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CENTRAL LIMIT THEOREMS OF A RECURSIVE STOCHASTIC
ALGORITHM WITH APPLICATIONS TO ADAPTIVE DESIGNS

BY LI-XIN ZHANG!
Zhejiang University

Stochastic approximation algorithms have been the subject of an enor-
mous body of literature, both theoretical and applied. Recently, Laruelle and
Pages [Ann. Appl. Probab. 23 (2013) 1409-1436] presented a link between
the stochastic approximation and response-adaptive designs in clinical tri-
als based on randomized urn models investigated in Bai and Hu [Stochastic
Process. Appl. 80 (1999) 87-101; Ann. Appl. Probab. 15 (2005) 914-940],
and derived the asymptotic normality or central limit theorem for the normal-
ized procedure using a central limit theorem for the stochastic approximation
algorithm. However, the classical central limit theorem for the stochastic ap-
proximation algorithm does not include all cases of its regression function,
creating a gap between the results of Laruelle and Pages [Ann. Appl. Probab.
23(2013) 1409-1436] and those of Bai and Hu [Ann. Appl. Probab. 15 (2005)
914-940] for randomized urn models. In this paper, we establish new central
limit theorems of the stochastic approximation algorithm under the popular
Lindeberg condition to fill this gap. Moreover, we prove that the process of
the algorithms can be approximated by a Gaussian process that is a solu-
tion of a stochastic differential equation. In our application, we investigate a
more involved family of urn models and related adaptive designs in which
it is possible to remove the balls from the urn, and the expectation of the
total number of balls updated at each stage is not necessary a constant. The
asymptotic properties are derived under much less stringent assumptions than
those in Bai and Hu [Stochastic Process. Appl. 80 (1999) 87-101; Ann. Appl.
Probab. 15 (2005) 914-940] and Laruelle and Pages [Ann. Appl. Probab. 23
(2013) 1409-1436].

1. Introduction. Stochastic approximation (SA) algorithms, which have pro-
gressively gained sway thanks to the development of computer science and au-
tomatic control theory, have been the subject of many studies. An SA algorithm
is also used in clinical trials to solve the dose-finding problem [see, e.g., Cheung
(2010) and the citations therein]. The basic frameworks of SA algorithms and their
theoretical results can be found in classical textbooks such as those by Benveniste,
Meétivier and Priouret (1990), Duflo (1996, 1997), Kushner and Clark (1978) and
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Kushner and Yin (2003). In this paper, we consider the following recursive SA
algorithm defined on a filtered probability space (2, %, (%,)n>0, P)
h@,) AM, ;141,41

1.1 0 =0, — ,
( ) n+1 n n+1+ n+1

where 0,, is a row vector in RY, the regression function h : RY — RY is a real
vector-valued function, 6y is a finite random vector, Mg =0, {AM,,, .%,,;; n > 1} is
a sequence of martingale differences and r, is a remainder term.

Very recently, Laruelle and Pages (2013) presented a link between this SA al-
gorithm and the response-adaptive randomization process in clinical trials based
on the randomized Generalized Friedman Urn [GFU, also known as a generalized
Pélya urn (GPU) in the literature] models investigated in Bai and Hu (1999, 2005).
They derived the almost sure (a.s.) convergence and the joint asymptotic normal-
ity or central limit theorem (CLT) of the normalized procedure for both the urn
compositions and the assignments by applying SA theory. Higueras et al. (2003,
2006) also showed that the urn compositions can be written as an SA algorithm
under some extra assumptions, including that the total number of balls added to
the urn at each stage is the same. However, they did not consider the procedure of
assignments.

The main tool used by Laruelle and Pages (2013) to derive the asymptotic nor-
mality of GPU models is the CLT for an SA algorithm. Various types of results
on the CLT of #,, have been established in the literature under certain conditions,
especially when r,, = 0, and they can thus be found in classical textbooks such as
that by Kushner and Yin (2003), page 330. For results in a more general frame-
work, one can refer to Pelletier (1998). Let 8 be an equilibrium point of {h = 0}.
Assume that the function h is differentiable at #* and that all of the eigenval-
ues of Dh(6*) =: (3h;(0%)/30;;i, j =1,...,d) have positive real parts. Denote
0 = Re(Amin), where Anin is the eigenvalue of Dh(#*) with the lowest real part. In
considering the CLT, p > 1/2 is usually assumed as a basic condition. The follow-
ing CLT can be found in Duflo (1997), Benveniste, Métivier and Priouret (1990)
and Kushner and Yin (2003) [cf. Theorem A.2 of Laruelle and Pages (2013)] with
different groups of conditions.

THEOREM 1.1. Let 0* be an equilibrium point of {h = 0}. Suppose that 6,, —
0* a.s. and assume that for some § > 0,

SUpE[||AM,11[1°7|.%,] < 400 as.

n>0

(1.2)
E[(AM,+1)'AM,, 11|, ] > T  as.,

where T is a deterministic symmetric positive semidefinite matrix and for an ¢ > 0,

(1.3) (n + DE[IITn4101*Liyp, —p*<e}] = O



3632 L.-X. ZHANG

Suppose p :=Re(Amin) > 1/2. Then

(1.4) Ji(0, —60%) 3 N©, D),

where

(1.5) Y= /oo(e—(Dh(0*)—I[[/Z)u)tre—(Dh(B*)—Id/Z)u du,
0

and 1z is a d x d-identity matrix.

In the cases of p =1/2 and 0 < p < 1/2, partial results have been established
when Dh(#™) is diagonal. For example, Duflo (1997), cf. Theorem 2.2.12 showed

that if Dh(0*) = pl, the CLT holds with rate lo’g’n when p = 1/2, and n”(8,, —

6*) almost surely converges to a random vector when 0 < p < 1/2. Laruelle and
Pages (2013) summarized this kind of results to their Theorem A.2 and applied
them to GPU, but they missed the condition that Dh(6*) is diagonal, thus the
results in their Theorem 2.2(b) and (c) are not consistent with those in Theorems
2.2 and 3.2 of Bai and Hu (2005). The main purpose of this paper is to establish
the CLT for a general matrix Dh(0*). We find that in the cases of p = 1/2 and
0 < p < 1/2, the results for a general matrix Dh(#*) are much more complex than
those for a diagonal matrix.

In the next section, we establish general asymptotic results on the SA algorithm
(1.1) under the popular Lindeberg condition, which is less restrictive than (1.2).
From these results, we find that the limiting behavior of the SA algorithm depends
on not only the value of the eigenvalue A, but also the multiplicity of this eigen-
value. Moreover, n” (8,, — 0™) does not converge in general when p < 1/2. Further,
in Section 3, we prove that the process of the algorithms can be approximated al-
most surely by a Gaussian process when p < 1/2 under a condition a little more
stringent than the Lindeberg condition, and the Gaussian process is a solution of a
stochastic differential equation.

As an application of SA theory, in Section 4, we derive the asymptotic properties
of an important class of response-adaptive designs in clinical trials based on the
randomized GFU. Laruelle and Pages (2013) provided a clever way to study the
asymptotic normality of randomized urn models. Motivated by their idea, as an
application of the new SA theory, in Section 4, we retrieve the a.s. convergence
and the asymptotic normality of the randomized GFU models under assumptions
much less stringent than those in Bai and Hu (1999, 2005). We investigate a more
involved family of urn models in which it is possible for the balls of each type to
be removed from the urn, and the expectation of the total number of balls updated
at each stage is not necessarily a constant. The asymptotic property of such urns is
stated as an open problem in Hu and Rosenberger (2006), page 158, and examples
of models featuring the removal of balls can be found in Hu and Rosenberger
(2006), Janson (2004), Zhang et al. (2011), etc. For this general framework, the
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first problem is to show the a.s. convergence. The methods of Bai and Hu (1999,
2005) and Higueras et al. (2003, 2006) do not work because they depend heavily on
the assumption that the total number of balls or the expectation of the total number
of balls updated at each stage is a constant. We show that the ordinary differential
equation (ODE) method proposed by Laruelle and Pages (2013) is valid to prove
the a.s. convergence, although in their original proof, such an assumption is also
needed. However, the ODE is no longer a linear equation, as it was in Laruelle and
Pages (2013). The convergence rate of the urn model depends on the second-largest
eigenvalue Ag. and the largest eigenvalue Ayax of the urn’s limiting generating
matrix. When the ratio Agec/Amax Of these two eigenvalues is large (>1/2), the
asymptotic property is also an unsolved problem [cf. Hu and Rosenberger (2006),
page 158]. In Section 4, a clear answer to this open problem is provided.

Finally, some basic results on the convergence of the recursive algorithm and
multi-dimensional martingales are given in the Appendix.

In the sequel to this paper, the Euclidean norm of a vector X = (xq, ..., xg4) is
defined to be ||x|| = 1/2]- sz, and the norm of a matrix M is defined to be |M]| =
sup{|[xM|| : x|l = 1}. 1= (1, ..., 1) denotes the unit row vector in R?. x' denotes

the transpose of x. For a function f(z) : RY — R, f(t) denotes its derivative, and
for a function f(x) : R — R?, Df(x) denotes the matrix of its partial derivatives
with the (i, j)th element being df;(x)/0x ;. Further, for two positive sequences
{a,} and {b,} and a sequence of vectors {v,}, we write a, = O(b,) if there is a
constant C such that a, < Cb,, a, ~ b, if a,/b, — 1, a,, = b, if a, = O(by)
and b, = O(ay), v, = O(by) if there is a constant C such that ||v,|| < Cb,, and
Vn = 0(by) if |Vyl/bp — 0.

2. Central Limit Theorems. In this section, we consider the central limit
theorem of the SA logarithm (1.1). We first need some assumptions. The first two
are on the differentiability of the function h(-).

ASSUMPTION 2.1. Let 6* be an equilibrium point of {h = 0}. Assume that
function h is differentiable at #* and that all of the eigenvalues of Dh(8#*) have
positive real parts.

Under Assumption 2.1, we have that h(§*) =0,
21)  h@) =h(8*)+ (0 — 6*)Dh(6*) +o(|0 — 6*])  as8 — 6",
and Dh(6*) has the following Jordan canonical form:

T~ ' Dh(6*)T = diag(J1, Ja, ..., J),
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where
Ao 1 0 0
o » 1 ... 0
Ji = :)htlv,+jv,’
o o0 ... a 1
0O 0 0 ... A by X0,
where I,, is a v; x v;-identity matrix and Sp(Dh(0%)) = {A1, ..., A} is the set of

eigenvalues of Dh(6*). Let p = min{Re(A), A € Sp(Dh(#*))} and v = max{v, :
Re(As) = p}.

When we consider the case of p < 1/2, we need a condition a little more strin-
gent than (2.1).

ASSUMPTION 2.2. Suppose that Assumption 2.1 is satisfied, h(6*) = 0 and
(2.2)  h(@) =h(0*)+ (6 —0*)Dh(0*) +o(|6 —0*|'T)  asf — 6*

for some ¢ > 0.

We show the CLT under the following conditional Lindeberg’s condition, which
is popular in the study of the CLT for martingales.

ASSUMPTION 2.3. Suppose that the following Lindeberg’s condition is satis-
fied:

1 n
= 2 E[IAM, IPI{IAM, | > ev/n}| Fna] =0 as.

m=1
(2.3)
or inLj,Ve>D0.

Further, assume that

1 n
(2.4) - Y E[(AM,)'AM,|-Fu—1] > T as. or inLq,
n

m=1

where I' is a symmetric positive semidefinite random matrix.

In Assumption 2.3, T is a % (= \/,, #,) measurable random matrix, which
was assumed to be deterministic in Bai and Hu (1999, 2005), Pelletier (1998) and
Laruelle and Pages (2013). Although I' is usually deterministic in practice, we
consider the general martingales, as in Hall and Heyde (1980). Our main results
are the following two theorems on the limiting properties of the sequence {#,} in
the cases of 0 < p < 1/2 and p =1/2.
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THEOREM 2.1. Suppose that 0,, — 0* a.s., Assumptions 2.2 and 2.3 are sat-
isfied, and p = 1/2. Further, for the remainder term r,, we assume that

n
(2.5) > re=o(/n/logn)  as.
k=1
or
2|l
(2.6) Z 2= o(,/logn) as. or inlLj.
m=1 ﬂ
Then
vn D <
where

- 1
28) %= lim

1
4/Og”(e‘@h(o*)—ldﬂ)”)tI‘e‘(Dh(e*)_Id/z)” du,
n—o0 (logn)>'~1 Jo

and N (0, %) denotes a mixing normal distribution with the conditional character-
istic function f(t) = exp{—%tEt’ } for given X. Moreover, X satisfies

. 1 1
U (wv=DH22w—1
whenever i = v| + Ve, JEVEA s+ and Ay = Ap, Re(Ay) = 1/2,
Vg =Vp =V, and (T*tZ'T),'j = 0 otherwise. Here, X* is the conjugate vector
of a complex vector x and tfll is the first column vector of the ath block in

(2.9) (T*ET) tr Tty

T=]I..., th e tha’ ...]. Further, let x4, be the last row vector of the ath block
nT '=I.., rzll, cee, riwa, ...]\. Then Tay, and t;l are respectively the left and
right eigenvectors of H with respect to the eigenvalue A, and

~ 1 1 t t

SRR e 2 (Fa,tar)"T (1T,

a,b:ig=Xxp,Re(hy)=1/2,v,=vp=v

THEOREM 2.2. Suppose that 0,, — 0* a.s., Assumption 2.2 is satisfied with
0 < p < 1/2. Further, assume that

n
(2.10) Y E[(AM)'AM,|.Zu_1]=0()  as. or inLy, and

m=1

n
Q1) ) r= o(n1=P%) a.s. for some 8y > 0.

k=1
Then there are complex random variables &y, ..., & such that
nf _ _
an — 0*) — Z e llm(ka)logngaeaT ! —0 a.s.,

a:Re(hg)=p,va=v



3636 L.-X. ZHANG

where i=+/—1,¢e,=1(0,...,0,0,...,0,1,0,...,0) is the vector such that the
vath element of its block a is 1 and other elements are zero, and e, T ! = Tay, IS a
right eigenvector of H with respect to the eigenvalue A.

When p > 1/2, the CLT is classical and can be found in the literature under
various groups of settings. Moreover, the stepsize ﬁ can be more general. One
can refer to Benveniste, Métivier and Priouret (1990), Duflo (1997), Kushner and
Yin (2003), cf. Theorem 2.1, Chapter 10, Pelletier (1998), etc. Here, in considering
applications to a general framework of GPU models, we present the following

example under the Lindeberg condition.

THEOREM 2.3. Suppose that 0, — 0™ a.s., Assumptions 2.1 and 2.3 are sat-
isfied, and p > 1/2. Further, for the remainder term r,, we assume that

n
(2.12) Y re=o0(/n)  as. or inlLy.
k=1
Then
(2.13) V0, — 01 B N©O.Z)  (stably),
where
(2.14) Y= f Oo(e—(Dh“’*)—Id/Z)“)‘re—<Dh(9*>—Id/2>“ du.
0

REMARK 2.1. The condition (2.2) cannot be weakened to (2.1) in Theorems
2.1 and 2.2. The convergence rates in conditions (2.5) or (2.6) cannot be weakened
in Theorem 2.1.

From the proof of Theorems [cf. (2.22) and (2.25)], we have the following corol-
lary on the rate of the a.s. convergence.

COROLLARY 2.1. Suppose that 0, — 0% a.s., Assumption 2.1 is satisfied
with p > 0. Further assume that condition (2.10) in Theorem 2.2 is satisfied, and

%Zzzl I, = o(n_%“’”) a.s. for all § > 0. Then
0,—06"= o(n_%ApH) a.s. for all § > 0.

Now, we give the proof of Theorems 2.1-2.3. Write H= Dh(8*),

(@ —0%)"h(®)—h®6*) — (6 -6 H .
H , if @ #0*,

H(@®) = 0 —6%| 10 — 0% #
H, if @ =60*.
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Then H(@) — H as § — 6* and
h(6) =h(6*) + (0 — 6*)H(6).
LetH,11 =H(,), I =1, and forall 0 <m <n — 1

) (=) s T (u-5)
2.15 nm =1, - el Iy — — 1, In, = I,——).
(2.15) m <d p—— d m l_[ a7

n

Then H, — H a.s. as n — oo. It follows that for all 1 <m <n — 1, |[II}, || <
Cs(n/m)~P* as. and M| < Csn~PT° ass. by Proposition B.1(i) in the Ap-
pendix. By (1.1),

H AM
(2.16) 0,41 —0" = (0, — 0*)(Id _ n+1) i n+1+Tnpl '

n+1 n+1
It follows that

2.17) 0,—0"=(0p—

r
n Z A )
m=1
If we write s, = ) _; I',, then the last term is
n n—1
' Sy 1 1
2 o =10, + > Sm(;“% - m—HHfZH)
2.18) " "
—r[" L= Huetpgn
+ Z m (m + 1) m+1
PROOF OF THEOREMS 2.1 AND 2.3. First, we consider the case of p = 1/2.
Suppose the conditions in Theorem 2.1 are satisfied. At first, (2.5) or (2.6) will
imply that
n
(2.19) Y rw=o0(n'?*)  as.Vs>0.
In fact, it is sufficient to show that (2.6) implies (2.19). Note that

(2.20) Z||rm||<fz ”r’"”_o( nlogn) as. or inLj.

Assume that the above inequality holds in the sense of L. Then

2k+1 (2k+1 log 2k+1)1/2

k172428
Xk:P<X:1||rmllze(2 ) ) fc; R < 00.
m=
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It follows that for 28 < n < 2k+1,

2 m=1 ITml Zm Ll

nl/2+28 — (2k)1/2+26

—0 a.s.

(2.19) is true.
In contrast, one can verify that condition (2.10) or (2.4) implies that

(2.21) M, =o(n'/?*%)  as.forall § > 0.
Recall (2.17), (2.18) and H,, — H a.s. as n — o0. We have

n Mn+sn n ] Hm+1
0,—0"=(0o—0")1I+ I +mZ:1(M +Sm)ﬁ m+1

o(n' P10y L o(m!24) (2 )M

— (=S
(2.22) =o(n ) + " 2 m D

=o(n V228 a5 V8> 0.

According to condition (2.2), we have
. £y = (00— 0)H — (1(6,) —h(6%))
= 0(|0, —0*|" ") =0(n~"*/4)  as.

and

H ) 4 AMy41 + Tyt +I’:+1

0 —0*:0—0*([—
n+1 (n ) d n+1 nt1

It follows that

=n u AMm"‘n
0, — 0" = (00— 6%)TTj+ > ol L4

=: (00 — 0*)My + ¢, +n, + 1},

where TI) is defined as in (2.15), and ||TI,
Proposition B.1(i) in the Appendix. Thus,

n o —1/2-¢/4 12
. —0<1>Z (m> log"~!

If (2.6) is satlsﬁed, then

n —12
lewll (1 )
=00y = (E) log"~!

—o(n 1/2(10gn)v 172 a.s. or inLj.

| < C(n/m)~"?log"~'(n/m) by

n o(n"1*(logn)"~1/%) a.s.
m

n
m
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If (2.5) is satisfied, then we also have

l'[ + S n
Zl ’"m( +1> Tt

—-1/2
= oy e (1)

n
log" ™! —
£ m

n |
=0(n Plog" 'n ¥ o

oy m~/logm
= o(n_l/z(logn)”_l/z) a.s.

Atlast, ¢, is a sum of martingale differences. By verifying the Lindeberg condition
and checking the variance, we can show that

o
(logn)v—l/z C”

via the CLT for martingales [cf. Corollary 3.1 of Hall and Heyde (1980)]. The
above convergence is stated in Proposition B.2 in the Appendix. The proof of The-
orem 2.1 is complete.

Now, we consider the case of p > 1/2. Suppose Assumptions 2.1, 2.3 and (2.12)
are satisfied. It is obvious that the first term of (2.17) is O(1)n~PT% = o(n—1/?)
a.s., and the last term is

n n—1 —p4$
Zr—’"ﬂi’nzo(—ﬁ)+2 o(v/m) (n> pt o(n='1?)

o m n m(m—l— 1)

in probability by (2.12) and (2.18). The middle term of (2.17) is a sum of weighted
martingale dlfferences Unfortunately, we cannot apply the CLT for martingales
directly because { AM, II’;m=1,...,n}isnot an array of martingale differences.
We can show that the randorn welght l'I” can be replaced by the nonrandom weight
1'[ , that is,

ZN@©O,E)  (stably)

(2.24) 2t —1) — 0 in probability.
Now, {A%’” ﬁ;, m =1,...,n} is an array of martingale differences. By verifying

the Lindeberg condition and checking the variance, we can show that

M
" 2 N@©, %) (stably)

via the CLT for martingales. The above convergence and (2.24) are stated in Propo-
sition B.2 in the Appendix. Thus, (2.13) is proved. The proof is now complete. [
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PROOF OF THEOREM 2.2. Recall (2.17) and H,, — H a.s. as n — 00. By
(2.11) and (2.21), we have

0,—0"
M, +s n-l —H 1
N S RPUE Ry
m=1
— O(n—/H-(S)
o(n'/?/2) 4 o(n!=P) "X o(m!/*H/2) + o(m'=P) (n\~PH
+ n + oy m(m+1) <E>

=o(n "1 a.s.

It follows that

(2.25) np_’S(O,, —0")—0 a.s. forall § > 0.

According to (2.2), we can rewrite (1.1) as
H r
0 —0*=(0 _0*( _—) I’H—l’
n+1 ( n ) d +1 + n+1
where ry ;= o(]|0, — 0*||'t%) + AM,, o1 +r,11. From (2.11), (2.21) and (2.25),
it follows that s¥ =: >7_,rf = o(n'=#7%) a.s. for some § > 0. Recall that H
has the Jordan canonical form T~'HT = diag(Jy, ..., J5), with J, = A.1,, + jva.

Denote (6, —0")T:=y, = (Yn.1,---»Yns)s LT =T = Ty 1, ..., Fry), S;T 1=
Sn—(§n | EI Sns) Then

Ja ) i:n+l a
= I, — —,
Yn+1.a Yn,a( Va ntl + ntl
Write
~ n J
= T (L")
j=k+1 J
Then
~ ~ —Re(hq) vg—1
IT5“) < Cn= R Qogmy=!, I <C (E) (“%) ’

1 <k<n IfRe(},) <1, thenl'[ “na > Ay, n~ J‘l(l'[na) 1—>A ! for an in-
vertible matrix A,, and ||l'I0 ‘U ~ _Re()‘a)(log n)’a~1. We have

rka na
k

Yna—YOOH() +Z
k=1

n—l
- na
+}; k+1 .
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If Re(A,) > p, then
I¥nall = 00~ R (ogn)* ! + o(n™"7%)

O(k p— 8) Re(rq) n vg—1
1 —
+Z k+1 (k) (ng)

=o(n™ ™)  as.
for some 0 < k¥ < Re(Ay) — p. If Re(A,) = p, then

_ (k=P=%) 7\ Va—1
nall = O(1 Pl va—l p= 5 70 (—) <1 —)
I¥n.all = O(1n~"(ogn)™ " + o(n~ +k§ 1 \k og 7

= O0()n(logn)** ' = o(n""(logn)"~) a.s. when v, < v.
Finally, consider the y,, , with Re(A,) = p and v, = v. Note that

~ n—1~

S —Ju =
() +Z ku Va al.[l(;-‘,-la)

Yi.a (ﬁg’a)_l =Y0,a

Observe that

~

Sn.a (17[8’“)_1 = o(n_p_‘s)np(log )’ 150 a.s.,
n
X1 1—p—6
Sk,a L, —Ja k1,01 Ok =r7°) -1
D5 () _CZ—kp(logk)”“ <00  as.
= kK k+1 P k2
It follows that
o Sta Loy, = Ja  skt1iay—1
y» a(n ) — Y0,a + Z 4% 4 (HO ,a)— a.s.
part k k+1
Thus,
2 Ska Ly, —Ja skt Lay—1
J a v, a & ay—
Yu,an a > Ea =: |:y0,a + Z (HO ) j|Aa a.s
P k k+1

It follows that
Yna= (€, +o()n I = (&, +o(1))n " exp{—J,, logn}

va—1 __v jl J
= Z £, +o()n —M%

1 (logn)"e!

T ©,...,0, 1) 4+ o(n""(logn)’™)

=&, M (=1)

S _n_"(logn)"! - _
= &g py—n M) () lﬁ(O,...,O,l)—l—o(n ?(logn)’ "),
a_ .
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because (Jva)"“ = 0. Denote &, =&,,,,—1(— 1)"“_1 1), Then
n” —ilm(y) logn
—_—y, — e a e, =0 a.s.,
(logn)v_l y" a:Re(Aa)Z:p,va:v Ea ‘
n’ * —iIm(x,)logn -1
0, —0%)— Z e £, T =0 a.s.

———
(IOgn)v a:Re(Ag)=p,va=v

The proof is complete. [J

3. Gaussian process approximation. Write H= Dh(#™). Suppose that B(7)
is a d-dimensional standard Brownian motion that is independent of I'. Let G; be
a solution of the following differential equation:

G(1) dB(l)rl/z
t

(3.1) dG(t) ———Hd G(1) =G;.

It can be verified that
' dB r1/2 H
G(t):/ LG) + Gt H, t>0.
1 X

When G =0, for a given I', G(#) is a Gaussian process with the variance-
covariance matrix

32 VarlGo)}= % | O (e DRO) Dy (DR T g,
0

It is obvious that for a given I, the limit variabilities in (2.14) and (2.8) are, re-
spectively,

. . t
tl_lglotVar{G(t)} and tl_l)rgomVar{G(t)}.

The next theorem shows that 8, — 0™ can be approximated by the Gaussian process
G(?) under certain conditions. From the Gaussian approximation, we can obtain
the law of the iterated logarithm for #,, — ™ and the functional central limit theo-
rem for the process 0,;] — 0.

THEOREM 3.1. Suppose that Assumption 2.2 is satisfied, 8,, — 0* a.s. and

(3.3) Zr (n'/7750)  as,

(3.4) Z E[IAM, 2T {|AM,,|> = m'=*0}|.Z,_1]/m' ™% <00 as., and

m=1

n
(3.5) Z E[(AM,,)'AM,, | % 1] = nT + o(n'=#) a.s. or in L

m=1
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for some 0 < g9 < 1, where T is a symmetric positive semidefinite matrix that is
Fm-measurable for some m. Then [possibly in an enlarged probability space with
the process {(@,,M,,r,); n > 1} being redefined without changing its distribu-
tion] there is a d-dimensional standard Brownian motions B(t) that is independent
of ', such that

(3.6) 0, —0* =G(n)+o(n 1?77 a.s. for some T > 0,
when p > 1/2, and

(3.7) 0,—0*=Gmn)+0(n ?log"'n)  as.
when p = 1/2, where G(t) is the solution of equation (3.1).

REMARK 3.1. The proof of Gaussian approximation is based on the strong
approximation theorems for multivariate martingales. The condition that I is .%,,-
measurable for some m is given by Eberlein (1986), Monrad and Philipp (1991)
and Zhang (2004) to establish the strong approximation theorems for multivari-
ate martingales. For general random I', the strong approximation is unknown. In
practice, I is usually assumed to be deterministic.

PROOF OF THEOREM 3.1. Note conditions (3.4) and (3.5). By Theorem 1.3
of Zhang (2004), possibly in an enlarged probability space with the process
{(0,,M,,,r,;); n > 1} redefined without changing its distribution, there is d-
dimensional standard Brownian motions B(#) independent of I', such that

(3.8) M, =Bm)I'/? + o(nl/z_’) a.s. for some 7 > 0.

Let G(¢) be the solution of equation (3.1). By some elementary calculation we can
write

n+1 n+1 dB
G(n+1)—G(n)=—/ @dxH—i-/ dBX) piy2
n X n X
_ GOy Bet+ D —BmIC 48,
n+1 n+1

with
o0
3.9 Z Om being convergent a.s.
m=1

According to (1.1), we have

0,01 —0F

— (0, — 0*)(Id -

H ) . AM, 11 + [0, — 0" )YH—h(0,)] + 1,41
n+1 n+1 '
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It follows that the sequence {0, — 0" — G(n)} satisfies

H >k
0,1 —0*—G H=(0, —6*—G - ntl
" (n+1) = (”))(d +1>+ L

with

i =Tutt = 8pp1 + [0, — 0" )H—h(0,)] + AMyy1 — B+ DT/?).
According to (2.23),
(3.10) (0, — 6" H—h(8,) =0(|0, — 0% ™) =0(n~1/>¢/*)  as.
From (3.3), (3.8), (3.9) and (3.10), it follows that

Z T, n'/27%)  as. for some 7 > 0.

Recall that ﬁ’,; = ';:mH(Id - %) and ||ﬁ”m|| <Co(;;)™* log"~! -~ by Proposi-
tion B.1(i). Following the lines in (2.17) and (2.18), we conclude that

0,—60"—Gn)

-H -,

1
:(00_0)H0+ nn +Zm m+1

m(m—+1)

1/2—t n—1 1/2—t —p

=0Mn"log" 'n+ o) + om ) (£> log"~'n
n o] m(m+1)

=0~V 10g 1 n)  as.

The proof is complete. [J

4. Urn models. Urn models have long been considered powerful mathemati-
cal instruments in many areas, including the physical sciences, biological sciences,
social sciences and engineering [Johnson and Kotz (1977), Kotz and Balakrishnan
(1997)]. The Pélya urn (also known as the Pélya—Eggenberger urn) model was
originally proposed to model the problem of contagious diseases [Eggenberger
and Pdlya (1923)]. Since then, there have been numerous generalizations and ex-
tensions. Among them, the GFU (also known as the generalized P6lya urn or GPU
in the literature) is the most popular [see Athreya and Karlin (1968), Athreya
and Ney (1972), Janson (2004); etc.]. In clinical trial studies, response-adaptive
designs for randomizing treatments to patients aim at detecting “on-line” which
treatment should be assigned to more patients while retaining enough randomness
to preserve the basis of treatments. A large family of adaptive designs is based on
the GFU [Bai and Hu (1999, 2005), Hu and Rosenberger (2006), Hu and Zhang
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(2004), Smythe (1996), Wei (1979), Wei and Durham (1978), Zhang, Hu and Che-
ung (2006), Zhang et al. (2011); etc.]. In this model, the adaptive approach relies on
the cumulative information provided by the responses to previous patients’ treat-
ments to adjust treatment allocation to the new patients. The idea of this modeling
is that the urn contains balls of d different types representative of the treatments.
At the beginning, the urn contains Yo = (Yp,1, ..., Y0,4) € R4 \ {0} balls, where
Yor denotes the number of balls of type k, k=1, ...,d. Atstagem (m=1,2,...),
a ball is drawn from the urn with instant replacement. If the ball is of type &,
then the mth patient is allocated to treatment k, and additional Dy ,(m) balls of
type ¢, g =1, ...,d, are added to the urn, where Dy ,(m) may be a function of
another random variable &(m) and also may be a function of urn compositions
and the results of draws from previous stages. The random vector & (m) is usually
the response of the mth patient. This procedure is repeated throughout n stages.
After n draws and generations, the urn composition is denoted by the row vector
Y, =Yn1,..., Yna), where ¥, i is the number of balls of type k in the urn after
the nth draw. This relation can be written as the following recursive formula:

(41) Yn :Yn—l +XnDnv

where D,, = (Dk,q(n))z’ g=1 and X, is the result of the nth draw, distributed ac-
cording to the urn composition at the previous stage, that is, if the nth draw is
a type k ball, then the kth component of X, is 1 and other components are 0.
The matrices’ D, s’ are named as the adding rules. The conditional expectations
H, = (E[Dk,q(n)|%‘n_1])f’q:1, for given the history sigma field .%,_; generated
by the urn compositions Yy, ..., Y,—1, the results of draws Xy, ..., X,_1 and
&(),...,E(m — 1) of all previous stages, n = 1,2, ..., are named as the generat-
ing matrices. When D,, n = 1,2, ..., are independent and identically distributed,
the GFU model is usually said to be homogeneous. In such a case, H, = H are
identical and nonrandom and the adding rule D,, is merely a function of the & (n).
In the general heterogeneous cases, both D,, and H,, depend on the entire history
of all of the stages.

Write N, = (N1, ..., Nu.g), where N, i is the number of times that a type
k ball is drawn in the first n stages. Also, in an adaptive design based on this
urn model, N, ; is the number of patients being assigned to treatment k after n
assignments. Obviously,

4.2) N, =) X;.
k=1

Athreya and Karlin (1967, 1968) first considered the asymptotic properties of
the homogeneous GFU model and conjectured that N,, is asymptotically normal.
Janson (2004) established the functional CLTs of Y, and N,, for a homogenous
case in which the numbers of each type of balls were assumed to be integers. Bai
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and Hu (2005) established the asymptotic normality for the nonhomogeneous GFU
model under the following conditions:
4.3) H,—H a.s., H= (Hk,j)dxd, Hk,j >0,

(4.4)  supE[|ID,[I*1F0-1] < 400 a.s. for some ¢ > 0,

n>1

4.5)  Cov[{Dgk(n), Dg (M)} Fu-1] = Vyu as.,q,k,l=1,...d,

H;n — Hlloo
(4.6) Z <00
m=1 \/_
(4.7) nE|H, —EH,|>—>0  as.,

4.8) H,1'=«al' withl=(,...,1) for some « > 0,

a.s.,

and Agec < /2, where A is the second largest real part of the eigenvalues of H.
Higueras et al. (2006) also considered the asymptotic normality of the urn compo-
sitions Y, under the condition that

(4.9) nE|H, — H||> - 0,

which is weaker than Bai and Hu’s conditions (4.6) and (4.7). However, Higueras
et al. (2006) only considered the case Agec < /2 and assumed an extra assumption;
namely, that D, 1" = «1’, which is stricter than (4.8).

Laruelle and Pages (2013) derived the joint asymptotic distribution of the vector
(Y, N;,) and weakened conditions (4.6) and (4.7) to (4.9). Moreover, the results
only held when Ag. < /2. In the study of adaptive designs driven by urn models,
Asec < /2 is a very stringent condition even when d = 3 [cf. Chapter 4 of Hu
and Rosenberger (2006)]. The limit properties for Agec > /2 and for the case that
(4.8) is not satisfied are stated as open problems in Hu and Rosenberger (2006),
page 158. In this section, we derive the joint asymptotic distribution of (Y,,, N,,) by
applying our new results on the SA algorithm (1.1). We consider both the cases of
Asec < o/2 and Agec > /2. We also remove condition (4.8) and weaken condition
(4.4) to the conditional Lindeberg condition.

Before we state the results, we first need some more notation and assumptions.
To include various cases, we allow the numbers of balls to be nonintegers and neg-
ative. For example, Dy ;(n) < O means that | Dy ;(n)| balls of type / are removed
from the urn when a ball of type of k is drawn. We assume that a type of ball with
a negative number will never be selected and so

_l’_
Yn 1,k

PXux=1|%,_1) =
(n,k |nl) |Y+|

Here, Y k = max{Yn ks 0} is the posmve part of Y, «, ,T = (Y;l,...,YId),

Y| = Zk Y k and is defined as 3, which means that each type of ball is
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selected with equal probability when the urn has no balls with a positive number.
In this general framework, the urn allows negative and/or non-integer numbers
of balls, removal and nonhomogeneous updating. In considering the asymptotic
properties, we need two assumptions on the adding rules.

ASSUMPTION 4.1.  Suppose that there is a deterministic matrix H = (H,, k)g, X
with Hy > 0 for g # k such that

(4.10) Y IH,—Hl|=0() as.

m=1

Further, assume that H has a single largest eigenvalue o > 0 and the corresponding
left eigenvector v = (vy, ..., vg) and right eigenvector u' = (uy, ..., ug)"' such that
duvk= 2 vkug=land vy >0,u;x >0,k=1,...,d.

Without loss of generality, we assume that o« = 1 throughout this paper. Other-
wise, we may consider Y,, /o, D;, /o instead.

Assumption 4.1 means that the updating is asymptotically stable and that on
average, a draw will not generate the removal of the undrawn balls to avoid urn
extinction, although balls of any type can be dropped from the urn at each specific
stage.

When H satisfies the conditions in Assumption 4.1, we let A5, ..., A be the
other eigenvalues of H and suppose that H has the following Jordan canonical
form decomposition:

4.11) diag(1,J2, ..., Js)

with J; = A0, + jv,, where v; is the order of the Jordan block J;. Denote by
rsee = max{Re(A2), ..., Re(Ay)} and v = max{v; : Re(A;) = Agec}.

ASSUMPTION 4.2. Let Vg (n) =: Cov[{Dyi(n), Dgi(m)}|%,—11, q.k,1 =
I,...,d, and denote by V,,; = (Vi ("))21,1:1- Suppose that

1 n
- > E[IDullPI{IDnll = ev/n}|-Fm_1]—>0  as.

m=1
(4.12)
or inL,Ve >0,
1 n
4.13) _ZVWI_)VCI as. or inLjforallg=1,...,d,
n m=1
where V, = (qul)fy 1=1-9=1,...,d, are d x d symmetric positive semidefinite

random matrices.
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4.1. Convergence results. An important step in showing the a.s. convergence
of Y,,/n and N,,;/n in Bai and Hu (1999, 2005) and Laruelle and Pages (2013) is

ZZ:] YnA,k
f n

the convergence o , which is derived from the observation that

d
Y (AYui —E[AY, 4| Fua])in =1
k=1
is a martingale difference sequence where AY, y =Y, x — Y,—1.4 and

d +

t Yn—l t
ZE[AYn,Hfg\n—l]:E[XnDnl |9n—1]= ¥ H,1 =a.
k=1 1Y, il

The last equality above is due to condition (4.8). When (4.8) is not satisfied, there

d
is not an easy way to directly show the convergence of M Next, we modify
the ODE method proposed by Laruelle and Pages (2013) to prove the convergence
of Y, /n and N,,/n. The following theorem is the main result followed by its proof.
Some of the basic tools in the ODE method that we used in the proof are presented
in the Appendix.

THEOREM 4.1. Suppose that

n
(4.14) Y Vug=0@®m) as. or inLforallg=1,....d,
m=1
and Assumption 4.1 is satisfied with Asec < 1. Then
Y}’l n
4.15) — =V as. and — — V.
n n

REMARK 4.1. Itis easily seen that (4.14) is implied by either sup,, E[||D;, 12|
Fm—1] < o0 as. or sup,, E[Dy, [|* < o0.

PROOF. To prove this theorem, we note that Y, =Y, + X,,+1D;+1 and

Y+
EXyp1]%0] = |Y5’|' Let AM,,1 =X, — E[X;|-#y-1] and AM,; 2 = X (D, —

E[D,|-%,._11). We have

Y+
(4.16) Y, 1 =Y, + ﬁﬂ + AM, 1, H+ AM, 112 + X1 (Hp g — H).
n
Under assumption (4.10), we have Y7 _; X,,(H,, — H) = o(n) a.s. It can be veri-
fied that M, 1H 4+ M,, » = o(n) a.s. by assumption (4.14). Thus,

n—1 n
Y+
Yn = YO + Z —$H+ (Mn,1H+Mn,2) + Z Xm(Hm - H)
m=0 | Ym| ]
= m=
n—1 Y$
= —+H+0(n) a.s.
= Y]
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It follows that

1 vd  y+
, Y, , 1S 12221 Yo g Ho
hmsup| .kl <limsup — Z 9 iﬁ’q 9 < max |Hy k| a.s.
n— 00 n n—oo N — |Ym| q.k
m=0
and
t n=1 x7+ .t
u 1 Y 'u .
liminf = liminf — m+ >minu; > 0 a.s.
n—oo pn n—oo p 0 |Ym| k

Let ®> be the set of limiting values of ];—’T as n — o0o. Then

@4.17) 0% C [0:(91,...,9d):0ut>0,050k5malx|Hq,,|,k:1,...,d].
q.

Next, we show that

(4.18) Y —Y,=o0(n) a.s.

Note that [Y;'| > cY;fu' > ¢Y,u' — oo a.s. as n — oco. Without loss of generality,
we assume that IY,Tl > 0 for all n. Then X414 =01if Y, x <O0. For n and &, let
I, =max{l <n:Y;; >0} be the largest integer for which Y; x > 0. Then

n d
Yo=Y, x+ Z Z Xm,qu,k(m)
m=l,+1g=1

n d
= Yln,k + Z Z Xm,q [Dq,k(m) - Hq,k(m)]

m=l,+1g=1
n d n d
+ > D XmglHpk(m) = Houl+ D Y XumgHgk
m=l,+1 g=1 m=Il,+1q=1
n d
=Y, k+ Z Z Xm,qgHgx +0(n) > Xy, 1,k Hy x +0(n) a.s.
m=l,+1g=1

because H; ; > 0 if g # k and X, =0 for m =1, +2,...,n. It follows that

liminf, _ 5 % >0 a.s., and then (4.18) follows.

. Y
Now, write 8,, = —- and
r, = (AM, | H+ AM,,») + X, (H, — H) + (AY; — AY,),

n n
Sp= Tm=M H+M,2)+ Y X,H,—H+ (Y, -Y,)

— Mo, H—Mo> — (Ys — Yo).
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Then, from (4.16) and (4.18) we conclude that ,, is bounded with a probability of
one and satisfies the SA algorithm (1.1) with

h(0) = (Id — %) and — —0 a.s.,
where |0| = ij:l |6k]. It is obvious that h(#) is a continuous function on {6 :
Ou' > 0}.

By Theorem A.1 (a) and Remark A.1, the set ®> of the limiting values of
0, is a.s. a compact connected set, stable by the flow of the ordinary differential
equation (ODE):

6 = —h().

It is obvious that h(v) = 0. By Theorem A.2, ® =: {f : u' > 0} is a region of
attraction of the above ODE for v. Moreover, ® is a neighborhood of v. Further,
O C O by (4.17). By Theorem A.1 (b), we conclude that

YT
L =0,V a.s.
n
Accordingly, Y,/n — v as., [Y|/n— |v|=1as.
Finally,
Y,
Nn = anl + (Xn - E[Xn|yn71]) |Y:l_ |
(4.19)
=--=M,1 —Mo+ Z e
|Y
It follows that
N M 12!yt
lim = fim My g LS Y/ oy
n—o0o p n—-oo p n—oop |Y+|/m
m=0"'"m

The proof is complete. [J

4.2. Limiting distribution. We apply Theorems 2.1-2.3 to show the rates of
convergence. First, we show that the random vector (Y N”) satisfies equation
(1.1). By (4.16) and (4.19), we have

Y+
Yor1 =Y+ — 7=+ AMup 1,1 H+ AMy 12 + X1 (Hp 1 — H)
n Yy /nl
and
Npi1 =N, + AM +Y+ ls
(4.20)

Y+ n ¢
=N, +AMn+11+<——v> +(Id—lv)+v.
n 1Yy |
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Write 0, = 00, 09) = (X Nuy g% = (v, ),
AM,, = (AM, 1, H+ AM,, 12, AM41,1)
and
o1 = (Xop1 (Hopr —H) + A(Y, | — Ya11),0).
Then 6, satisfies SA algorithm (1.1):
h(@,) . AMy 41 + T4

@.21) Orr =0, — LT
with
H I
h@y=0| ‘" 6D 180
0 I;

For r;, 1, by noting that Y, , is positive eventually, and thus Y, , =, ”+ 4 eventually
due to Theorem 4.1 and the fact that v, > 0, we have

4.22) Y, -Y,=0() a.s.

It follows that

(4.23) dllenll=01) > IH, —H|+0()  as.
m=1 m=1

. . Y Y,
For AM, 41, write X, | = dlag(%) - 7"% o= Zgzl = Vy11,4- We have

H'Y, H+X,, HZI
E[(AMVH'l)tAMn—f—l'cO}\n] — ( n,l n,2 n,l) '

2;n, 1H 2;n,l
Then, under Assumptions 4.1 and 4.2,

1 n
- Y E[(AM,)'AM,|#u—1]—>T  as. or inLy,
n

m=1
where
HX H+3, HT, . . d
I'=< > H 3 ), ¥ =diag(v) — v, 22=quVq.

qg=1
Finally, for h(#), it is easily seen that h(#) is twice differentiable at ™ with
o (Li—H-1%) —(I;—1')
Dh(p*) = ( : o).

Obviously, the system of the eigenvalues of both Dh(6*) and I; — (H — 1'v) is
{1,1—=2Ap,...,1 —A;}. Thus, p = min{Re(1), Re(1 — X3),...,Re(1 —X;)} =1—
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Asec- Further, it can be shown that if A, #~ 0, then the largest order of Jordan blocks
of both Dh(#*) and I; — (H — 1'v) with respect to their eigenvalue 1 — A, is
the same as the largest order of Jordan blocks of H with respect to its eigenvalue
Aq. Hence, by applying Theorems 2.3 and 2.1 we have the following central limit
theorems for (Y,, N,,).

THEOREM 4.2. Suppose that Assumptions 4.1 and 4.2 are satisfied.

(1) Further, assume that hgec < 1/2 and

4.24) Z IH,, — H|| = o(x/n) as. or inlLj.
m=1
Then
Y, N,
ﬁ(— o v) BNwO, S (stably),
n
where
~ o0
) —[ (e ) Te W du
0
and

Q- H-1v-1L/2 I;—1%v
- 0 1,72 )"

(i) Assume that Agec = 1 / 2 and
||H

(4.25) Z _0( logn) as. or inlLj.
m=1
Then
Y N, ~
L(—” v, v> BNOE)  (stably),
(logn)v—1/2 n
where
- 1 logn ¢
T=lim ———— f (e7 ) ' Te™ du.
n—o00 (logn)zv 1 0

REMARK 4.2. It can be verified that (4.6), which is the condition of Bai and
Hu (2005), implies (4.24) and (4.25). (4.24) is also weaker than (4.9), which is
condition (2.11) in Laruelle and Pages (2013). Further, it can be verified that either
(4.24) or (4.25) implies

n
Z IH,, — H|| = o(n'~%0) a.s. for some g¢ > 0

m=1

[cf. the proof of (2.19)]. Thus, condition (4.10) can be removed from the theorems.
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THEOREM 4.3. Suppose that Assumptions 4.1 and (4.14) are satisfied. Fur-
ther, assume that hsec > 1/2 and that

n
(4.26) > [Hy —H|[=o0(n*"%)  a.s. for some 8 > 0.
m=1
Then there are random complex variables &, ..., & and nonzero linearly indepen-

dent left eigenvectors lp, ..., Iy of H with 1|, H = A1, such that

nl_)\sec (Nn V)
(logn)*~'\ n

4.27) .
— Yoo elmtleng ] 1-1v) >0 as.
a:Re(Ag)=Asec,Va=V
and
1= -2
n sec Y sec N

(4.28) ﬁ(—" —v) ﬁ(— —V)H—) 0 as.

(logn) (logn)

PROOF. We apply Theorem 2.2 to prove this theorem. Assume that T is a
matrix such that

T~ [1; — (H—1')]T =diag(1, (1 — AL, + Jb,, ..., (1 = AL, +J0,).
By (4.21), we have

Y+
Yoo _YS mGH L AMup H A AM2 )
n+1 n n+1 n+1 '

where h;(01V) =1, — ﬁ is twice-differentiable with Dh;(v) = I; — (H — 1'v).
Condition (2.10) is satisfied by assumption (4.14), and (2.11) is satisfied by (4.23)

and assumption (4.26). Thus, by Theorem 2.2, there are complex random variables
525 ey gs SuCh that

nl Asec Y+ )
(logn)*1 <_ B V) Y, eMEe T >0 as
gn n a:Re(Ay)=MAsec,Va=V
From (4.20) and the above convergence, we have
N, —nv
Y+

n—1 YT
=Mn,1+2::<7m_v><% )(Id—lt +Z<__V>(Id—lt)
v—1
~ oogiozn + 3 (o B
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—. (logm)"~! :
by SRy [ e, T o]l — 1)
m=1 m ‘ a:Re(Ag)=Agec,Vg=V
= n*s< (logn)¥~! [0(1) + Yo ettmCalloenmy e e, T, — ltv)]

a:Re(Lg)=Asec,Va=V

a.s.

Write l, = A, 'e, T~ ! I —u'v) if 1, #0 and 1, = ¢, T~ (I — u'v) if A, = 0. Note
that e, T~! is a left eigenvector of H — 1'v with respect to the eigenvalue A,. We
conclude that I, H =1, 'e,T"'(H —u'v) =, le,T"/(H - ')A — u'v) = 1,1,
ifri, #0and,H=e, T~ '(H—1'v)I—u'v) =0 if A, = 0. Further, l,I—1'v) =
A 16,6, T 11y — 1'v) and 1, — U'v)H = A, 'e,T-!(H — 1'v) = ¢,T~! when
Aq # 0. (4.27) is proved, and (4.28) is also proved by noting (4.22). Finally, the
linear independence of Iy, ..., is due to the linear independence of the system
(vi=e;T™Y),e;T7!,...,e,T7'}). O

REMARK 4.3. When Agc > 1/2, Bai and Hu (2005) showed that Y,, — nv =
O (n*s<10g"~ ' n) in probability. Now, by Theorem 4.3, Y, — nv = O(n’< x
log"~!'n) as. and N, — nv = O(n**clog"~ ' n) a.s. Further, if all eigenvalues
with Re(A;) = Agec and v; = v are real, then both (Y, — nv)/ (e log"_1 n) and
(N, —nv)/ (nhsec log”_1 n) a.s. converge toward a finite random vector.

APPENDIX A: ODE METHODS FOR THE RECURSIVE ALGORITHM

THEOREM A.1 (Kushner-Clark). Consider the following recursive proce-
dure:

0n+1 =0, — VnJrlh(on) + Yn+1Tn+1, (RP)

where h is a continuous function and {y,} is a positive sequence that tends toward
zero, such that Y2 | v, diverges.

(a) We suppose that sequence {0} is bounded, and for all T > 0,

J
Z Vk+1Tk+1
k=n

@ Jim, >
j<m®n,T)

=0,

where m(n, T) =inflk : k > n, yp+1 + -+ + Vk+1 = T}. Then the set O of the
limiting values of 8, is a compact connected set, stable by the flow of the ODE:

ODE), =0 = —h(#). (ODE1)

(b) Further, let © be a region of attraction for 0*, where 0* is a zero of h, that
is, the following properties are satisfied:
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(i) For any solution of (ODE1), if §(0) € ©, then 0(s) € © for all s > 0;
(i1) if 0 is a solution of (ODEL1) for which 6 (0) € ®, then

0(s) — 0* as s — +o0o; and

(iii) given & > 0, there exists § > 0 such that 6(0) € © and ||0(0) — 0*|| <
imply ||0(s) —0%|| < ¢ forall s > 0.

Suppose that © is a neighborhood of 0*. We assume the framework of part (a).
If sequence {0,} returns infinitely often to a compact subset of ®, then it tends
toward 0*.

This is known as the Kushner—Clark theorem and can be found in the book
by Duflo (1997), page 318. A similar theorem is obtained by Ljung (1977). Vari-
ants and improvements have been proposed in classical textbooks by Duflo (1996,
1997), Kushner and Clark (1978) and Kushner and Yin (2003), in addition to some
papers [see, e.g., Fort and Pages (1996)].

REMARK A.1. Ify, = % and % Y i1 Tk — 0, then (A.1) is satisfied.
In fact, lets, = >}, rx. Then for j <m(n, T), we have Zi:n—&—l % < T and

Xj:l‘kﬂ_ 2’: Sk l+5j+1_ Sn
k4+1 k+1k  j+1 n+1

k=n k=n+1
It follows that
J m(n,T)
Tkt] IS |l 1 [EA
max < su —+2su
Jj<m(n,T) IZ)% k+1 mzltjz m k=Xn:+1 k ngl m
l1Sm |l
<(T+2)sup———>0 a.s. as n — 00.

m>n N

THEOREM A.2. Let H be a matrix satisfying Assumption 4.1. Suppose that
u' > 0 and v > 0 are, respectively, the right and left eigenvectors of H with re-
spect to the largest eigenvalue 1 with v1' = 1 and vu' = 1. Consider the ordinary
differential equation

6=—0 (I - %) 6(0) = 0,, (ODE2)

where |0| = Zg=1 |0k|. Then, ® = {0 : u' > 0} is a region of attraction for v.
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APPENDIX B: BASIC RESULTS FOR MATRICES AND MARTINGALES

PROPOSITION B.1. Let{H,}bea sequence of real matrices and H = Dh(0).
Write TL,, = [T}y (Ta — &) and T, = em1da — H)forall I<m<n-1.
Then:

() I, | < Co(2)*log"~" £ < Cs(£)~"* for all § > 0;

(ii) If H, — H as n — oo, then for all § > 0, ||II}, || < C(g(n%)_"””S and T}, —
I, =o()(2) "+ asn > m — oo;

(i) 7 Y20, Ml og j)*=1 < oo, then M| < C(2)*log" ' 2 and

H%—HZ:O(I)(’”) plog” 1” asn>m — oo; and

(iv) maxyepm—c,mer 1T, — (x)_HII =o(1)(£)"Plog" ' L asn>m — oo.

Here, for a positive number a, a¥ is defined as a® = eH10ga = ] =071 L (loga)/H/.

PROPOSITION B.2. Suppose that Assumption 2.3 is satisfied. Write H =
H. ~
Dh(6*), I}, = ]_[’}:mH(Id — 7’) and I, = ;f:mH(Id — %) and

AMyy ~n

m=1 m

G) If p>1/2and H, — H a.s., then

n, —¢,—0 in probability,
(B.1)
Vg, B N@©, %) (stably),

where
5 _ /OO(e—(H—Id/2)u)tre—(H—Id/2)u du.
0

(i) If p = 1/2, then

Vi D -
Gogmp-1725n = NO.2)  (stably),
where
1 logn HeLs /2t o
¥ = lim —/ (e_( i/ )u)re_( ~La/2u g,
n— 00 (logn)Zv 1 0

satisfies (2.9).

The proofs of Propositions A.2, B.1 and B.2 appear in the supplementary mate-
rial [Zhang (2016)].
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SUPPLEMENTARY MATERIAL

Supplement to ‘“Central Limit Theorems of a recursive stochastic algo-
rithm with applications to adaptive designs”(DOI: 10.1214/16-AAP1187SUPP;
.pdf). The proofs of basic results stated in the Appendices are given.
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