p), the Theorem 7.2 applies. Thus, there exists Z E such that for
any A < 1 < inf(1, p) and k large enough

(17) IGk(Z) --+l]q
for some integer m. The Borel-Cantelli lemma now implies

lira (Gk(Z) Y+) 0

almost surely. Let Z’= _(Z). We have

(18) lira (G(Z’) Y) O.

For anyt>0, writet=kT+rwithkNand0r<T. Thus

(19) +
Uniform continuity of the flow on [0, T] and relation (18) imply that the first term on
the right of equality (19) goes to zero. The second term goes to zero by Lemma 4.2.
Then

im (Z’) (t) 0
t+

almost surely. This concludes step 1.
The equality (19) also proves part (b) of Theorem 5.2. Indeed, if {w}0 remains

in a compact Q almost surely, the ball B(0, r) can be chosen large enough to contain
Q and {w}0 is solution to (13). The first term on the right side of equality (19) can
be bounded in Lq(), using (17) and the fact that x (x) is Lipschitz uniformly
in r [0, T]. The second term can be bounded in L() by using (14) and (16). n

Step 2. Let x be a vector arbitrary chosen outside B(0, r). For any integer k
define

e B(0, B(0,
with the convention wl x. Let t’ UkeYk. Because CR(H) c B(O,r) and
n({w}e0) c CR(H) almost surely (Theorem 1.2), we have P(’)= 1.

Let {V}nek be the sequence solution to (13) defined by the initial condition
k k Lqv w. As w Lq(), va (). Therefore, we deduce from Step 1 the

existence of a vector Z La() such that

lira (v (Za)) 0

kalmost surely. Define Z 1Z. Because v w on a for n k, we have

lim (Wn OTn (Z)) 0
n

almost surely.
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8. An application to neural network learning. In this section we show
briefly how the previous result can be applied to prove the consistency of some "hy-
brid" learning rules recently proposed in the neural network area.

A feedforward neural network can be seen as a function G I W H O mapping
the Cartesian product of an input space I and a weight space W into an output space
O. The dimension of I and O are the number of input units and the number of
output units, respectively. Without loss of generality we take O c R, I c Rd-l, and
W c R". The function G embodies the network architecture. Given an input x E I
and a weight vector w E W, the network’s output is given as G(x, w). At this level
of description, the form of G is not of particular importance. We only assume that
G is smooth enough. For more details and an in-depth presentation of feedforward
neural networks in the framework of approximation theory we refer the reader to the
excellent book by Halbert White and co-workers (1992).

The goal of learning is to adapt the weight vector w in such a way that the
network realizes some specific relationship between the input space and the output
space. This relationship is generally expressed by an "environmental" probability law
# defined on I O. A "training set" is a sequence {=}n>0 c I O asymptotically
stationary with # as limiting law. We let (Xn, yn), x, is referred to as the "input
vector" and Yn is referred to as the "desired output" or "target." A general learning
rule for feedforward net can be written as (1). The gain 7n is called the "learning
rate" in the connectionist jargon.

The most popular example is the classical "backpropagation algorithm." Given
a pair of input and target (x,y) and weight w, the network error is given as
Er(w, ) e(G(x, w), y) where e: R R H R+ is a smooth "error function" (usually,
e(o,y) (y- o)2). The algorithm is given by (1) with g(w,) -VEr(w,). Here
VEr(w, ) denotes the gradient of the map w Er(w, ). Therefore, assuming that
interchange of derivative and expectation is possible, the ODE associated with the
backpropagation is a gradient vectorfield:

dw
(20) d-- -VEr(w),

where

Er(w) Er(w, )#(d).

Convergence of the backpropagation can be analyzed by using classical results on
stochastic gradients (see, e.g., Nevel’son and Has’minskii (1974). See also Benveniste,
Mtivier, and Priouret (1990, p. 91) for a presentation of the backpropagation as a
stochastic gradient). It is also a direct application of Corollary 3.3 restated here for
convenience.

PROPOSITION 8.1. Let {Wn}n_O be the solution to (1). Assume that the assump-
tions of Proposition 2.1 or 2.2 hold with H given by (20). Assume that critical points

of Er (i.e., the zeros of (20)) are isolated. Then {w,},>_0 converges almost surely
toward a critical point of Er.

"Hybrid" learning rules have been considered by Moody and Darken (1989), Pog-
gio and Girosi (1990), Nowlan (1990), Benaim and Tomasini (1991, 1992), and Benaim
(1995c) among others for neural architectures with "nonsigmoid" units. The main idea
of these algorithms is to train each layer according to different learning rules.

Consider, for simplicity, a single hidden-layer network. (Extension to multilayers
is easy.) Formally, G(x,w) G2(Gl(X, Wl),W2), where w (wl,w2) Rml Rm,
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m + m2 m, G1 Rd-1 RTM -* Rk, G2 Rk Rm -+ R. The integer k is
the number of hidden units, G1 embodies the architecture of the (input-layer, hidden-
layer) subnet and G2 the architecture of the (hidden-layer, output-unit) subnet. The
subnet G1 is trained according to an "unsupervised" learning rule (for example, a data
clustering algorithm (Moody and Darken (1989)) or a maximum likelihood algorithm
(Nowlan (1990), Benaim and Tomasini (1992)), and the subnet G2 is trained according
to a "supervised" algorithm (backpropagation). This leads to an ODE of the form

dWl -VE---(Wl ),(21) d---

(22) dw2
dt

-V2E2(wl’w)

for some smooth functions E1 RTM - R, E2 RTM RTM H R. Remark that such
an ODE is not a gradient vectorfield. It is a cascade of gradients.

It is often assumed that the output unit is linear: G2(G1, w2) (w2, G), and the
performance of the subnet G2 is measured by the squared error function, e(o, y)
(y- 0)2. In that case the equation (22) has the particular form

dw2(23) d--- -A(wl)w2 + B(w),

where A(wl) is the k x k matrix defined by

A(w /G(x, w).GI (x, w)T(dx)

with (.) f #(., dy) and B(w) is the k-dimensional vector

B(w /yG (x, w)#(dx, dy).

PROPOSITION 8.2. Let {Wn}n>_O be the solution to (1). Assume that assumptions
of Proposition 2.1 or 2.2 hold with H given by the system (21), (23). Assume that
equilibria of (21) are isolated. Then L({wn}n>O) is almost surely a connected compact
subset of the equilibria set of H.

Proof. Write wn (Wl,n, W2,n) E RTM X RTM. Proposition 8.1 shows that
{W,n}n>O converges almost surely toward an equilibrium of (21), say, Wl*. Thus,
n({wn}n>_O) {Wl*} n’ for some set L’ C RTM. According to Proposition 2.1 (or
2.2), L’ is compact and invariant under the dynamics

(24) dw2
dt

A(w*)w2- B(Wl*).

Since A(wl*) is a symmetric matrix, any compact invariant set for (24) is contained
in the equilibria set of (24). This concludes the proof.

For the more general system (21), (22), we shall use the fact that L({wn}n>O) is
internally chain-recurrent combined with Proposition 3.2.

PROPOSITION 8.3. Let {Wn}n>O.__be a solution to (1). Assume that assumptions
of Proposition 2.1 or 2.2 hold with H given by the system (21), (22). Assume that
equilibria of (21) and H are isolated. Then, L({wn}n>O) is almost surely a equilibrium
of H.
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Proof. We begin exactly as in the proof of Proposition 8.2. Write Wn (Wl,n, W2,n)
E Rml Rm2. Using Proposition 8.1 we see that L({wn}n>_0) {wl*} L’, where
wl* is an equilibrium of (21) and L C R" is a compact connected set invariant
under the dynamics of

(25) dw.=-VE-(w w.).
dt

Since L({wn}n>_O) is internally chain-recurrent, every point of L’ has to be chain-
recurrent for the flow induced by (25). Since (25) is a gradient vectorfield with iso-
lated equilibria, it follows from Proposition 3.2 that L consists of equilibria. By
connectedness, L is an equilibrium of (25).

9. Appendix.

Proof of Proposition 2.2. We denote by $’ the a field generated by {i; n <_
i<m}forrn_>n_>0andletA’={0,}forn<0.

DEFINITION 9.1. Let {Xn}n>_O be a sequence of random variables belonging to
L2(f). {Xn}n_>0 is said to be a mixingale process if there are sequences of finite
nonnegative constants {cn}n>_0 and {era}m>_0, where lim_,, 0, such that for
all n > l and rn > O

<
b) [IXn E(Xn/’-t-m)[[2 Cn./)m-t-1.

Throughout this section we will only consider sequence of random variables {X}>_0
such that each Xn is measurable 9c@ so that condition b) holds automatically.

The following lemma relates the concept of mixing process to that of mixingale.
It is due to McLeish (1975, Lem. 2.1).

LEMMA 9.2 (McLeish (1975)). Suppose that {n}n>_0 is a mixing (respectively,
a mixing) process. Let {Xn}n_>0 be a sequence of random variables such that each Xn
is measurable and E(Xn) O.

Then, for 2 <_ r <_ +oc, n, rn >_ O,

b) IIE(Xn/  -’ II _< 2(1 / IlXnll, .
REMARK. It follows from this lemma that {Xn}n>_O i8 a mixingale with Cn

IlXnllr and Cm 21m-1/ in the mixing case or Cr 2(1 + x/)c-1/ in the c
mixing case.

The following lemma is the main result of this section. The proof of the lemma
follows closely the proof of McLeish’s Theorem 1.6 (1975), but instead of using Doob’s
inequality for martingales (as McLeish does) we use the Burkholder inequality together
with the ideas involved in the proof of Mtivier and Priouret’s Proposition 8 (1987).
Note that for q 2 the lemma is a direct consequence of McLeish’s Theorem 1.6
(1975).

LEMMA 9.3. Let {Xn}n_>0 be a sequence of real random variables. Let Sn
=0 /k.Xk. We assume that

Xn is measurable
Xn Lq(f)for some q >_ 2;
{Xn}n>_O is a mixingale with sequences {Cn}n>_O and {m}m>_O.

We assume that there exists a positive decreasing sequence {an},>_- such that

Ek>0 b(a- a-!1) <
}-k>0 alk < -t-0.
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Then

E sup [Sm[q <.q/2-D +/2c2

\m<_n i=0

where D(q) > 0 is a constant.
Proof. Let Z,k E(X/J:-k) -E(X/.T-k-l) for i >_ 0, k >_ 0. Let Yn,k

’]=O’YZ,k" Since E(X/J:) X and E(X/JZo-) E(X) 0 for k > i, it is
clear that

k-0 k>0

Thus Sn ’>o Yn,k and by HSlder’s inequality we have

ak
k>_O ak

where q--l"

Observe that E(Zn,/.oo-k) O. So by Burkholder and Rosenthal’s inequalities
(Hall and Heyde (1980, Whms. 2.10-2.12))"

\m<_n i=0

Now, exactly as in Mtivier and Priouret (1987), we shall apply the following
form of HSlder’s inequality:

(28)

for ai >_ 0,/3i R,u > 1,0 < 6 < 1.
Applying (28) to (27))with ai--72,/3i--[ Zi,k [2, u-- 2

, and 6-- q2 we obtain

( ) -(q/2--1) q 1+q/2(29) E sup Ym,k q

_
C(q)T+ Z E(I Zi,k )’i

\m(_n i=O

and by using (26), we deduce

(30) E ( sup Sm
\m<_n

n

(r\ (q/2--1) ,q\ 1+q/2Z(alk)l/lcu)T+ Z a- y E([ Zi,k )7i
k>o k>o

On the other hand we have

E(I Zi, q) _< ]]Z,21]E(I Zi,k

and from the Pythagorean theorem in L2(),
2E(I z, 12) -[IE(X/Zg-k)[l- [[E(X/g-k-)[12
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It follows that

(3)

n
..l-l-q/2

k>o =o

+q/c
k>o i=o

Putting together (30) and (31) and letting D(q) ’.-k>_o(a)l/LC(q) Yk>o k(ak2-1
a-ll) conclude the proof.

From this lemma we shall deduce the following lemma, which is analogous to
Corollary 11 of Mtivier and Priouret (1987).

LEMMA 9.4. Let {Xn}n>_O be as in Lemma 9.3. Then
a) for alI T >_ 0,

E(sup( sup "),iXi <_ Tq/2-1D(q)E "h IIxU211;
i=n i_p

lim ( sup
n-,o \{O<_r-rn <_T}

=0

with probability one.
The proof is exactly the same as the proof of Corollary 11 in Mtivier and Priouret

(1987).
COROLLARY 9.5. Suppose that {n}n_>0 is a mixing (respectively, a mixing)

process. Let {Xn}n>O be a sequence of random variables such that
each Xn is measurable jz and E(Xn) 0;
supn IIX[l < / for some r e [0, /1;
if r < oc 0(-) for some (respectively, an O(A) for some

n=O ")’n <> -2) and 2

o() fo o.if , , o() fo- o.
c ,,1+q/2> 1) and Y’n=o .n < +oc for some q [2, 2/ + 1[.

Then

Ei--n /ixi I) 0;a) limn_.(suPk; O_Tk--Tn_T
k-1

b) there exists a constant D(q, r) such that

q) m(r,+T)-I

<_ rq/2-1D(q, r) E
i--n

where q 2 for r < +c and q E [2, 2/ + 1[ for r

Proof. The proof follows from Lemma 9.2, the remark which follows Lemma 9.2,
and Lemma 9.3 for part (a) and the Lemma 9.4 for part (b). [’1

We are now able to prove Proposition 2.2. Let {wn}n>o be a solution to (1). Let

u,(w) H(w,n) E(H(w,n)),
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Un Un Wn

b,(w) E(H(w, n)) H(w),

We suppose that conditions A1 to A6 of Proposition 2.2 hold. Let K sup, IIk(n)ll,..
We remark that H is K Lipschitz. Indeed, for any x, y,

I[H(x) H(y)II lim IIE(H(x,) H(y, n))ll
n---o

but

by application of Jensen’s inequality. Using the same kind of argument we see that

(32)

(33) I]Un(X) Un(y)II KIIx Yl] + k(n)]]x

Let us now verify the conditions A1, A2, and A3 of Theorem 1.2. A1 is true
by assumption (assumption A2 of Proposition 2.2). The inequality (33) shows that
the sequence {bn(.)}n>0 is equicontinuous, and assumption A3 of the Proposition 2.2
means that {b(w)},_>0 converges to zero for any w e Rm. It follows that {bn(.)}n>_o
converges to zero uniformly on any compact set of Rm, and as {w}n>0 is assumed
to be bounded, {bn}n_>0 converges to zero. This proves assumption A2 of Theorem
1.2.

We now check the condition A3 of Theorem 1.2. Let T > 0 and let

sup
{k, 0<k--<T}

k

i’--n

k

Zn sup
{k, O_rk--Tn_T} i--n

From inequalities (32) and (33) it follows that for any w, w’ e Rd

Thus

k k

+ KIw w’ E "i + [w w’ E "ik().
i-n i---n

(34) 0 <_ sT(w) <_ sT(w’) + TKIw w’ + zTIw w’ I.
Lemma 9.4(b) shows that under the assumptions A1 and A6, A6 of Proposition 2.2,
limn-_, ZnT 0 and limn-o SnT(w) 0 for any w e Rm. From inequality (34) it is
easy to see that {SnT(w)}n>0 converges to zero uniformly on any compact set of Rm
so that limn- sTn (Wn) O. 0



470 MICHEL BENAIM

Proof of Proposition 5.6. Let Q be a compact set. Let en > 0 such that
limn-,+ en 0 and let {B(xi, en)}ieI, be a finite cover of Q by balls of radius en.
From (34), we deduce

sup sT (w) <_ E sTn (xi) + KTen + .nZTn
wEQ iEIn

Therefore, Corollary 9.5(b) implies

(35) (m(7"nT)-I I 1/q

sup STn (w)ll <__ (A.(ln) + Ben) ,:+q/2 -4-KTe,n
iwQ q \ i--n

for some constants A and B depending on Q, q, T, H, and #(In) denotes the cardinal
of In.

Since Q is a compact subset of Rm, the family. {xi}i>0 can be chosen such that
#(In) <_ C.em for some C > 0. Noting that

m(rn+T)-I
..l+q/2 < T/

i--n

inequality (35) gives

<_ (A.C.e-m + Ben)T’),q/2 + KTen.

T a defined in 5Therefore, with Cq

(36)

z-(o,’) <_ sup .(7) ,z-(), -(), z-(7) + .()

)<_sup .() ,z.(), z-()

Now we choose a sequence {en}n>0 such that

/r(e) min sup(/ 1 ){<0} l.r(’) ml

This easily gives

2(1 + m)"

For example, one may choose en ’)’n
1/(2+2m)
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DYNAMICS OF STOCHASTIC APPROXIMATIONS 471

REFERENCES

M. BENAIM (1994a), Un thdorme de Poincard-Bendixson pour une classe d’equations didrentielles
stochastiques, C. R. Acad. Sci. Paris Sr. I, 318, pp. 837-839.

(1994b), On functional approximation with normalized Gaussian units, Neural Computation,
6, pp. 319-333.

M. BENAIM AND M. W. HIRSCH (1995a), Dynamics of Morse-Smale urns processes, Ergodic Theory
Dynamical Systems, to appear.

(1995b), Asymptotic pseudo-trajectories, chain-recurrent ]ows and stochastic approximations,
J. Dynamics Differential Equations, to appear.

(1995c), Chain recurrence in surface flows, Discrete and Continuous Dynamics Systems, 1
(1995), pp. 1-17.

M. BENAIM AND L. TOMASINI (1991), Competitive and self-organizing algorithms based on the min-
imization of an information criterion, in Artificial Neural Networks I, Vol. 1, T. Kohonen, ed.,
North-Holland, Amsterdam, pp. 391-396.

(1992), Approximating function and predicting time series with multisigmoidal basis functions,
in Artificial Neural Networks II, Vol. 1, I. Aleksander and J. Taylor, eds., Elsevier, Amsterdam,
pp. 407-411.

A. BENVENISTE, M. MITIVIER, AND P. PRIOURET (1990), Stochastic Approximations and Adap-
tive Algorithms, Springer-Verlag, Berlin, Heidelberg, New York. Translated from Algorithmes
adaptatifs et approximations stochastiques, Masson, Paris, 1987.

P. BILLINGSLEY (1968), Convergence of Probability Measures, Wiley, London, New York.
C. C. CONLEY (1978), Isolated Invariant Sets and the Morse Index, Regional Conference Series in

Mathematics 38, American Mathematical Society, Providence, RI.
E. EWEDA AND O. MACCHI (1983), Quadratic mean and almost sure convergence of unbounded

stochastic approximation algorithms with correlated observations, Ann. Inst. H. Poincar, 19,
pp. 235-255.

J. C. FORT AND G. PAGIS (1994), Convergences d’algorithmes stochastiques: le thdorme de Kushner
et Clark revisitd, pr-pub, labo. de proba., Univ. Paris 6.

E. G. GLADYSHEV (1965), On stochastic approximation, Theory Probab. Appl., 10, pp. 275-278.
D. HALL AND C. C. HEYDE (1980), Martingale Limit Theory and Applications, Academic Press, New

York.
M. W. HIISCH (1993), Asymptotic phase, shadowing and reaction-diffusion systems, in Control

Theory, Dynamical Systems and Geometry of Dynamics, K. D. Elworthy, W. N. Everitt, and
E. B. Lee, eds., Marcel Dekker, New York.

M. W. HIRSCH AND C. PUGH (1970), Stable manifolds for hyperbolic sets, in Global Analysis, Pro-
ceedings of Symposia in Pure Mathematics 14, American Mathematical Society, Providence, RI,
pp. 133-163.

J. KIEFER AND J WOLFOWITZ (1952), Stochastic estimation of the maximum of a regression function,
Ann. Math. Statist., 23, pp. 462-466.

C. M. KUAN AND H. WHITE (1992), Artificial neural networks: An econometric perspective, Econo-
metric Reviews, to be published.

H. J. KUSHNER AND D. S. CLARK (1978), Stochastic Approximation Methods for Constrained and
Unconstrained Systems, Springer-Verlag, Berlin, Heidelberg, New York.

L. LJUNG (1977), Analysis of recursive stochastic algorithms, IEEE Trans. Automat. Control, AC-22,
pp. 551-575.

D. L. MCLEISH (1975), A maximal inequality and dependent strong laws, Ann. Probab., 3, pp. 829-
839

M. MtTIVIER AND P. PRIOURET (1984), Application of a Kushner and Clark lemma to general classes
of stochastic algorithms, IEEE Trans. Inform. Theory, IT-30, pp. 140-150

(1987), Thdormes de convergence presque sure pour une classe d’algorithmes stochastiques
pas ddcroissant, Probab. Theory Related Fields, 74, pp. 403-428.

J. MOODY AND C. DARKEN (1989), Fast learning in networks of locally-tuned processing units, Neural
Computation, 1, pp. 281-582.

M. B. NEVEL’SON AND R. Z. HAS’MINSKII (1974), Stochastic Approximation and Recursive Estima-
tion, Translation of Math. Monographs 47, American Mathematical Society, Providence, RI.

J. NEVEU (1964), Bases mathematiques du calcul des probabilites, Masson, Paris.
S. NOWLAN (1990), Maximum likelihood competitive learning, in Proceedings of Neural Information

Processing Systems, pp. 574-582.
J. PALIS (1969), On Morse-Smale dynamical systems, Topology, 8, pp. 385-405.
R. PEMANTLE (1990), Nonconvergence to unstable points in urn models and stochastic approxima-

tions, Ann. Probab., 18, pp. 698-712.



472 MICHEL BENAIM

T. POGGIO AND F. GIROS! (1990), Regularization algorithms for learning that are equivalent to
multilayer networks, Science, 247, pp. 979-982.

H. ROBBINS AND S. MONRO (1951), A stochastic approximation method, Ann. Math. Statist., 22,
pp. 400-407.

C. ROBINSON (1977), Stability theorems and hyperbolicity in dynamical systems, Rocky J. Math., 7,
pp. 425-434.

M. SHUS (1986), Global Stability of Dynamical Systems, Springer-Verlag, New York.
S. WHITE (1992), Artificial Neural Networks, Approximation and Learning Theory, Blackwell, Ox-

ford, Cambridge.



Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.


