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Abstract In this paper, the limit distributions of the recursive M-estimators of scat-
ter parameters in a multivariate linear model setting are studied. Under some mild
conditions, the asymptotic normality of the recursive M-esimtators is established.
Some Monte Carlo simulation results are presented to illustrate the performance
of the recursive M-estimators.
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1 Introduction

Consider the following multivariate linear regression model

inX,'ﬂ—i-e,', i=1,2,..., (1)
where X;,i = 1,2, ...,are m X p matrices, 8 is a p-vector of unknown regression
coefficients, and e;,i =1, 2, ..., are m x 1 random errors.

There is a rich literature on estimation of the regression coefficients and scatter
parameters for the model (1). The well-known method is the least squares. Even
though this method is efficient for normal distributed errors and mathematically
convenient, it is not resistant to outliers and stable with respect to deviations from
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the given distributional model. Many robust statistical procedures have then been
developed. The procedures based on M-estimation play an important and comple-
mentary role. However most of M-estimates have no explicit expressions. Often
the Newton approach could not be applied to compute them. Hence there is a need
to develop convenient algorithms for computing M-estimates, especially when the
scatter parameters are also under consideration. The first attempt was made in
Bickel (1975) by so called “one-step approximation”. Among other such algo-
rithms proposed in the literature, one of them is a recursive algorithm. Note that
in a recursive algorithm, a new estimate of a parameter is calculated based on the
existing estimate and a new observation. In fact, recursive estimators are quick
and easy to calculate and do not require extensive storage of data, which is very
useful in the applications to prediction, control and target tracking. Therefore it is
important to develop a recursive algorithm to compute M-estimate. Such efforts
can be found in Englund et al. (1988), Englund (1993), Bai and Wu (1993), Miao
and Wu (1996), Wu (1996), among others. Note that the recursive algorithms are
related to the on-line learning in neural computation. See Hastie et al. (2001) for
the discussion on the on-line learning.

Let p(u) be a nonnegative function on [0, c0), and p(u#) = 0 if and only if
u = 0. The M-estimates of regression coefficients § and scatter parameters V for
the model (1) are defined as the solutions of the following minimization problem:

52 [o (19 - Xibyl,) + 1og (g (7.))] = i,

1=

where det(V) denotes the determinant of a positive definite matrix V, || y||%, =
yT'V~ly, and y” denotes the transpose of y.

Suppose that p is continuously differentiable. Then ([9
the following equations

Y XV = XiBus (Ily; — XiBllv) =0,
Yoo [(J’i - XiB) (y: — Xiﬁ)T ur (Ily; — XiBlIy) — V] =0,

\7") is the solution of

n’

2)

where u;(t) = t~'p/(¢), p’(-) is the first order derivative of p(-), and u,(t) =
uy (V1) /2.

When u,(¢) and u,(¢) are determined by the same p, it is difficult to keep the
robustness of the M-estimates for both regression coefficients and scatter parame-
ters simultaneously. In light of Maronna (1976), (2) may be extended to allow that
u and u, are chosen independently.

Motivated by Englund (1993), Bai and Wu (1993) proposed the following
recursive algorithm for the multivariate linear regression model (1):

B =B, + S;Ji]anhl (En! Vi Xot1, yn+1> ) 3)
Vasr =Vt @0+ D7 Ha (B Vi Xt B
where S, = Y7 X7 X;,
hi(B,V, X,e)=X"V"'(e = XBu (le — XBly).
Hy(B,V,X,e)=(e—XB)(e—XB) us(lle - XBIF) -V,



Asymptotic normality of the recursive M-estimators 369

B is arbitrary, Vj is a positive define matrix, write V > 0 for simplicity, {a,}
satisfies certain conditions, and V is a Lipschitz continuous m x m matrix function
of V defined as follows:

Let A; and o; be the ith eigenvalue and corresponding eigenvector of V
respectively. Then

m
V= E AiaiaiT,
i=1

where &; = (81 VA) A8, and 8,8, (0 < 8, < & < 00) are two constants
selected properly.

It is noted that when X; = I,i = 1,2, ..., this recursive algorithm reduces to
the one given by Englund (1993) for the multivariate location models. In Bai and
Wu (1993), it was shown that under certain conditions, the recursive M-estimators
given by (3) are strongly consistent.

For simplifying the recursive algorithm given in (3), Miao and Wu (1996) pro-
posed the following algorithm:

{ﬂ’”rl zﬁ”+(n+ Dilaﬂhl (ﬂm anXn-H’ yn+1)’ (4)

Vi1 =V + 0+ D7 Hy (B, Vi Xt Yogt) »

where S, in (3) is replaced by (n + 1). When X; = 1,i = 1,2, .. ., this recur-
sive algorithm also reduces to the one given by Englund (1993) for the multivariate
location models. Under certain conditions, Miao and Wu (1996) showed that the
recursive M-estimators given by (4) are strongly consistent.

In statistical applications, one often needs to make statistical inferences on
parameters. It is then worthwhile to find out the distribution or limit distribution of
an estimator in advance. By the nature of a recursive algorithm, making a statisti-
cal inference on a parameter based on the recursive estimators is very appealing.
Hence for the model (1), we need to find out the limit distributions of recursive
M-estimators of regression coefficients and scatter parameters. In Miao and Wu
(1996), the asymptotic normalities of 8, and B, are established for the recursive
algorithms given by (3) and (4) respectively. Subsequently in Miao et al. (2005),
optimal recursive M-estimators, asymptotic efficiencies of recursive M-estimators
and asymptotic relative efficiencies between recursive M-estimators of regression
coefficients are investigated. However the asymptotic distributions of the recursive
M-estimators of the scatter parameters are still unsolved. In this paper, we shall
tackle this problem. We shall show that under certain conditions, the recursive
M-estimators of the scatter parameters are also asymptotically normal distributed.

The organization of this paper is as follows: In Sect. 2, we give notations and
list the assumptions needed in this paper. The asymptotic normality of the recursive
M-estimators of the scatter parameters is established in Sect. 3. Some simulation
results are presented in Sect. 4. Technical lemmas are presented and proved in
Appendix.
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2 Notations and assumptions

In the section, we give the notations and a list of the assumptions which will be
used in the paper.
Let A = (a;;) be a p; x p, matrix. Denote the Euclidean norm of A by [|A]],

12
ie., |A|| = (2,-jai2j> and the transpose of A by AT, For p; = p, = p, denote

the determinant of A by det(A), and the smallest and largest eigenvalues of A by
A« (A) and A*(A) respectively if all the eigenvalues of A are real numbers, and the
p? x 1 column vector generalized by stacking the column vectors of A by vec(A).
If A is a positive definite matrix, we write that A > 0.

In the following, N, (0) denotes the e-neighbor of zero; I, denotes the indicator
function for a set D, which assumes the value 1 on D and 0 on the complementary
set of D. For convenience, ¢ denotes a constant independent of the sample size
and may represent different values in each appearance throughout the rest of this
paper.

A function is said to be BLC(y) if it is bounded and Lipschitz continuous as a
function of y, where the distance is defined based on the Euclidean norm; and a
function u(t), t > 0, is said to be a BL function if there exists a positive constant
M such that

lu(t) —u(s)| < Mt~ 't —s|, foranys, s >0.

Some discussion on the respective properties of the BLC and BL functions can be
found in the appendix of Bai and Wu (1993).
The following assumptions are made in this paper.

(A1) (X;,e), i = 1,2,..., are independently and identically distributed and
X; is independent of e;.e;, i = 1,2, ..., have the same density function
(det(2))~"2f (llell3;) with finite fourth moment, where & > 0, f(¢) is
monotone decreasing on [0, 00), and strictly decreasing in N, (0).

(A2) u,(t) is a non-negative decreasing BL function, fu (¢) is monotone increas-
ing on [0, 0o0) and is strictly increasing in N, (0), and u,’(¢), the left or right
derivative function of u;(¢), is bounded.

(A3) u,(t)isanon-negative decreasing BL function, #u;(¢) is increasing on [0, c0)
and strictly increasing in N, (0), and for some ¢ > 0, tu,(t) > m; there exists
M > 0 such that tu,(¢t) < M for all t > 0; uy'(¢), the left or right derivative
function of u,(¢), is bounded, and for any vector s € R™ and positive definite
matrices Vi, V, > 0,

vee [ss7us (IIsl13,) — ss”ua(lls3,] = E (s. Vi, Va) vee(Vy — Va),
with
IEG, Vi,V <c<l )

Such u(¢) and u,(¢) exist. For example, consider the Huber’s discrepancy
function:
[2

DR |t| <c,
1) =12
P =0 00— 22 1t > e
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Then

1wy (1) =min{1,;—|}, 6)

min{l,c/\/W}.

> (7

us(t) =

where ¢ > 0 is a constant.
(A4) {a,}isanon-negative random variable sequence and a,, is F,,_ —measurable,

a, — a > 0, a.s., and there exist constants v; and v, such that 0 < v; <

a, < vy, < oo forall n.

For describing the assumptions (A5)—(A7), we need the following notations:

Suppose that f and u, are given as above. Let w > 0 be the solution of the

equation

m = [ oz zus(@lzlP) £ 1)z,
where m is the dimension of dependent variable z. Denote
Q=02

By Bai and Wu (1993), Q satisfies that

Q= Eee"us (Jle)l?) . )
Define
_ 1 2 2 w 2 w 2 5
¢ = o [ [olerus @I21) = %z (75120) ] £ (lzz A 0.1
and

1
b1 () =E |:ul(||e||9) + leellnul/(llellg)} :

Assumptions (A5)-(A7) are given as follows:

(A5) EXiTQ*IXi =0>0E|X|* < oo.

(A6) 2ab(2) > 1.

(A7) Suppose that §; < ¢A,.(£2) and §, > 3A*(£2), where §; and &, are used to
define V), in (4) and ¢ is given above.

For convenience, we define the following notations, which will be used in the next
section:

AV, X, &) = X" [ui(llelv)V™" +ui'(lellv)lelly' vV 'ee V'] X,
AQ) = E[(enier, @enie, ) u (L e I5)] (27T @ Q71),

B(Q) = E[(enrie), ®enrie) ) u5 (| ent1 Ig)] — Q® Q.

where “®” denotes the Kronecker product.
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3 Asymptotic normality of V,

Assuming that X;,i = 1,2, ..., are independently and identically distributed in
Model (1), we have the following theorem:

Theorem 3.1 Assume that (A1)—(A7) are satisfied. Then for the recursive algo-
rithm (4),

o0

Jr(vee(V, — ) 5 N |0, / ¢ I2HA B(Q)e=1/2HA@ 1 4
0

where A(2) and B(R2) are defined in Sect. 2.

Proof Without loss of generality, we can assume that § = 0. From (4) and the
definition of H,(B,V, X, e),

Vi =0 =+ D OV + e+ D7
T
X (en+1 - Xn+1ﬂn) (en+1 - Xn+1ﬂn) us <||en+l - XnJrlﬂn”an) .

Subtracting 2 from both sides of the above equation, we have

Vi —Q=(1-@+ DYV, =+ @m+ D"
X ((ens1 = Xns1B,) i1 — Xns1B,)"
xuz (llenss = X183, ) =)

=(1-+D)Vi—=D+@0+D7!
X ((en+1 — Xu11B,) (€ns1 — Xn+1ﬂn)T

2 T 2
x> (llens = Xus1 8,113 ) = enviel i (llensil3 )

+ 0+ D7 (ensreli iz (lewst13) = enrieluz (lenril))
+(n+ D7 (enrie]us (lensilln) — )
=A-m+D V= + @+ D7 [P+ Pou + P3a],
)

where
T 2
D1y = (€ns1 — Xut1B,) (ent1 — Xns1B,)" uz (€t — X 18,115
T 2
—enriepy iz (llewily).

T 2 T 2
(DZ,n = en+1en+1u2 <||en+l ”‘7”) - en+len+1u2 (”en-H ”Q) s

T 2
D3, = enre,qun (lensilly) — 2.
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Denote /n(vec(V, — R2)) by v,. Then by (9), we have

Vo1 =1 —m+ D)0, + (n 4+ 1) vec(®,,)
+ 4+ 1) vec(d,,) + (n 4+ 1) vec(®s,). (10)

By the definition of @, , and the assumption (A3), it follows that

vec(®2,) = — (ensiel Q7' @ eniel Q7 ur (llens1llR) (vec(V, — )
+0 ([lens1 ® enyr(vee(V, — )|)
= —W,(enr1, Q) (vec(V, — ) + Tu(ensr, 2, V) (vec(V, — Q).

Based on Lemma A.1, V, — €, a.s., which implies that we can select some
constants §; < ¢{A,(2) and 8, > 31*(2) such that V, = V,,, a.s. Thus we have

vec(Dsy,) = =W, (en41, 2)(vec(V, — 2))
+Tp(ensr, 2, Vi) (vec(V, — Q) (11)

so that the Eq. (10) can be rewritten as

1 1 1\'?
Vit = 41—+ 1) §+0<n+1>1—<1+;) U, (ens1, )

1 1/2
+ (1 + —) Th(enst, 2, Vo) |t va4+ 0+ D7 2vec(®s, + i)
n

(12)

For deriving the limit distribution of v,,, we need to simplify (12). Let

1 1\'?
Voot = {1 =+ )" (5 +o((n+ 1>1)> I~ (1 T ;) (i1, )
1\ 172
+ <1 + _> Lu(enyr, 2, Vn)j| } ?jn + n+ 1)_1/2V6C(®3,n)‘
n

By (5), we have
|V, (eny1, 2) — T (€ny1, 2, Vi) | <co < 1

so that for any n > 2,

n 172 L
s (((n-l—l)) I—(nn+1) W, (e,11, Q)

2\ /2 1
=172 - _ _
+mn+1)"Thlent1, 2, Va) | = <3) oy ¢ > 0,
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12
2F <<(I’l + 1)) [\I’n(en-‘rl, Q) - Fn(en_H, Q’ Vn)]) < \/GCO <n+1.
(13)

Since ee’ u, (||e||%,) is a BLC function, by Lipschitz continuity, the assumption
(A5) and Lemma A .4, it follows that

1
E|lvec(®1,))* < cENXps1B,1> < cEIXusill* - ElIB, > =0 (;) :

where c is a constant. By (8), we have
E(vec(®3,,)|Fn) = 0. (14)
In view of (A1) and (A3),
E(vec(®3,) 1’1 F0) < E (lensill*u3 (lens1llg)) < ¢ < oc. 5)

Therefore by Lemma A.6, v, and 7,, have the same limit distribution. It is apparent
that v, needs to be further simplified. Since

EV,(e,:1,Q) = E (enriel, Q' ®e,piel Q7 ) ud' (Il ens1 [15) = A(RQ),

we have
~ a1 ~ -1/2
Vpy1 = |1 —(n+1) 5 +AQ) + G, ) |V + (n+ 1) “vec(Ps ),

where
Gy =o0(1) + [V (ens1, Q) — EW,(eni1, D]+ T (€41, 2. V,)  (16)
satisfying that
I E(GulF) |l = o(D),
E(| G, I”1F) < E(l o(1) +co |I° |F) < ¢ < oc. (17)

Note that A, (I + A(Q) + (A(Q))") > 0. Let
Vnil = [1 —(n+ D! (é + A(Q))} Uy + (14 1) vec(@5,).  (18)

Hence, by (14), (15), (16), (17) and Lemma A.3, it follows that v,, and :n have the
same limit distribution. O
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Express (18) as

% ’~V I ~
Vo1 =04 (n 417! (—5 - A(Q)) v,
+(m+1)7'2BY2(Q) (B~*(Q)vec(P3,))
= v, + C2b(,) + L Z(W0)E, 1

where
bi=m+ DY bv)=-— (% + A(SZ)) v

Zw) = B'2(Q), &, =B (Q)vec(®s,).
Itcanbeseenthat¢,, b(v), Z(v) and §,, satisfy the assumptions of LemmaA.7, thus

v, weakly converges to invariability measure of a diffusion process with diffusion
factor

ZB(Q) —Z iJrA(sz) x 9
25027 T ax, ~[\2 ;X
where B is the (i, j)—entry of B(£2). Solving this diffusion process, we have
t
X, = e—(1/2-~-A(Q))I.,‘.0 +/e_(1/2+A(Q))(t_‘Y)B(Q)e_(1/2+A(Q))T(I_S)dw(S).
0

Here x( is arandom vector with finite covariance matrix and independent of {w(¢) :
t > 0}, the Brownian motion. Therefore, for n — oo,

00
:n i) NI1O /e—(1/2+A(Q))z‘B(Q)e_([/2+A(Q))Trdt
0

which implies that a(vec(V, — Q) —>  N(0, [ e~U/2+A@) g(Q)

e—(1/2+A(Q))Ttdt)_

Remark 3.1 Under the same conditions as given in Theorem 3.1, it can be shown
that

[o¢]
Vn (vec(V, — Q) S n|o, / e~ U/2HA@) p(Qye~U/2+A@) 14 |
0
where V,, is given in (3).

Remark 3.2 By Assumptions (A2) and (A3), it can be seen that the recursive esti-
mators computed by (3) or (4) inherit the breakdown properties of the initial esti-
mator if there are no abnormality in {X;, 1 < i < n}. To be detailed, the recursive
estimators by (3) will not be bounded if 1,(S,) = 0, while the recursive estimators
by (4) will not be bounded if some values of a X; are infinite. A simulation study
of the robustness of the recursive algorithm (4) is provided in the next section.
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4 Simulation results

In this section, we will study the finite sample performance of the recursive algo-
rithm given by (4), where u; and u, are respectively given by (6) and (7) with
¢ = 3. In our simulation, a, = 0.9,8;, = 0.1,8, = 5, and B = (—2,6) . Let

05 1
and identically distributed as N((1, 1, 1, 2, 1, 1), diag(¥, ¥, ¥)). Let

VU = ( 1 0’5). In our simulation, vec(X}), i = 1,2, ..., are independently

0.8 0 0
A=1]102 1.2 o1,
0.1 04 1.1
and ¥ = AA’. The random error vectors e;,i = 1,2, ..., are generated from

0.9N(0, =) + 0.1N(0, 36X). Then
yizX,-ﬂ—i—ei, l=1,2,

Eight subplots in Fig. 1 show the behaviours of the recursive estimators com-
puted by (4) for n = 1,...,1,000 against the M-estimators computed by
Newton—Raphson iterative algorithm for n = 80, 120, ..., 1,000. By Figure 1,
it can be seen that the recursive estimators perform comparably with the M-esima-
tors by Newton—Raphson method. In the actual computation, the Newton—Raphson
iterative algorithms are selective for the initial values, which have to be close to the
true values, while the algorithm (4) is flexible in contrast. We have used 8, = 0 and
Vo = I5 as initial values for the algorithm (4) in our simulation. The time for com-
puting the recursive estimators are significantly less than the time for computing
the M-estimators by Newton—Raphson iterative algorithm.

Further, based on the previous model setting for simulation, we select an ele-
ment y; randomly with equal probability and add 30 to it with probability 0.05.
All the data in Fig. 2 are computed in this new model setting, which gives the
performance of the recursive estimators against Lease Squares estimators. It can
be seen that the recursive estimators outperform the Least Squares estimators in
the simulation.

Back to the original model setting in the section, we carry out the simulation
1,000 times for n = 100, 500, 1, 000, respectively. Figs. 3, 4 and 5 provide the
histograms of the recursive estimators. It reveals that the larger the sample size,
the more bell-shaped the distributions of the recursive estimators become.

Appendix

Lemma A.1 (Miao and Wu 1996) Assume that Conditions (A1)—(A7) are satis-
fied. Then for (B,,, V) defined by (1.3) we have

B,, Vo) = (B, ), a.s.

Lemma A.2 Assume thatt >0,0<¢q, > 0, Y g, =00, &, <¢,0<r, <r,
and b,, > b, which satisfy the following recursive equations:

bn+1 =< (1 - an)bn + 8nqn7
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Fig. 1 The estimates by the recursive algorithm (4) and Newton—Raphson iterative algorithm

or
bur1 = (1 —1g2)by + €1qn + qs‘/Z [Dn 70,
where T, r, € and b are constants. Then
lim b, = by < =
n— 00 T
The proof is similar to the proof of Lemma 3.3 of Miao and Wu (1996).
CorollaryA.1 If1 > 0,0 < g, > 0, Y. g, =00, b, >0, &, > 0, r, > 0,
and byy1 < (1 — 1g,)by + ragn|bul'? + €4qp, then lim b, = 0.

n—o0

Lemma A.3 Suppose that u, € R? and u,, € R? satisfy the following recursive
equation

Uy = (I - qn\p)un + q;/zvn’
pp1 = (I — gu(V + D))ty + g%,

and
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Fig. 2 The estimates of regression coefficients and scatter parameters by the recursive algorithm
(4) and least squares method

() uy=u=c
(ii) Wisa p x p matrix, and M,(¥ + ¥T) > 0,
(iii) {gn} is a sequence of constants, 0 < g, — 0, Y _q, = 00,
(iv) v, € R? is Fy1—measurable, E(v,|F,) =0, E (|[v,[*|F,) < 1 < o0,
(v) T, a p x p matrix, is Fyy—measurable, | E(Ty|F)Il < ru, E (IT21171F,)
<cy <00, 1, >0,

where ¢ is a constant vector and ¢; > 0,i = 1,2, are constants, then u, and
u, have the same limit distribution, and there exists a constant ¢y > 0 such that

E (#4117

< oy < OQ.

Proof Denote A, (¥ + WT)/2 by A. Then A > 0 by the assumption (ii). When 7 is
large enough,

E (@, 11)

E (I =g (¥ + T )i, lI1?) + g, E [((I —qu(¥ + T,) &) v,]

+qPE [0l (1 = qu (W + T ] + guE v, )

IA

2

A ~ ~
(1 - —qn> E (1@, 11°) + cq,” - E (1%,1%)

Y2 g E (Ival?).
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Fig. 3 Histogram of the estimates of regression coefficients and scatter parameters by the recur-
sive algorithm (4) for n = 100

By Lemma A.2, there exists a constant ¢ > 0 such that E (||@,]?) < ¢y < 0.
Write 8,41 = u,41 — U,,1. Then

81 = U — g, W)8, + q, 11,
Hence,
E (18:5101%) = E (17 = . 9)8411°) + gu E [((I — g ¥)8,)" (Tin)]
+ GuE [(Totn)” (I = qu9)8,] + g E (ITwitn[1%)
< (1= 2g)E (18:1) + cro (E (18,17)) " gu + cq?.

Applying Corollary A.1, we have E (||6,,+1 ||2) — 0, which implies that u,, and
u, have the same limit distribution. O

Lemma A.4 Suppose (A1)—(A7) are satisfied, and 2ab;(2) > 1, then

EllVnB, - B’ <c<oc.

Proof Write Bn = /n(B, — B). By Miao and Wu (1996), /~3n+1 can be written as
follows:

Buii = {1 -+ [(abl(Q) - %) I+ Wn“En

+ 4+ D7"a, XV e (lenslly,)
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Fig. 4 Histogram of the estimates of regression coefficients and scatter parameters by the recur-
sive algorithm (4) for n = 500

where W, satisfies the condition (v) of Lemma A.3, v, = anX,{HVn’lenHul

(leas1117;, ) satisfies the condition (iv) of Lemma A.3. Hence, by Lemma A.3,

ElB, > =nE|B, —BI* <c<oo.

Lemma A.5 Assume that
o0
0<g,— 0, and anzoo.
=1

Then for any § > 0,
n—1 n
suqukexp -6 Z qj | < oo.
k=1 j=k+1

Proof Note that exp(—b) < 1 —b + b2/2 for b > 0. Hence for any 6 > 0, and
K <n,
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Fig. 5 Histogram of the estimates of regression coefficients and scatter parameters by the recur-
sive algorithm (4) for n = 1,000

n n
quexp -8 Z q; 552(1_ —qu+(612k) )exp s Z 4

j=k+1 j=k+1
=
=3 exp| -6 Z qj | —exp —SZqJ
k=K j=k+1
S n—1 )
+5 2 aiexp (=8 ) g
k=K j=k+1
1 . 8 - .
< 3 exp(—d8q,) —exp | =6 qu —f—EZq,fexp -4 Z q; |,

j=K k=K j=k+1

which implies that

n—1 n
J 1
Z (1 - EQk> qrexp | =6 Z qgj | < 3 (19)

=K j=k+1

=~
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In view of that g, — 0, there exists a positive integer K, such that ¢;6 < 1 and
qr < 2qx(1 — 8qx/2) for k > K;. Let Ky = max{K|, K,}. Therefore, for any
5 > 0, by (19),

Ko—1
T D) E15 3D S D op
Jj=k+1 k=K j= =k+1
Ko—1 Ko—1
TS IPRED oI (BE P 5 3P TS oS
k KO i k+1
where c is a constant. O

Lemma A.6 Define T, € R? and T, € R? as follows:
= —m+D7W) 1+ @+ D), +p,),
T = -+ D) T, + 0+ 1) Py,

where T, = T = ¢, v, € RY, Y, € R and W, is a d x d matrix. Assume
that for n > ng and a constant k > 0, k < A, (V) < A*(V,) < n+ 1L If

E (||)’,1||2) =o(l), thent, — T, £o.

Proof Denote 8, = T, — T, lTJ,,Yk = ]_[’}zk[l —(+1"¥;]forl <k <nand
fff”,,,ﬂ = [. It can be seen that

S =[1—+D7"W,]8, + 0+ Dy,

= Z \NI"n,k+l(k + 1)_1/2}']( + \’f‘n,ﬂoano'

k=n0

Therefore, by the assumption and Lemma A.5, we have

E (I18,411%) (Z 11k + D)7y |2 ) + E (100080, 11%)

k o

<3 T [t=«G+D'T k=D Ellyel® + @D w12

k=ngy j=k+1

+1 ][ =G+ DT Elld I

J=no

<> exp| =2 Y G+ G+DTENy P+ 0D iy, 112
k=ng j=k+1

+exp| =2 > G+ D7 Elldyl* = o).

J=no

Then the lemma follows. O



Asymptotic normality of the recursive M-estimators 383

Lemma A.7 (Basak et al. 1997) Let the stochastic process x, be defined recur-
sively by

Xyl =X, + Eib(xn) + an(xn)sn-t,-ls

where {x,} are d-dimensional random vectors,b : R* — R%and Z : R? — R®*"
are locally Lipschitz continuous functions, {&,} are r-dimensional random vectors,
and {£,} is a sequence of constants. Assume that the following conditions are
satisfied:

@) 16 + 1Z(x)|| < K1 + |x|) for some constant K > 0, Z(x)Z(x)T >
0, Vx € RY,
(i) There exist a positive-definite matrix D and positive constants cy, c¢| such
that 2(Dx)"b(x) +tr(Z(x)" DZ(x)) < —colx|* + 1, Vx € RY,
(iii) E(§,&11F,) = 1 foranyn, E(&,|F,) = 0, and sup E([§,|**|F,_1) < o0,

n>1
a.s. for some 6 > 0,

(iv) D02, €2 = 00, and lim,_, » £, = 0.
Then the stochastic process x,, weakly converges to invariability measure of
a diffusion process with diffusion factor

d

L ! Z (%) > + Zd:b (%) 0
== o i >
247 x4 9x;i

where b;(x) is the i-th element of b(x), a;j(x) = 22:1 Zik (X)zjk (x), and
Z(x) = (zij(x)).
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