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Abstract

Consider a generalized time-dependent Pélya urn process defined as follows. Letd € N
be the number of urns/colors. At each time n, we distribute o, balls randomly to the
d urns, proportionally to f, where f is a valid reinforcement function. We consider
a general class of positive reinforcement functions R assuming some monotonicity
and growth condition. The class R includes convex functions and the classical case
f(x) = x% a > 1. The novelty of the paper lies in extending stochastic approximation
techniques to the d-dimensional case and proving that eventually the process will fixate
at some random urn and the other urns will not receive any balls anymore.

Keywords Generalized Pélya urn models - Time-dependent Pélya urn models -
Positive reinforcement - Stochastic approximation - Dominance - Fixation
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1 Introduction
Pélya urn models

The classical Pélya urn model was introduced by Eggenberger and Pélya in 1923,
[13]. Since then, many generalizations and extensions of the classical model have
been studied, see e.g. [27] for a survey.

Starting with two different urns containing one ball (or equivalently two different
colors in one bin), we add new balls to either urn at each discrete time step depending on
some predefined addition rule. Some of the fundamental questions are: understanding
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the proportion of balls in a certain urn as time goes to infinity and how it depends on
the addition rule. There are numerous applications in economics, computer science
and biology where the model is better known as balls and bins model, [1, 4, 11, 12,
28, 30] to mention a few.

A popular generalization is the nonlinear Polya urn model or balls and bin model
with feedback. The probability of a new ball choosing a bin with x existing balls is
proportional to f(x) where f will be referred to as the feedback function, [12]. A
common choice of the feedback function is f(x) = x%, o > 0.

For the original case @ = 1, it was proved in [13] that the proportion of balls in
each bin converges to a beta-distributed random variable.

Positive and negative feedback functions

In the positive feedback regime o > 1, which is also referred to as preferential attach-
ment, the authors in [12] proved dominance, i.e., almost surely the proportion of each
bin converges to a {0, 1}-random variable. A stronger result which we call fixation
or monopoly was proven by [20]. Fixation refers to the event that eventually one bin
receives all but a finite number of balls. The onset of the time of fixation (speed of
convergence toward the stationary distribution) in the positive feedback regime was
studied in [25]. In fact, the author in [25] studies the onset of fixation for more general
feedback functions satisfying some growth conditions and being perturbations of the

canonical case x“. In particular for that class of feedback functions, we have that

1
Z;O:] m < OQ.

The negative feedback regime is characterized by o < 1, and in this case the
proportion of balls in the urns converges toward U [{1, . . . , d}], the uniform distribution
on {1,2,...,d} where d is the number of urns, [12]. A time-dependent version of
positively reinforced 2-urn models was studied in [26, 31] where at each time 7, oy,
balls (satisfying some growth condition) were randomly added to either one urn [26]
or independently to both [31]. In both cases, there will be dominance. Depending on
some growth conditions of oy, [31] demonstrates there might be no fixation.

General reinforcement functions

Other generalizations include considering d urns or colors, d > 2 and more general
addition rules like addition generating matrices and convex resp. concave feedback
functions, [2, 3,22, 23]. The replacement matrix H = ((Hi j))ij models the placement
of H;j balls tourn j when urni is chosen. In [23], the authors prove that if the feedback
function is strictly concave and H bi-stochastic, then the urn composition converges
toward the uniform distribution U[{1, ..., d}]. The limiting distribution will not be
uniform with probability one if f is convex. Finally, they prove in the same paper
that for d = 2, f convex and H irreducible, the limiting proportion converges toward
the equilibrium points of the corresponding mean-field function resulting from the
stochastic approximation approach. A concave feedback function, which includes
the negative reinforcement regime, tends to equalize the asymptotic distribution of
the proportion of different colors, whereas a convex f which includes the positive
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reinforcement regime tends to amplify the effect of the generating matrix H. In [19],
the author proves CLT type results for the proportion vector of colors around the
uniform distribution in the negative reinforcement setting, when H is double stochastic
and f Lipschitz.

Infinitely many colors

Urn models with infinitely many colors were treated in [5, 6, 18]. In [6], the authors
introduce a class of balanced urn schemes with infinitely many colors indexed by
7@ where the replacement schemes are given by the transition matrices associated
with bounded increment random walks. They show that the urn composition of the
n-th selected ball follows a Gaussian distribution. The authors in [24] generalized
the possibly infinite space or urns to general Polish spaces and study the asymptotic
behavior of these measure-valued Pélya urn processes. The author in [18] generalizes
results obtained in [6, 24] and studies measure-valued Pdlya urn processes under
stochastic replacement matrices H.

Interacting urn models

A simplistic model for the reinforcement of neural connections in the brain using
positive reinforced interacting Polya urns was introduced in [16]. The urns/colors
represent the edges of a graph. Roughly speaking, one first chooses a random subset
of colors (independent of the past) from n colors of balls and then positively reinforces
a color from this subset. In [16], the stability of equilibria and examples of different
graphs were studied. Interesting follow-up research on percolation questions on differ-
ent positively reinforced tree-like graphs and its application for neuronal connections
were studied in [15, 17].

Generalized time-dependent Pélya urns

In this article, we consider a generalized time-dependent P6lya urn model with d urns,
d € N. More precisely, at each time step, 0,,(> 1) many balls are added randomly to
the d urns, f-proportionally to their weight with instantaneous replacement. We will
assume that

00 2
>
i < Q.
n

This assumption restricts the growth of o,. Polynomial growth is allowed but not
exponential growth, since it contradicts this assumption. This condition is necessary
to ensure that the process, seen as a stochastic approximation (SA) scheme, is not
subjected to alarge noise term which will hinder the process to converge. This condition
appears naturally when using SA techniques from the dynamical systems viewpoint,
see, e.g., [29] or [10, Sect. 1]. The class of reinforcement functions R (see Sect.2.1.1
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for its definition) is very general and satisfies some natural continuity and monotony
conditions. W.l.o.g. we will evaluate f not on the number of balls in an urn but on the
proportions. Additionally, we assume that

!/

o= inf M > 1 @))
xe(0,) f(x)
Note that if f is convex or of the type f(x) = x%, « > 1, then (1) is necessarily satis-
fied, but the converse is not necessarily true. A similar condition can be found in [23,
25]; in [23], the authors assume additionally that f is convex and H irreducible. Our
case is not covered in [23], since taking H to be the identity matrix is not irreducible.
We will prove in Theorems 1 and 2 that there is dominance and fixation (¢ > 3) for
this class of general reinforcement functions R and generalized urn model. Extending
ideas from [31], we will prove that infinitely often the process will move away from
non-trivial equilibrium points. Using SA techniques, [7-9] and coupling the process
to an appropriate ODE we will prove that the only possible stationary points of the
process are the extremal points of the simplex [0, l]d. In fact, condition (1) ensures
that the Jacobian of the ODE at all non-trivial points will have positive eigenvalues.
This will imply that the dynamical system is not stable around non-trivial points. The
novelty of the paper lies in proving dominance in this general setting where we con-
sider d urns, d > 2, f not necessarily convex, and the addition of balls oy, is variable.
We extend SA techniques to this setting. To the best of our knowledge, SA techniques
in the positive reinforcement regime were only applied to d = 2 case in the literature,
e.g. [23].

1.1 Outline of the paper

The structure of the manuscript is as follows. In Sect.2, we introduce the model
and assumptions on the class reinforcement functions f. The results are presented in
Sect. 3, whereas Sect. 4 is devoted to their proofs. Finally, in Appendix Appendix A
we introduce stochastic approximation techniques and relevant results.

2 Model and Definitions
2.1 Model

We assume that all random variables are defined on the same probability space
(2, F, P). We consider the following generalization of Pélya urn scheme where col-
ors are indexed by a non-empty finite set S := {1,2,...,d},d € N. Forn € N, we
denote the composition of the urn at time n by U, := {U,_;}jes, where U, ; is the
“weight” of the j—th color at time 7.

We start with a non-trivial initial composition Uy, a given non-negative reinforce-
ment function f* and a sequence of positive integers (0y,),>. At every discrete time
point (n + 1), o, balls or colors are added f- proportional to their weight, with
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instantaneous replacement. That is, given Uy, Uy, .. ., Uy, (Xi("'H))l arei.i.d.
<i<op+1

random vectors, such that

SO, ;)
]P(X}”“):e,-|U0,U1,...Un)— n.J )

—<d ;.4 3
> ie1 S Oni)
where ej, 1 < j < d is the unit vector corresponding to the canonical basis in

R4 and 6, = (6n.k) | 4~y is defined by 6, x = dl];’[‘] In other words, 6, x is the

- = j=1Yn.j

proportion of balls of color k at time n. The urn composition is then updated according

to the following rule:
On+1

U1 = Up + Y X" 3)

i=1

In words, at time (n + 1) if the j-th color is selected at the i-th trial for | <i < 0,41,
then we add a single ball of the same color to the urn.
Let us denote by 7, the total number of balls at time n. Observe that

n d n
=Udh=10+) oj=> Usj+ Y oj.
j=1 j=1

Jj=1

where || - || is the ¢! (N9)-norm. Using this notation, #, = % and 6, € {y €
[0, 1\(0} : 2211 i = 1).
Definition 2.1 We call the event & dominance if
2= e{l,--- ,d}st. lim (0.1, 6nq) = €;} )
n— o0

where ¢; is the i-th coordinate vector in RY.

Dominance means that eventually the proportion of different colors in the urn becomes
trivial, except for a single color.

Definition 2.2 We say the urn model (Uy,),,> fixates, if almost surely,
F ={IN>1landi e {l,---,d}stforalln > N, Uyt1,; = Upi + ons1}. (5)

It is important to note here that if the process fixates at some color J outof {1, - - - d}
(which is random), then all other colors stop growing after the random time of fixation.
Itis also clear that if the process fixates, it implies that there is almost surely dominance.
The converse is not always true, (see [31] for example).

@ Springer



2864 Journal of Theoretical Probability (2024) 37:2859-2885

2.1.1 Class of reinforcement functions R

For the purpose of this paper, we will assume that f : [0, 1] — R4 U {0} satisfies

(A) f is astrictly increasing and continuous, such that f(0) =0and f(1) = 1.
(B) f € C'((0, 1)) and the limits of the derivatives lim,_, o+ f’(x) and lim,_, ;- f’(x)
exist and are real numbers.
©
xf'(x)
o= 1in > 1
xe(0,1) f(x)

The assumption (A) that f is strictly increasing and f(0) = O and f(1) = lisa
natural assumption that ensures that “the higher the proportion of a color, the more
likely it is to be chosen.” The assumption (B) is for technical purposes. Let R denote
the class of all functions that satisfy (A), (B) and (C).

Let us consider the following examples:

1 f&xX)=x%a>1
(i) f(x) = x> e >0

(6)

A classical example of such a function is example (i). From assumption (C), it may
seem that for all f € R, f has to be is convex. However, this is not the case as we
will show in the following counterexample. Let € > 0 and consider example (ii) Then
f satisfies trivially assumptions (A) and (B). For the third assumption (C), note that

f/()C) = (2 + € — x)x1+eefx+1

so that inf ¢, 1) x{;i’;) =14 € > 1. This function is not convex, indeed

F') = (=22 + )x + (1 +e)(e))xe !

and we see easily see that for € small, e.g. ¢ = 0.1, the second derivative is changing
sign for x € (0, 1).

Lemma23 Let f € R. Then

(1) f is Lipschitz on (0, 1).
(i1) The quantity

. fx)
1m

x—0t X

= f'(0) > 0,

is well defined.
(iii) The map x +— is strictly increasing for all x € (0, 1).
@iv) For all x € [0, 1], we have that f(x) < x%, where « is defined in (6).

S

Proof (i) follows immediately from assumption (B). For (ii), observe that f'(0) exists
finitely is a part of the assumption (B), and f’(0) > 0 follows from assumption (A).
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The statement (iii) follows from the observation that derivative of @ is given by
/ —
xf'(x) . f(x) S0,
X
from assumption (C). Finally, (iv) follows from (C) and
1 ! 1
log (Q) =/ d(log f(t)) > alog (—)

f()C) X X

for x € (0, 1) and o was defined in (6). O

A major disadvantage of the class of functions R is that it does not include functions
that increase exponentially, for example f(x) = alTl(a" — 1) fora > 0, as it fails to
satisfy (C) (@ = 1 instead of o > 1).

2.1.2 Connections to Stochastic Approximation Theory

In this section, we will connect the proportion vector (6,),>¢ to a standard form of
recursive equations of the stochastic approximations (SA) method, see e.g. [8—10].
One of the most general forms of the recursion equation associated with SA is of the
form

Yort = Yo+ Var1 [H (Ya, Zo) +1ag1], Yo € RY, n > 0, (7

where (¥,),>0 is the sequence of step sizes, (Z,),>¢ is a sequence of i.i.d. random
vectors and (r,,),,>( is the sequence of “error” or remainder terms and H : RY x R —
R? is measurable function.

A general practice is to re-write Eq. (7) in the following form

Ynt1 = Yo + Vo1 []E[H (Yu, Zn) 1Y0, Z1, - s Zul + AMpy +rn+l] , (8

where AM, 1 = H (Y,, Z,) —E[H (Y,, Z,) Yo, Z1, ..., Zy].

The advantage of such a representation is that under suitable conditions on H and
(Z,),, one can relate the asymptotic properties of Y;, to the zeros of the mean-field
function, which we will define and discuss in details for our model.

Recall our basic recursive equation (3). We can re-write this equation as follows

On+1
[E |:Z Xl-(n+1) ‘fn:| - Un+16n + AMn+1:| s (9)
i=1

where F;, is the sigma algebra generated by Uy, Uj...., U,, and

9n+1 =0, +
Tn+1

On+1

On+1
AMyp =Y X"V —E [Z X" \f} : (10)
i=1 i=1
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Let us define the function f : RY — R? asfollows y — (f(y1), f(72)s ..., f(Va))
for any vector y = (y1, y2, ..., va) € R? and f € R. It is easy to see that

On+1

£(0,)
E X" E
[; % | = o e

An immediate consequence of the construction is the following corollary.
Corollary 2.4 Given F,, the d-dimensional random vector Z%H X<(n+l) Sfollows a
Multinomial distribution with parameters <Un+17 M@%) ie,forx = (x1,---,xq) €

N such that Zi:l Xi = Opt1,

On
B Z X0 _ ) = ot SGnD G
xlo.xd IF@)1 IE@) I

Re-writing (9), we have

1 f(o
Ont1 = Op + |: (©n)

1
RGO

lof
=0, + 2+ [h(en) +
Tn+1

— On+10n + AIun+li|
Tn+1

AM,,H} , (11)

On+1

where we define & : {[0, 19\{0} : y1 + Y2+ +ys =1} > RL by y >

(”ffé% - y). This function % is well defined as f is strictly non-decreasing and

f(0) = 0. h will be the mean-field function, and we later see the relations of 4 to
the limit points of the sequence (6,),>0. Comparing (11) with (8), we observe that
it is not exactly in the form of the standard recursive equation as in practice in SA,
due to the presence of the coefficient :whlch is multiplied with the martingale
difference AM,, 1. We present all necessary results related to SA required for this
paper in Appendix Appendix A.

3 Results

In this section, we will present our main results.

Theorem 1 Suppose that (0,,),>¢ is as in (11). Assume the following conditions:

2
(i) Let (0n)y> be such that )y, | (Z—;’) < 00,
(i) feR.

Then we have that
P(2) =1,

where 9 is as defined in Definition 2.1.
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Theorem 2 Under the assumptions of Theorem 1 and a > 3, we have that
P(7) =1, (12)

where F is defined in Definition 2.2.

Remark 3.1 1t is clear that Theorems 1 and 2 should hold even for exponentially
increasing functions, since similar results are shown in [20], where 0,, = 1. However,
we could not apply the general stochastic approximation techniques for exponentially
growing functions and for a general sequence (0,),>1.

4 Proofs

The proof of Theorem 1 will be divided into four parts. The first Lemma 4.1 will
identify equilibrium points for the mean-field function /. The equilibrium set of a
function £ is the set

d
Emy={yel0, 11"\ {0}: ) yi=1,h(y) =0¢.
i=1

We call trivial equilibrium points the standard orthonormal basis of RY, {eq, ..., eq}.
Lemma 4.2 will ensure that the process (6, ),>0 converges and the possible limit points
are given by the equilibrium points of the mean-field function /. Proposition 4.3 will
show that almost surely the process will infinitely often move away by a small enough
distance from the non-trivial equilibrium points. Finally, Lemma 4.4 will conclude
that the only possible limit points are the trivial equilibrium points.

Lemma4.1 Let 1 = (7, 72, ..., Tgq) denote a permutation of {1, 2, ..., d} and for
any vector y = (¥i)j<j<q let yom = (ynl.)1<i<d. For1 <k < d, let y(k) :=
i) 1<i<qg» Where y1 = yo = ... = » = %and yi = 0, elsewhere. Let I1(k) :=
Uz y(k) o 7, where the union is taken w.r.t. all permutations w of {1, 2, ...,d}. Then
if f € R, we have

Ehy = Ul 1(k). (13)
The above lemma states that the equilibrium set £(k) contains all vectors y =
O 1<i<as such that there exists 1 < k < d, with y; = %, for exactly k co-ordinates
and y; = 0, elsewhere.

Proof Observe that to find the equilibrium points of /&, we need to find all solutions
y € {y € [0, 119\{0} : Z;Ll y; = 1} for the set of self-consistency equations given
by

F ) fOa)
V= sttt Yd = : (14
£ 11 £
Let y € I(k). WLOG, we may assume that y; = y» = ...y = %, and y; = 0 for

Jj > k + 1. Then we obtain that from assumption (A) ||f(y)|1 = kf (1/k). Therefore,
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S i)
) (I
Ui 1 (k) C E(h).

Since y € {y € [0, l]d\{O} : Z?:l y; = 1}, it follows immediately that there exists
some i, such that y; > 0, and thus, ||[f(y)|; > 0. It is clear that the unit coordinate
vectors e; for 1 < i < d are equilibrium points by assumption (A).

So let us assume that yy, ..., yx # 0 for some 2 < k < d. Observe that to prove
(13), it is enough to show y; = y» = ... = y = % The previous set of equations
(14) can be written as

we have % for 1 <i <k,and f(y;) = 0fori > k 4 1, which shows that

SO J )

IEDII = s IO = ; 15)
N1 Yk

and f(y;) = O0forall (k+ 1) <i < d by assumption (A). W.Lo.g., we may assume

that y; > y». Then by Lemma 2.3 (iii), we know that % > %, which is a
contradiction to (15). This shows that y; = y, and in particular, y; = y» = ... = y

andalsoyj =y =...=w = %, since fozl yi = 1.
O

Note that the statement of Lemma 4.1 is similar to Proposition 2.4 from [23]. They
prove the statement under the assumption that f is concave or convex, which we do not
need here. The following lemma is a consequence of Corollary A.7 from the appendix
and Lemma 4.1.

Lemma 4.2 Let (6,),>0 be a stochastic process defined by the recursion

On+1

Op1 = O + [h(en)+ AMnH]

Tn+l1 On+1

Then
O = 0%

asn — 0o, where 6% € £(h).

The following proposition is actually a stronger version of Proposition 4.1 of [31].
The case d = 2 is covered in Proposition 4.1 of [31], so we extend this to d > 3.

Proposition 4.3 Let (0,), and (t,), be as in the assumptions of Theorem 1. There
exists 8, > 0, such that

1)
lim 8, =0, (16)
n—oo
(i)
5
OnOntl (17)
Tn+1

n>1
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(iii) Forany e = %(el +er+ ...+ ep), wherel <k <d,
P ((en,la 611,2 ey en,d—l» en,d) € B;(e, 3n) i~0~) =1, (18)

where fora € R andr > 0, By(a,r) :={x e R? : |[x —al, < r}.

Proof (i)+(ii): Recall that by our choice, we have chosen (,,),>1, such that, o, > 1,
for all n > 1, so we have ), (T’—"Z = o0 by the Theorem of Abel and Dini, §39

2
of [21]. Furthermore, by the assumption ), Z—’; < 0o, we have lim, % = 0, and

n n

310041
nx1 Tn+%(7n+l
3nOn+1 _ ; On+1

Z.nz.l Ty < QA Tyl =Ty + 0y+1. We can simply choose 0 < §,, < s s
It is immediately clear that lim, . §, = 0.

(iii): Fore = {(e1 + €2+ ... + ex), where 1 < k < d, define

therefore, there always exists 8, that satisfies ) < 00, which implies that

Hp(e) :={On1,002...,00.d-1,0n4) € By(e,Sy) foralln > m}.
Since H,, (e) is non-decreasing in m, therefore it is enough to show that
lim P(H,,(e)) =0
m— 00
to show (18).
Recall that from (3), we have

Tnen,l + Bn+l,l
9n+1,l -
Tn+1

where given F,, B,4+1,1 follows Bin(on41, ¥1(6,)), where ¥ = (Vq, ..., ¥y) and
W; is defined as

J(xi) .
W (x) := , forl <i <d, (19)
’ IECo) 11
and x = (x1, -+ ,xq) € Ri, f € R. Re-write the above equation as

Tnen,l + 0n+1\p1(0n) + 6n\/dn+1\ljl(9n)(1 —W(6,))
Ont1,1 = - , (20)
n+

Bpy1,1=0n41Y1(6n)
\/Ull+l Wi (0,)(1=W1(6n))
By Taylor’s theorem, we have for any x € {y € [0, 119\{0} : Z;i:l yi =1}

where ¢, =

d—1
AW (&, .
Vi(x)—e = E %(xi —é;),
i=1

1

where &, lies on the straight line joining x and e = (e1,¢e2...,¢eq) € E(h), since
Wi(e) =ey.
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Re-writing (20), using the Taylor expansion, we get

d—1

- T - On+l1 oW (&g,) .
0 1,1 —e1 = 9,1—61 + n(@"-@)
" Tnt1 (6 ) Tnt1 ; 9x; e
+ env/nt1W1 (0) (1 — W1 (6,)). 2D

Tn+1

Ont1,1 — €1 = K (6n) (en,l - él) + 0n(0n) + 6n\/UnJrl\I"l(en)(l — Wi (6h)),

Tn+1 22)
where «,(6,) = (% + ‘r”’l'—il'—awéf"")>, and
d—1
On+1 w1 (&,) .
Onl) = =3 On.i — &) (23)

Tn+1 i 0x;

Re-iterating the above equation, we obtain

j=m <l_[[j=m k; (91))
1 E‘\/Uqu,] @) (1=w1(95))
]_[lj=m ki (9[)) ! A

On1—&1 = [T}, %0 |:9m,l &+ Y, +Qj(9j)}

’

+IT), 60 Y1, (

By continuity of the partial derivatives of Wy, for x € By(e, é,) for all n (large
enough), we have %}f") = %xl@ + O(@6,).
Step 1 In this step, we analyze the asymptotic behavior of ]_[;le k1(6;). Writing x =
(x1, %2, ..., xg) € [0, 119, such that Zle x; = 1, observe that at an equilibrium point
e=(e1,...,€q)

aWi(e) _ @) _ f@)(flen—fad—e —é—...—ei1)
axy f@)+...+ few) (FE@) +...4 f@Ea)? '
Therefore,
IW; (e) {a(éo, if & = éq, o
= . FE(f'ED—f©)  os
dx; O5(61)_m, ifeq =0.

From Assumption (C), (15) and the observation that f/(0) > 0, we have

(25)

8x1

aVi(e) | =ale)) > 1, if e = egq,
> (I —epale), ifeq=0,

@ Springer



Journal of Theoretical Probability (2024) 37:2859-2885 2871

where «(x) 1= X}’:;S) and f € R. Therefore, on H,, we obtain for ¢ = %(el +er+

coter)

Tn+1 Tn+1

D4 Dt (5 (1) 4 O®,)) ifk =d.

Tn+1 Tn+1

kn(6,) = !T_n + 25 (ua(él) + O, )), ifl <k<(d-1),

Tj+1

Writing 7, -1 (k) := [T, (M)

n—1 n—1 N
[T 0 = a0 TT (14 0000,

T (o]
j=m j=m J + ﬁk j+1

where B = St (é)),if | <k <d — 1, and B = (&) fork = d.

o 28 o ).

T o T o
j=m J+ﬁk Jj+1 J=m <1+/3k Jj+1

8
J f/+ﬁk01+l <

Since 1 > (1 — %) 2 and a(e1) > 1, by our choice of §;, in (17), >
oo. Hence, for all m large enough

n—1
[1 (1 1+ 969 ) — (1 +o(1)),
iem Tj + Broj+1

Therefore, for all m large enough and on H,,, we have

n—1

[] %) =mma1001+o0(1)). (26)

j=m

Step 2 In this step, we analyze the sum over Q;(6;), where Q; was defined in (23).
From our Assumption (B), for 2 < i < k, we have % = % + O(6,) is
bounded for all n > m. l l
On H,,,

0;6)) = 0@)) ’*11 27)
+

Recall that in Step 1 we proved that ]_[j:m kj(0;) = mn(k)(1 + o(1)), where
T () = [T}, (LHL2L).

Tj+1

Case ] Whenk =d,
l

T 1 (k) = exp Z log <1 + (x(ep) — 1) H]) —> 00,

j=m+1 Tj+1
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. ~ oj
as! — oosince a(é1) > land ) ; +* = oo. Therefore,
J

- n—1
Z ( Qj(@j)Z(l—i—o(l))Zexp( Z (@@) — 1) ’“) r+l(9((3)<c>o
j=m J

I k;(en) = flee®

Tj+1

Case2When1 < k < d—1.1,, (k) = exp (Z, i 10g( + (@) - 1)%))
= exp (Z —m+]( Z La(ér) — 1)6”1) + o(1) by the assumptions of Theorem 1.

Ifa(e)) > m, then it follows similar to Case i that

n—1

j=m (1_[1 —m kl(el)) e

!

n—1
={1+o01) Y exp|— > (kzla(él)—1>ﬂ It 0s;) < oo.

j=m j=m+1 Tj+1 Tj+1

Ifa(e)) < ﬁ’ then because of our choice of §; for all m, n (large enough)

n—1
[]xi©n Z Q;(6))
jm = (M2 mk1(91)>
n—1 —
=> | IT «@|ej6p (28)
j=m \I=j+1
n—1 n—1 k—1 Ol |
=1+o(1) Y exp| > < @) - 1) —— | 0w, e it _ o,
j=m I=j+1 TI+1 Tj+1
since k%la(él) <L) Z’I]' =ocand )_; 5]#:]' < oo0.
Step 3 In this step, we will explore the last part of the summand in
n-l 1 €j \/J’“‘yl(é U6 )). The argument is similar to that of
I= (T, @) Ras

Proposition 4.1 in [31], so we present only those details that are crucial and slightly
different from those in [31]. From Step 1, and W(6; 1) = % + O(6;), we get for
appropriate constants c

W AYSEET . -
_1 EjJa,H 10))( 1(91)>=(Ck+0(1))6j Vo
(-, kacen) Tt o741

We know that if X ~ Bin(n, p), then
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B [ewp (i 2z)] = (1-5+0(5)) = o0 (-5 +0(%)). when

|t] < & for some § > 0. Therefore,

. tz t3
E [exp (ll‘Ej) | fj_l] = exp (‘3 +0 (\/W)) ’

since given F;_1, €; ~ Bin(oj, ¥(6;-1,1)). And hence, we have by tower property

n—1 n—1 2 3
—1 1
E | exp itZej ‘]—'m_l = exp Z——i—(’)( )
j=m j=m 2 VOt

Hence, we can write

it e 1? B\ o
E | exp ZGJ' Fm-1| = exp —54‘0 Z 3 3 ’

3
Km,n i=m Kinn j=m T, i Tit1
(29)
—1 Oj41
where fy =Y o —l—.
J=m nnl,jrj+1
_ 1 : 1 n—1 Tj+1
For e = J(e; +ex + ... + eq), it follows that i Zj:m T — 0 as

m,n — o0.
When e = %(el+e2+...+ek) forl <k <d — 1, and sup, 0, = 00, exactly

same argument as in [31] gives us ﬁ Z’j;}n ﬂ;-;:};ﬂ —> O0asm,n — oo.

Fore = %(el +ey+...+e)forl <k <d—1,andsup, o, < oo, we observe
that if w(ey) > %, then similar argument as in [31] works.

Therefore, the only case we need to discuss in details is for e = %(el +er+...+er)
forl <k <d —1,and sup, 0, < 00, and @ < k%l

It is easy to see that

Jj=m

n—1 n—1 .
H Kkj(0;) = exp (— Z <k ; loz -1 +(’)(8j)> J]H) —> 0, asm,n — o0, (30)

T
j=m+1 J+l

. . gj
since lim,,_, », 8, = 0, and Zj L = oo0.
J

. n—1 n—1
it VOj+1
E | exp T Z l_[ k@) | €; ./ Fm-1
m,n—1 j=m \i=j+1 Tj+1
2 S " 1
j+
= exp _E+O(1)3—Z 1_[ Kk (0r) ]3_ ) 3D
l_‘m,n—l j=m \I=j+1 ‘C/‘H
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%
where Ty, -1 1= [Z (]_[1 Cin K[(Bl)) ’“:| )

/+1
Since sup,, 0, < 00, j < 1; < Cj for suitable constant C > 0. From (30), we get

2

n—1 n—1 oiil n—1 1 1 1
YA IT e | 2==0m) =00 (— — —) (32)
Jj=m \I=j+1 TJ'+1 j=m J n
By similar arguments,
n—1 n—1 3 . 1 1
S TT =@ g—+ =0O(1) Z = O(1) (—2 - —2> (33)
j=m \I=j+1 Tj+1 j=m mn n
Therefore, as m — oo,
1 n—1 n 3 o 1
jt
— > | [] «@ ] %—==00)—= —o. (34)
Lon-1 i 5m U= Ui+l Vm

For this case, choose the subsequence n,, = 2m and choose §, = O(l)%ﬁ, for
n2

some é > 0. Finally, from all previous observations,

P(Hm(e) <P (T, N € [=8n,. 00, ]) —> 0asm — oo, (35)

since FS (’)(1) —> Q0asm — oo. O

Proposition 4.4 Let (6,,),>0 be the process defined recursively in (11). Then

asn — oo where e* € {ey, ..., eq} are the trivial equilibrium points.

The proof of this proposition is similar to parts of Theorem 1.2. from [31] adapted
appropriately for the class of reinforcement functions R; the main difference is in
the final argument leading up to the conclusion. We present all details for the sake of
completeness.

Proof Foreachn € Nandi € {1, ..., d} we have that

6.+ B i
9n+l,i _ TnUn,i + n+1,i (36)

Tn+1
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where B, ; ~ Bin (o, V;(6,)) given F, and W was defined in (19). We can express
the system of equations for i € {1, ..., d} by

1
Opiti = Oni + 2 ((\I/,-(en> — i) +

(Buy1,i — ons1 Wi (9n)))
Tn+1

n+1

(37
B P — W; (0
_ Qn,i T n+1,i — On+1 i (62) Un+1 (an W;6,)).
Tn+1 Tn+1
For every n > 0, we have by the above recursive relations that
Onty,i = Oyi + My i(n) — Ry i () (38)

where

+
% Bji—o;Wi0j-1)

Mn,i(r)) = T
j=n+1 /
fori =1, ...,d and
n+n o
Ryi(n) = 42 r—;(e,q,i — Wi (0;-1)).
j=n+1

Then the vector M, (7)) = (M;,,1(n), ..., My q(n)) is amartingale w.r.t. (F,45)x, since
E[Bus1,i | Fu] = 0ns1Vi(0y). Note that up to now, we did not use the specific
definition of 5, which we will define later. For simplicity of notation, we write M, ;
instead of M, ;(n). Let us show that the martingale is bounded in L2(R?). Note that
we can write

Bn+77,i — On+y W, (9n+17— 1)
Tntn

My; =M, 1;+
and further estimate

E(My, My)|Fy) ZE((MM) %)

i=1

i E((Mp_1 )2 ]-'n)+IE<< "*'7"'""””‘1”'(9”*"*”)
n—1,i
i=1

Tn+n
]—',,)

E <Grz+nq"i (911+r]71)(] - \I"i (9n+n—1))

2
7

d
T ZZE <|:Bn+n,i — On+n ; (9n+r]71):| M,
izl Tn+n

7).

(39)

d
=Y E((My_1,)*1Fp) + —
i=1 "+71
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Since 0,4y Wi Ongp—1) (1 —W¥; (Bn4y—1) < 044y and by recursivity, we can estimate

n+n o
E((M,, M,))|F,) <d .
j=n+1%i
n+n n+n z 00 T 00
1 1
S Ao Sdrs Y " Cdv= [ Sdr=—., 0
72 T2 x X T
j=n+l 0 jEn1 YT j=n+1701 i g
so that M,, is bounded in L2(R%):
d
EE(M,, Mn)|Fy)) = E(My, My)) < - 41)

n

which implies that M,, converges almost surely and in L? (Rd) to some Mo, € L? (Rd ).
Observe that there exists a sequence (3,),>( (see Lemma 5.1 from [31]), such that
it satisfies (i) and (ii) from Proposition 4.3, and

lim 5 =0.
n— 00 Snrn

For any € > 0, choose N1 > 0, such that, for all n > N

1) 4d
P (Mn,1<N1> > ﬂ) < <e (42)
2 SNI N

By Proposition 4.3, for §, asin (42) W.l.o.g., we may assume that P(N, < oo) > 0,
where N, :=inf {n : 6, < % — 8, }. Choose n = max{N;, N>}. Henceforth, we will
work with M, 1(n) and R, 1(n) for this choice of n. As before, we write M), ; and
R,1 for notational simplicity.

Lemma 4.2 yields that 6, — 6* as n — 00; hence, together with M,, - M a.s.,
we deduce that R, has to converge as well. It remains to show that 6* # e where
e = %(el + ...+ er) and 2 < k < d. Assume that 6* = e. Recall that ¥; (%) = %
for 1 <i <k, and ¥;(6*) = 0 for all other i > k. Since W; (-) is continuous for all

i, and £(h) consists of isolated points, either ¥; (x) < x; for all x; € (ﬁ %) and

x; < \; (x)forallx; € (% k+1) orV¥; (x) > x; forallx; € (ﬁ %) andx; > V; (x)

for all x; € (%, k%) and i fixed. W.L.o.g., we may assume that W; (x) < x; for all

. 1 1
we (i h)
8"}

On the event E, := {61 < % =8N [supnz" M, 1(n) < 7}, we have 6, | —
Vi(6,;) > 0 and from (42) P(E,) > 0. Now let show by induction that on E,,
On1 < % — 57” for n > n. The base step of the induction for n = 7 is obvious. Let us
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assume that 6,11 < % — 57”, which implies that R, | > 0 and 6; 1 — W(6;) > O for
n < j <n — 1. Therefore,

8

1 n 67]
Qn,l < 677,1 +Mn,1 =< % _517 + 7 =

1
k2

Therefore, on £, we have 6, 1 — W(6,) > Oforalln > nand 0 < lim, oo Ry,1 <
oo. But this is a contradiction, since on E)

)
lim R, = lim 6,1+ My —6,1) < ——. (43)
n— 00 n—oo ? ’ 2

O

Remark 4.5 Ideally, Theorem 1 should be stated as a corollary of Theorem 2. However,
we state the theorems in reverse order. This is because we will prove Theorem 2 using
Theorem 1.

Our proof for Theorem 2 is simpler than the proof of Proposition 7.1 from [31]. This

2
is due to the assumption ), (‘;—:) < 00.
Proof of Theorem 2 From Theorem 1, we know that
P(2) = 1.

By symmetry, W.L.o.g. we may assume 6, ;| —> 0 as n — oo. To prove (12), it is
enough to show that, conditioned on the event 8, | —> Oasn — oo, ifsup,~; Uy, 1 =
00, then we get a contradiction. -

Let us assume that sup,~; U,,1 = 00. Since U, | is non-decreasing, it follows
Uy, 1 —> 00, asn — 00. -

W.l.o.g. we may assume that for some m, n (large enough), U; 1.1 — U;,; > 0 for
n <i < m. For some C > ( by assumption (C),

m—1 U
Z Uiv1,1 — Ui ml] C

T > /;] x—adx ~ W (44)
i=n 1 n,1 n,1

Recall that we know from (3)
Un+1,1 = Un1 + Buy1,1,

where By, 41,1 follows Bin(on+1, W1(6,)).
Let us re-write the above equation as

UnJrl,l = Un,l + Un+1\p1(6n) + 671\/0n+1\y1 (Qn)(l - ‘-1—’1(9,1)), (45)

Bn+1,l*‘7n+llyl (6n)
N on 1 W1 0,) (1—W1 (6,))

where ¢, =
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Recall the definition of W;(x) as in (19). Since x € {[0, 119 \{0} and x| + x> +
..+ x4 = 1, and f is strictly increasing, we have Z;jzl fxi) > f(%) =: C;l,

which implies that
Vi (x) < Ca f(xi). (46)

By the estimate from Lemma 2.3 (iv) applied to (45), we get

Upt1.1 < Up1 + cdan+legl + €ny/ont1 W1 (0) (1 — W1 (6,))

Uni1,1 — Un On+1

O, <Ci— + 5 en\/0n+1‘111(9 YA = W1 (6n)). (47)
Un,l Tn Un 1
Thus,
— Uit1.1 — Uil Oit1
Z*U— Ca) —t iC o G (1 — WG, (@8)
i=n i1 i>n ’ i>n L 1
Combining this with (44), we get
Gz+1 1
+ 2 e €iVar V1O (1 — W1 6). (49)
n i>n % i=n i1
Furthermore, write
o On+1
L T o
n Tn+1

2
Observe that by our assumption ), ‘:—” < oo, we have lim,,, o 7 = 0, and hence,
= n

‘7”“ — 0,asn — oo.

from (54) we have
Therefore, using arguments similar to (40), for some suitable constant C’ > 0, we

obtain

Jitl\a
Oi+1 (r+ 7 )¥0i41 , 1 , 1
E o = E o < C ] x—adx =C 1

i>n i i>n i+1 Tn

Using the above bound in (49), we obtain where C, C’ > 0 are suitable constants
that may change accordingly

C 1 1
= Clmp + 2 e Vo Vi) = %1 6)

-1 -1
ue ;;f

n,1 i>n il

n,l
i>n il

_ 1
C=Co + UL ) raVoin @)1 - ¥i@). 5D
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Let us denote by

_ 1
Ty= Uyt ) g/ Wi (= 1 6)). (52)

i>n i1

then

T, < U Ua —lei1y/oi1 W1 (0) (1 — W1 ().
i1

Using (46) and f(x;) < x7, we get for some C'>0

T, < C'UYY IZ

izn Ui,l

\/Uz+1 (I —Wi(6;)).

U,
Since U, is non-decreasing in n, we have U’“ < 1 fori > n. Therefore, from the

above equation, we get

| T SC’

Z |61 \/O’H_l ‘Ijl (9 ))

i>n

a—1
ﬁ2| zl\/m1 ( t1> (1 —Ww16))

FD A,/"‘“ (’) (53)
Un,1 i>n

where we have used (1 — W(6;)) < 1, and U,,1 < 7. Now, consider the following

quantity
U+1 T, -1
1 n
Ny o= Z| €l ( )

It is easy to see that (N,), is a non-negative submartingale w.r.t. (¥,),. Furthermore,
write

o On+1

n+1 _ Tn+1

. = o o (54)
n Tn+1

2
. O, .
Observe that by our assumption » 1 —r’ﬁ < 00, we have lim,,_, 5 —‘;” = 0, and
- n n

hence, from (54) we have 25 — 0, as n — 0.
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Recall that U';“' —> 0, as n — oo follows from (54). Therefore, for all n(large
enough), we obtain

2 T+t
e
i—1
=11 <1+—°7+1)
j=n b
=1 +4o0(1))™, foralli > n. (55)

Therefore, using the above inequality, « > 3, and t; > i we obtain

.\ (@=D/2 o0 1 (@—1)/2
)3 (_> -y <—> < . (56)
- 2T+ oDy

: T
i>n i=

We have for some C > 0 that

00 (e—=1)/2
supE(N,) < C supZ ( ) < 00, (57)

n>1 n>17 i1

where we have used (55) and E(|¢;|) < (]E (eiz))l/2 < 1, which follows from the
Cauchy-Schwartz inequality. By the martingale convergence theorem, Theorem 2.5
[14], we have that almost surely N,, — Ny and P(No, < 00) = 1.

Therefore, since we assumed that U, 1 —> 00 as n — 00, we get for all n large

enough
1T, < FD aily 7 (’) <e (58)

1=zn

for any € > 0. From (51), we get on the event {6, —> 0},
C=<CO" +T, — 0, asn— oo,

which is a contradiction since C > 0. O

Remark 4.6 We believe that P(.%) = 1 when « > 1, but our submartingale works
only when o > 3. The other alternative method which we have not done is to try and
use an argument similar to the ones available in [31] to show that

.. 1 1
P (timinf ———}  —o-ei/oi 10,00 = ¥i@00) <00 | =1,

n—00 7 (
U’ Ay i>n il

where A, 1=, L

i>n '[
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Appendix A Stochastic Approximation

In this section, we will introduce relevant quantities and existing results regarding
stochastic approximation. We will use notation from [7, 9]. Define the following
recursive scheme on a filtered probability space (2, F, (F,)n>0, P) with values in a
compact set I = [0, 119 ¢ R?:

On+1

On1 = 0p + [h(é’n) + AMn+1] , (59)

Tn+1 On+1
where (%)nil is a positive sequence of numbers, 1 : I' — R< is a continuous
function, (AM,),>0 a (F»)n>0-martingale increment, defined in (10). The mean-field
function 4 was defined as
Ja(y)
h(y) = —————

it ©
fory el.

The main idea of stochastic approximation techniques is to show that the recur-
sive system defined in (59) behaves like an ODE perturbed by a small noise term.
Then the recursive system is shown to converge toward the equilibrium points of the
deterministic flow induced by the driving term #.

The limit set L({w,},>1) of the sequence {wy},>1 is the set of points x € I’
such that there exists a subsequence (nx)x>1 such that limy_, s nx = oo for which
limy— 00 Wy, = X.

Consider furthermore the ODE

y =h(y) (61)

and associated with 4 look at (® (¢, x));>0,xer the I'-valued flow of the system. The
family {®;},cr, , where ®,(x) = ®(z, x), satisfies the group property, is defined as
@ =Id and for all (¢, s) € R?

<Dt+S = q>t o q)s.

For every x € T', (®(¢, x));>0 is the unique solution to the ODE (61)
d
d—tCDz(X) = h(®(x)), (62)

where ®q(x) = x. It exists since 4 is locally Lipschitz which follows from continuity
of the function f. Denote by £(®) = {p € T' : &;(p) = pforallt > 0} the
equilibrium set for the flow ®. Note that by definition, this set is invariant.

Definition A.1 Let § > 0, T > 0 and I' a metric space with metric d. A point x is
said to be (8, T)- recurrent if there exist k € N points yy, ..., ye—1 € ['and #1, ..., fx—1
such that foralli =0, ...,k — 1l and y; = x

ti >T; d(yo,x) <8; d(®; (i), yi+1) <96.
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A point is called chain recurrent if it is (8, T)-recurrent for all § > 0, T > 0. The set
of all chain recurrent points of the flow ® will be denoted by CR(®).

Definition A.2 A compact set I" is called internally chain recurrent if each x € T is
chain recurrent for the flow ®.

The omega limit set of ® is defined by L(®) = |, @ (x), where
w(x) = {p € I' : I(tx)x such that fxy — oo and p = lim <I>,k(x)} .
k—o00

One has that
E(P) C L(P) C CR(D), (63)
see page 21 of [9].
We will need the notion of a strict Lyapunov function for the flow ®, see also Sect.
3of [7].

Definition A.3 A Lyapunov function for the flow ® (or #) on A, A C I" invariant set,
is a continuous map V : I' — R such that t +— V(®;(x)) is constant for x € A
and strictly decreasing for all x € '\ A for all #+ > 0. When A = £(®P), we call the
function strictly Lyapunov. If such a V exists, we call & a gradient-like vector field.

Lemma A.4 Let the flow ® be defined in (62) and h in (60) and F : ' — R by

4 oy ‘
F(y) = Z/O A
i=1 !

Z

Then V. = —F is a strict Lyapunov function for ® on E(®P).
Proof Fori =1, ..., d, write the ODE (61) as

. . d .
$i(0) = Yi (1) JOi() Zyj(l)f(yj(t))

IEENI \ yi@) P v
d (64)
Yi(0) 9 9
= ———— | —F _ nF
T |y 70O = 2305 FO0)

Jj=1

where F : RY - R, F(y) = (Fi(y1), ..., Fg(ya)), and F(y) = Zf-l:l Fi(yi). We
have that F(0) = 0 and

0 S (i)
a—F(y) = _"
Vi Vi
For each coordinate i = 1, - - - , d we can write

i Vi
Fi(yi) = / iFi(z)dz = &dz
0 0z 0 Z
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where z € R. The function —F is strictly Lyapunov for & since

— F(y(r)) = Z Ji (z) 5 PO

i=1
2
1 d
= o lZm)( F(y(r))) (Zy,a) F(y(r))) l>0

where the last step follows from Jensen’s inequality. Finally, note that it is constant on
the equilibrium set £(h) = £(P):

d 2 d 2
> i (iF(y(r») — (w2 Fom)
i1 8yi o 8yl’

N T I ’
gj e (;jf(y,-(m)

i=1

d
Z @) f i) = IE@)IF =0,

where in the before last equality we used (15). O

Proposition A.5 Let ® be the flow on T, where T is compact. Furthermore, let A C T
be compact invariant set and V : I' — R a Lyapunov function for ® on A with finite
V(A), then

CR(®) C A.

The last proposition is same as Proposition 3.2 from [7]. Choosing V = —F and
as invariant set A = £(®P) in the last proposition together with (63) implies that

E(P) = L(P) = CR(D).

The following theorem is equivalent to Theorem 6 from [19], based on Theorem
5.7 from [9].

Theorem A.6 Let {0,,},>1 be a solution to (59) and assume that

2
i) >, (;’—:) < oo.
(i) h is a local Lipschitz function.
(iii) sup,>; E(JAM,|3|Fy) < oo a.s.

Then almost surely, L({0,},>1) is a connected set, internally chain recurrent for the
Sflow ® induced by h, L({6n}n>1) C CR(D).
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Proof The first assumption is trivially satisfied, the second follows from the fact that
f is locally Lipschitz since itis C'((0, 1)), and the third follows trivially from writing
the martingale difference as in (10). m]

The next corollary is analogous to Corollary 3.3. from [7]; the proof is adapted.

Corollary A.7 Let {0,},>1 be defined in (59). Then 6, — 6* a.s. as n — oo where
0* € E(h).

Proof Let @ be the flow induced by & defined in (60) on " = [0, 11 and let L{6n}n=1)
be the set of all almost sure limiting points of {6,},>1. By Theorem A.6, L({6,},>1)
is a connected set, internally chain recurrent for the flow ® induced by /. By Lemma
A.4, we know that there exists a strict Lyapunov function for the flow on I" and by
Proposition A.5 the set L({0,},>1) consists of equilibria, £(P) = £(h). Since they
are isolated (Lemma 4.1), L({6,},>1) coincides with the set of equilibrium points. O
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