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DISCRETE NORMAL APPROXIMATION
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The paper applies the theory developed in Part I to the discrete normal
approximation in total variation of random vectors in 74 We illustrate the
use of the method for sums of independent integer valued random vectors,
and for random vectors exhibiting an exchangeable pair. We conclude with
an application to random colourings of regular graphs.

1. Introduction. In Theorem 4.8 of Barbour, Luczak and Xia (2018) (Part I),
we establish bounds on the total variation distance between the distribution of
a random element W € Z¢ and the equilibrium distribution of a suitably chosen
Markov population process X,. In this paper, we show that the bounds are of
order O(n~1/2 logn) as n — oo if W ~ DN y(nc,nX), for any ¢ € R4 and pos-
itive definite symmetric d x d matrix X, where the discrete normal distribution
DN j(nc,nX) is obtained from N;(nc,nX) by assigning the probability of the
d-box

[y — 1/2,i1 +1/2) X -+ x [ig — 1/2,ig + 1/2)

to the integer vector (i1, ..., iq), for each (i1, ...,ig) € 74 . From this, we deduce
bounds for the discrete normal approximation of any random d-vector W.

To state Theorem 4.8 of Part I in the form that we shall need, we let ¢ € R? be
arbitrary, and A, o2 € R4 pe guch that A is a Hurwitz matrix (all its eigenvalues
have negative real parts), and that o2 is positive definite and symmetric. We let =
denote the positive definite solution of the continuous Lyapunov equation

1.1 AT +2AT + 6% =0;
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for example, if A = —1, then ¥ = %02. We define an associated norm |x|y :=
VxT£—Tx. We then define an operator A acting on functions : Z¢ — R by

(12)  Ah(w):= Tr( IA%h(w)) + ART (w)A(w —ne),  weZq,
where

Ajh(w) == h(w+eY) —h(w); Ajrh(w) = A (Agh)(w), 1<jk=d.
For f: 74 — R, we also define

(13) 1 0=, max

| »=<nn

with nc implicit. We then write ||Ah||m7 o and ||A2h||m7 oo fOr ||f||m7 o0» When
f(X) = maxi<j<q|Ajh(X)| and f(X) = maxi<ji<q |Ajxh(X)|, respectively.
For a matrix M, we let || M || denote its spectral norm; if it is positive definite and
symmetric, we let Amax (M) and Ayin (M) denote its largest and smallest eigenval-
ues, p(M) their ratio and Sp’ (M) := {Amin(M), Amax(M), d = Tr(M)}.

THEOREM 1.1 (Theorem 4.8 of Part 1). Given any ¢, A and o2 as above, there
exists an associated sequence of Markov population processes (X,,n > 1), whose
restriction Xﬁ to the n8-ball in | - |s with centre nc, for § < Amin(62)/(8||All), has
equilibrium distribution 1'[,‘31 concentrated near nc, which is almost the same for
all §. The closeness of L(W) in total variation to H,‘i, for any random vector W in
Z4, can be checked as follows. For 8o = min{3, Amin(02)/ (8| Allv/Amax (2)), and
forany v>0and 0 < §' < %So, there exist constants C11(v,8") and n11(v,8),
which are continuous functions of v, 8', |A|l/A, Sp'(62/A) and Sp' (%), where
A :=d ' Tr(6?), but not of n, with the following property: if, for some v > 0,
0<é < %S(): n>np(v, 5/) and €1, €30, £21, €22 > 0,

@) E|W—nc|%: <dvn;
(i) drv(LW), L(W + D)) <ey, foreach 1 < j <d;
(iii) |E{Znh(W)1[|W—nc|z <né'/3]}|

+ exnn ” AZh ” x

< Aleallhll}s, 4 o + 21021 ARILY o/ 4,00)"

ndo/4,00
for all h:~Zd — R, where A, is as defined in (1.2), then, for any § such that
28" < 8§ <y,
drv(LW), T1%) < Cy1 (v, 8)(d>n Y2 4+ d*ey 4 20 + d' 4621 + d'/?ex3) logn.
The accuracy of the approximation, for fixed ¢, A and o2, is thus of order

O(logn{n_l/2 + &1 + €20 + €21 + €22}), and is determined by how small the e-
quantities are. In Section 4, we give examples to show that they can all be of order
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012, giving an overall bound of order O(n1/2 logn). The constant C 1 and
the quantities 1/8y and d~! Tr(c%) depend on A and o2 in such a way that they do
not grow with increasing dimension d, provided that the spectral norm of A and
the eigenvalues of o2 and ¥ remain bounded away from zero and infinity; more
detail is given in Part I. Note, however, that n appears in the definition of A, only
as a product with o2, and so can be chosen to prevent Tr(o2) and Tr(X) becoming
large. Note also that the equilibrium distribution Hf, remains the same if both A
and o2 are multiplied by a common factor a > O—this merely reflects a new choice
of time scale—but the operator A, is multiplied by a. The factor d~! Tr(¢)) on
the right-hand side of the inequality in Condition (iii) of Theorem 1.1 ensures that
the constant C1 1 (v, 8’) is the same for all choices of a.

The remainder of this paper completes two tasks. The first is to show that, if
W ~ DN z(nc,nX), then Conditions (i)—(iii) of Theorem 1.1 are satisfied with all
the e-quantities of order O(n~1?). As a result, 1'[,‘31 in the above theorem can be
replaced by DN 4(nc,nX), giving the desired method of proving discrete nor-
mal approximation. The second is to show that the theorem can be applied in
reasonable generality, yielding good rates of approximation. Note that there are
many pairs (A, o%) that correspond to the same ¥, and the flexibility of having
many pairs (A, 0'2) to use when approximating a single discrete normal distribu-
tion DN 4(nc, n¥) represents a real advantage.

The structure of the paper is as follows. A brief taste of the results to be obtained
is given in Section 1.1. In Section 2, the main discrete normal approximation, The-
orem 2.4, is established, giving two conditions to be checked in order to conclude
discrete normal approximation in total variation. If a “linear regression pair” can
be found, these conditions can be substantially simplified; we give a correspond-
ing result in Theorem 3.4 of Section 3. This theorem is applied, in Section 4, to
sums of independent random vectors, and then in the more general context of ex-
changeable pairs, as developed in Stein (1986). We conclude with an application
to the joint distribution of the numbers of monochrome edges in a graph colour-
ing problem. A number of proofs that involve lengthy calculations are deferred to
Section 5. The form of Theorem 2.4 also lends itself to use under assumptions of
local dependence.

1.1. Illustration. Theorem 2.4 is somewhat forbidding. Before going into de-
tail, we give a simple corollary of the theorem in the context of exchangeable pairs
having the approximate linear regression property, and sketch an example.

Suppose that (W, W) is a pair of random integer valued d-vectors, defined on
the same probability space, such that the pairs (W, W’) and (W', W) have the
same distribution. Assume that E{|W |} < oo, and write u := EW. Let & denote
the difference W’ — W, so that E€ = 0, and set o := E{££7}, assumed positive
definite, and yx := ]E{|§|3}. Assume that, for some n > 0 and for some Hurwitz
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matrix A € R4*¢ with spectral norm || A||, we have
L E(& | W)=n""AW — )+ {IAll/n}"* Ri(W);
o?(W) :=E{eeT | w).

Clearly, E{R{ (W)} = 0. Write L := (||A]|/n)"/?x{Tr(c?)}~3/?, let = be the solu-
tion to (1.1), and assume that

3 Amin(02) d
ElX 1/2R (W) 3411/3 ~ /vmin .
(e WP = 8rmax(Z) | 2[|A|

Let J be the set of d-vectors such that qJ = P[";‘ = J] > 0. Suppose that 7 is
finite, and that each of the coordinate vectors e/, 1 < Jj <d, can be obtained as a
(finite) sum of elements of 7. For Q7 (W) :=P[£ = J | W], we set

w = (q?)'E[Q (W) — ¢’

’

and u* :=max ey u’.

THEOREM 1.2. Under the above circumstances, there exist constants ngy and
C, depending on d, 02, J and A, such that, if n > ng, we have

drv(L(W), DN 4(1t, n%)) < Clogn{L(1 4 n'?u*) + E|R (W)|}.

The key elements in the bound are L, which is the analogue of the Lyapunov
ratio appearing in the Berry—Esseen error bound, u*, which can often be shown to
be small by a variance calculation, and the inaccuracy of the linear regression (1.4),
expressed by E|R{(W)|. In examples such as the one that follows, the resulting
bound is of order O (n~1/2 logn). The theorem can be deduced from Theorem 3.4,
Lemma 4.3 and Corollary 4.4.

As an example, suppose that G, is an r-regular graph on n vertices. Let the
vertices be coloured independently, each with one of m colours, the probability of
choosing colour i being p; > 0, 1 <i <m. Let N; denote the number of vertices
having colour i, and let M; denote the number of edges joining pairs of vertices
that both have colour i. We are interested in approximating the joint distribution of

W:: (Mla"'va9va""Nn’l*1) = (le---aWman+17---’W2m71)»

when n becomes large, while r, m and py, ..., p, remain fixed; the detailed struc-
ture of G, does not appear in the approximation. Multivariate normal approxima-
tion in a smooth metric was proved by Rinott and Rotar (1996), and in the convex
sets metric by Chen, Goldstein and Shao [(2011), pages 333-334], both with error
of order O(n~'/?1ogn). Theorem 1.2 shows that the same order of error actually
holds in total variation, provided that m > 3; the details are given in Section 4.2.1.
For m = 2, the distribution of W is concentrated on a sub-lattice of Z>, so that
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discrete normal approximation is not good [but it can be deduced for the pair
(M1, N1)]. The exchangeable pair is constructed by realizing W from a random
colouring of the vertices, and then randomly re-colouring one of the vertices to
give W', The resulting regression is exact, implying that R} (w) = 0 for all w. The
set 7 is fixed and finite, so that L = O (n~'/2), and, for each J, E(Q”/ (W) — qj)2
can simply be shown to be of order O (n~')—the calculation is as for the variance
of a sum of n very weakly dependent indicators. If m > 3, each coordinate vector
e), 1 < j <2m — 1, can be obtained as a sum of elements of .7, but this cannot
be done if m = 2. The analogous problem, in which the proportions of vertices of
each colour are held (almost) fixed, but randomly assigned to the vertices, can be
treated in much the same way. The exchangeable pair is obtained by swapping the
colours of two vertices, and the treatment of E(Q7 (W) — qJ )2 becomes a little
messier.

2. Discrete normal approximation. In this section, we show that Theo-
rem 1.1 can be used to establish approximation by distributions from the discrete
normal family. To do so, we need first to establish properties of distributions in the
famib‘/1 that are related to the conditions of Theorem 1.1. We always assume that
n>d".

We first note the following simple lemma, proved in Section 5.1, in which mo-
ments of the discrete normal random variable W ~ DN 4(nc, nX) are bounded by
expressions similar to those of NVy(nc, nX).

LEMMA 2.1. Forl € Z,, we have
@ E[W —ncls <Cnd)?,
whenever n > 1/Anin(X), for universal constants C(l) given in Section 5.1. In
addition, for each 1 < j <d andn > 1,
(b) E(W; —ncj)* < % +2n3;;,
and, for | € Z.y and for universal constants C’(l) given in Section 5.1,

© E{[='w- nc)]?l} <nlc’ (1 + (2—1)3J.),

whenever n > d/{4(Amin(E))2}.

The next lemma, proved in Section 5.2, establishes an approximate integration
by parts formula for multivariate discrete normal distributions. We write 1,/ (X) :=
I[|X — nc|y <nn/3] for any n > 0, and we say that C € Ky if C is an increasing

function of Amax(X), 1/Amin(X), and C(8) € K5 (8) if C(§) € Ky, for each fixed $.
We also define

2.1 Ysn) =

noting that its inverse is ¥y, ! 6) =¥z (5).
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LEMMA 2.2. Suppose that W ~ DN 4y(nc,nX). Then there exist constants
n22 € Ks and C5(8), CS3(8), CS)(8) € K (8), such that, for any n > max{na.,
Vs (8)} and for any function f: 7Z¢ — R, we have:

@ [E{AfW b3 (W)} —n 'R{(F W)W —ne)T =701 (W)}
<d" 2@ b1 IS .00
b)  [E{Af(W)TB(W —no) 12 (W)

—E{fW)[n YW —nc)T ST B(W — ne) — Tr B]IS (W)}

d

2 —
<d"2CB @ PUBI s 2,00 + 2 1By AL 17s/2.001
j=1

©) Z[E[AfW)TBW —ne)I3(W))
—E{fW)[n "W —nc)" 7' B(W — ne) — Tr B]I2 (W)}

d d
3 3 )
<dCR ™2 Y |(@) Bl s 2.00 + 2 1Bii AL 173200
j=1 j=1
for any d-vector b and any d x d matrix B. The constants ny», Célz) ), C§22) )
and C§32) (8) are defined in (5.8), (5.9), (5.15) and following (5.16), respectively.

With the help of the lemmas above, we can now show that, if W has the discrete
normal distribution DN 4(nc, nY), then it satisfies the conditions of Theorem 1.1,
with &1 < cin~1/2, max{eyg, €21} < c2d”?n=Y2 and ey = 0, and hence that the
conditions of Theorem 1.1 imply a bound on the error of approximating the distri-
bution of a random d-vector by DN 4(nc,nX).

THEOREM 2.3.  For X positive definite, suppose that o2, positive definite, and
A are such that AYX + AT 4+ 0% = 0; write A := d~' Tr(c?). Then, if W~
DN j(nc,nX), for any n > max{nz, ¥x(8)}, we have:

() E|W —ncl3 <dCQn;
(i) drv(L(W), L(W + e(j))) < Cégn_l/2 foreach 1 < j<d;
(iii) |E{Ah(W)I[|W — nc|xz < nd/3]}|

_ —-— ~(2
<d*PnVERCE S (171135 2,00 + 121 ARIZ 2.00):

where .Z,, is as defined in (1.2), C(2) is as in Lemma 2.1, and C§13) and C§23) (8)
are continuous functions of | A|| /A, Sp’ (o2 /A) and Sp'(2); C§13) is given in (2.2),
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C§23) (8) implicitly in (2.8). Hence a random d-vector satisfying the conditions of
Theorem 1.1 withn >ny3 and 0 < § < %SO(A, 02) has

drv(L(W), DN 4(nc,nX))

< Co3(v,8)(d*(n™"? +&1) + e20 +d*en) +d'?

€22)logn,
with
. (D (2) .
C23(v,8) :==C1.1(v,8) + C1.1(C(2), 8) (1 4+ C5 5 + C,3(8));
np3:=max{ni1(v,8),n22, ¥=(8)}.
PROOF. Part (i) is immediate from (5.1), with v = C(2). For Part (ii), we pick

8 = 1, and then take b = ¢/) and any function f with || f|lcoc <1 in Lemma 2.2(a).
This gives

E|A; fMILIW)| <d 2 n~" + 712 fC)(1+ (571) ),

in view of Lemma 2.1(c). For the remaining part of |E{A;f(W)}|, using
A flloo <2, we have

E|Aj f(WI[IW —ncls > n/3]| < 18dC(2)/n,

by Chebyshev’s inequality and from Part (i), and the estimate follows because
n > d?, with

(2.2) Ci) =M+ JCM(1+(271) ;) +18C(2).
For Part (iii), we use Lemma 2.2(b). This gives

IE{AR(W)T AW — ne)I2 (W)}
—E[h(W)[n~' (W —nc)TSTTAW — ne) — Tr AL (W)}

(2.3) J
2 _
<d"2COn T IAIIRNS 0o + Y 1A AR 2 -
j=1
Then, since
d d
Tr(o2A2h(W)) = of A fi(W),

1

1j=1
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where f;(W) := A;h(W), it follows from Lemma 2.2(a), with f = f; and with b
the ith column of o2, that

nE{Tr(a2A%h(W)) I3 (W))

24) —E{ZZG A (W){Z (W—nC)}jl,f(W)”

i=lj=1

= dl/zcé.lz) ®)]o?] AR ||Ea/2,ooi

note also that

d d
E{ZZ SAR(W){Z 1(W—nc)}jl;j(W)}

=E{ARW)To? =YW —ne) 12 (W)},

(2.5)

But now, from Lemma 2.2(c),
IE{AR(W)T o2~ H(W — ne) IS (W))

—E{hW)[n "W —no) "= 16?7 U W — ne) — Tr(o? =~ D] (W)}

d
<dC G 23 () =762 11135200
j=1

(2.6) 4
+ Z|[‘722_1]jj|||Ah||§5/2,oo
<dCE O™ min (D} o2 17135 2,00
+ 10?7 AR 2. 00
Hence, and since
1Al <d2IAll; (o], <d*Amax(0?)

and

|o?= 7, <d¥? 0?27 < d* P hmax(0%) /Amin(D),
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it follows from (2.3), (2.4) and (2.6) that
E{Ah(W)IS(W))

= E{ (Tr{A(W —ne) Ah(W)T} + %n Tr{aZAzh(W)}>I,‘f(W)}

enan [ ne @51+ 55 e
1 2116

—TrA — 5 TI‘(O'E) In (W) + 97

where
2 _
6] <d"2CE @~ 2 Al RIS .00
1
FIANNARI 00 F 34" 2C3 @) o2 1 ARG 2 o
] _ —

(2.8) + Edcfz)((”” V2 min(2)) 02 121135 /2,00

+ ||022_1||1||Ah||fa/2,oo
12 ~2
<d*Pn VERCE O (11135 .00 + 1 21 ARIE 3 10).

and C§23) (8) is a function of ||A||/A and the elements of Sp’ (%), Sp’(o%/A).
Finally, for any y and B, we have y” By = y" BTy = 2yT (B + BT)y, so that
yiez A+ s lo?zs Yy =yT(z'a+ ATz T 4+ 2716257 )y
=yI's Az + AT + oY)z ly =0,
from (1.1), and
Tr(og) = —Tr(X712Ax2  212AT571/2) = 2 Tr A.
This, with (2.7), establishes that
[E{A (W)L, (W)}|
(2.9) 5/2. —1/2~(2) ) 1/2 )
<@ nmEC O Rl /0,00 + 1 I AR s 2,00}
as required. The final conclusion follows from the triangle inequality. [J
Discrete normal approximation using Theorem 2.3 involves checking the con-
ditions of Theorem 1.1. These can be replaced with analogous conditions in which

the norm | - |y is replaced by the Euclidean norm. Here, the parameter n is also
chosen to standardize d ! Tr(X); we omit the routine proof.



1414 A.D. BARBOUR, M. J. LUCZAK AND A. XIA

THEOREM 2.4. Let W be a random vector in 72 with mean = EW and
positive definite covariance matrix V := E{(W — u)(W — W} define n :=
[d='Trv], c:= n_lu and ¥ :=n"'V. Let A be a d x d Hurwitz matrix such
that 62 := —(AX + £ AT) is positive definite, and write A :=d = Tro?. Set

| )\min(az) } J
= —miny VApin(X), ————1 = =60V Amin(X).
no 6 { min (%) 241 A2 (D) 6 0V Amin(X)

Then, for any 0 < n < ng, there exist continuous functions Cy4(n),n24(n) of
|All/A, Sp'(6?/A), Sp'(2) and n, not depending on d or n, with the following

property: if, for some €1, €29, €21 and €22, and for some n > n 4(n),

(@) drv(L(W), L(W + e(j))) <g foreach 1< j <d;
(b)  [E{A (W)W — nc| < np]|
< A(200113nm0/2,00 + 821021 AR l30ng 12,00 + €200 | AR 3,0 1 o)
forall h: 7Z¢ — R, then it follows that
drv(L(W), DN 4(nc,nX))
< C2,4(17)(d3n_1/2 +de +ex+d Ve + d1/2822) logn.

The estimate required in Condition (b), apart from the truncation to |W — nc| <
nn/6, is typical of those that are needed for multivariate normal approximation
using Stein’s method. The extra work needed, to translate multivariate normal ap-
proximation into discrete normal approximation in total variation, lies in establish-
ing Condition (a) with a suitably small €;. Since, from Theorem 2.3, Condition (a)
is satisfied with 61 = O(n~'/?) if W ~ DN 4(nc,n¥) and ¥ is nonsingular, the
triangle inequality for a general W yields

drv(L(W), LW + V) < 2d1v(L(W), DN 4(nc,nE)) + 0 (n~1/?),

so that dpv (L(W), L(W + ¢1))) has to be small if total variation approximation
of L(W) by the discrete normal is to be accurate.

We make some effort to make explicit the typical dependence of the error
bounds on the dimension d. This is largely for comparison with the error bounds
derived by Bentkus (2003) and Fang (2014) for approximation, with respect to the
convex sets metric, of standardized sums of independent random vectors by the
standard d-dimensional normal distribution. Here, since multiplicative standard-
ization makes no sense in the domain of random vectors with integer coordinates,
there are more quantities than just dimension that may affect the sizes of the ap-
proximation errors. Nonetheless, we attempt some comparison with the above ap-
proximations. To do so, we think of many quantities, such as the eigenvalues of o2,
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A and X, as being bounded away from zero and infinity as d varies, and the traces
of these matrices thus being thought of as having order d. This is because, in the
standardized setting, using the Stein approach as in Gétze (1991) or Fang (2014),
one has 62 =21, A= —1I and £ = I. Our bounds then also involve the values
of other parameters, in particular ||A| and the elements of Sp’(c%) and Sp’(%),
in a way that can be deduced from our arguments, but that we do not attempt to
make explicit, other than that their dependence on these parameters is continuous.
However, we always work in terms of approximations for fixed values of n and the
parameters of a problem, so that implicit orders of magnitude play no direct part
in the results that we obtain.

3. Linear regression pairs. In this section, we establish a discrete normal
approximation theorem for the distribution of a random vector W, when a copy
W’ can be defined on the same probability space, in such a way that E{W’ | W}
is approximately a linear function of W. There are many examples where this is
the case, including those given in Rinott and Rotar (1996) and Reinert and Rollin
(2009).

Suppose then that (W, W) is a pair of random integer valued d-vectors, de-
fined on the same probability space and having the same distribution. Assume
that E{|W |3} < oo, and write u := EW. Let & denote the difference W' — W,
so that E£ = 0, and set o := E{££7}, assumed positive definite. Suppose that
& exhibits an almost linear regression on W, and that the conditional variance
a2(W) = E{gT | W} is more or less constant as a function of W. Specifically,
assume that, for some n > 0 and for some d x d Hurwitz matrix A with spectral
norm ||A||, we have

E{& | W) =n""AW — ) +n~ V2 A2 R (W);
o?(W) :=Elgg" | W} =02+ Ra(W),

where E|R{(W)| and E||R2(W)||; are to be thought of as small. These two quan-
tities appear explicitly in the bound on the error in our discrete normal approxima-
tion, and clearly, E{R{ (W)} =0 and E{R>(W)} = 0. Let ¥ be the positive definite
solutionto AY + AT 462 =0.

(3.1)

REMARK 3.1. Note that, in (3.1), multiplying » and A by the same positive
constant ¢ does not change the regression, but X is divided by c. This leaves both
n, the asymptotic approximation to Var W, and ||A||/n unchanged, the latter
implying that R;(W) remains the same also. The effective data for the problem
are the distributions of & and W, and in particular o2 and Var W, and also A=
A/n, which is typically “small.” In order to circumvent the 1ndeterm1nacy, one can
compute % :=n¥, typically “large,” by solving AT +SAT +62=0.Then7 :
n/||All, A:=hA= = A/||A]l and s = Z/n are the same for all ¢, yield the same
regression matrix A /h = A, and can be used as a standard version, if required.
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We now define further parameters:

ay = 1)\mm(E); vi=Tr(og)/(day);

2
(2 x:=E(lEP): L= (1A1/n)x(Tr(e?)}
s =B[22 Ly = (1A1/n) 2 x2{Tr(02)) 7 < Lp()32,

and set Z := z(W), where z(w) := (ndv)~'/2S~12(w — n). L, Ly, and Z all
involve A, n and X only through the standardized quantities n/||A|| and nX. We
then assume that the following inequalities hold:

33)  {lIAl/ea}'PE{(1 +12) |27 2Ri(W)|) < l(Tr( N2 +E|1ZP);

#—I\J

(3.4 {IAl/er}' PE{1ZI(1+1Z)| =7 2R (W)} < Z(Tr( N2 +E|1ZP).

They can reasonably be expected to be satisfied if |R;(W)]| is indeed small. In
particular, (3.3)—(3.4) are satisfied if

1
(3.5) [E|==2R,W)|*})'° < 8(a1Tr( 2)/11A1N "2

Under the above conditions, the second and third moments of | Z| can be suitably
bounded; the proof is given in Section 5.3.

LEMMA 3.2. [If(3.3) and (3.4) hold, and if n/o1 > 1, then

10xx )

EZ2<2; EZ3<m ;:2(14-7 ,
1ZP? < 1ZP < m3 ol

where Z = z(W), with z(w) as defined above. In particular, for any § > 0,

W — uls > nd||A|~1/?
||A|| Pl ]

20(0d) }3/2

<2057 ((Al/m) "+ 10L5)| 0
)&min(az)

REMARK 3.3. Note that

né mln(a):)
3.6 W —
(3-6) {' othe ||A \/IIA R 2x<o—2)

involves only standardized quantities.
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We are now in a position to prove a discrete normal approximation theorem. To
state it, we introduce some further notation:

=J

fr-=m deTV('C(W)v LW+ e(j)));
=

3.7) .
e1(6) = max drv(LOW 1€). L(W + eV | §)).

THEOREM 3.4. Assume that (W, W') is a pair of random integer valued d-
vectors, such that L(W) = L(W') and that E|W > < oo; write i := EW. Suppose
that & := W' — W satisfies the regression condition (3.1), for matrices A and o
such that A is Hurwitz and o2 is positive definite; let ¥ be the positive definite
solution of AX + L AT 4+ 062 =0. Define E|§|® := x, A :=d ' Tr(c?) and L :=
(IANl/m) 2 x{Tr(c2)} /2, and assume that (3.3) and (3.4) hold. Let A and & be
as in Remark 3.1. Then there exist constants ng and C, depending on ||Z | and o2,
such that, if n/|| Al = ng, we have

dTV(E(W)’ DNd(/’L’ nE))
< Clogn{d®(|Al/n)"* +d*e, +d'*E|R,(W)|
+d'PE|Re(W)|, +d°L + d’E{|5Pe1(5)}).

PROOF. Because L(W) = L(W'), we have

0= (n/I|A)E{h(W')I[|W' — “|>: <M]—h(W)I[|W — u|ls <M]}

(3.8) = n/IANE{(R(W) = R(W)I[IW — uls < M]}

+ (n/IANERW)I[IW = ulg = M] = I[IW — uls < M])},
for any function 4: Z¢ — R and M > 0. We shall take M = nn/6./[JA]], for 5 to
be prescribed later, in view of (3.6). For bounded functions /#, the second term can
be simply estimated, using Lemma 3.2, by

6o :=2(n/ I A1kl P[IW — ulz > M]
(3.9) 2x(0d) 37
SO

<864d>*n 3 (1A /n)"* + 10L2){ 2
Amin U):)

For the first term, we write

/ T 1 T A2
(3.10) h(W') —h(W)=§ Ah(W)—I—EéE A“h(W)E 4+ ex(W, &, h),
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thus defining €2(X J, h). From (3.1), its first element yields
—[E{T ARW)I[|W — pls < M])

||A||
G —E{n W — )T AT ARWHI[|W — puls < M1}
< (n/ 1A E{[RuW)T ARW)|I[IW — ]z < M])
= (/1A BRI ARNE s =61,
Then
sy [EET APROVIEI[IW — pulx < M])
(3.12) — E{Tr(oc? A2R(W)I[|W — uls < M]}|

1 2511 =:0,.
E{ ReW) ]}/ NAD[AR] 2 o =262

It remains to bound (n/||A||)E{e2 (W, &, W) I[|W — u|x < M]}. We first consider
|&] > +/n/||A|l, and use the bound

E{|g111[I] > vn/lAl]} < d"PE{I" I[|E] > Vn/IIAll]}

(3.13) r/2 —(3-1r)/2
<d"x(n/lAll)

forr =0, 1, 2. Since

(W —ulz < M]
<2lAlloo + ENIARIEm  _ + |é|1HA2hH m_ o
6JVIAT’ 6JH_

it follows, using (3.13), that
Eflex(W, &, W|I[|IW — uls < M]I[|E] > Vn/|A]l]}

93:
||A||

||A||{ ( dn )1/2 > dn_\ .2, }
S e 2h + — Ah n + nn
Xy == {2l Al 18R 2 A”H h|)* oo

2132 dn 1/2
<2L{Tr(s?)} {||h||oo+(||A”) 18,

AT”

(3.14)

A2
||A|| H (= vEl }

For |&| < /n/||A]|, we split eo(W, &, h) into a sum of third differences and a
remainder:

(3.15) ex(W, &, h) = Exy(W, £, ) — Zs,A”h(W)
_/ 1
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For the contribution from the second term in (3.15), we have at most

n

2)All

04 :=

d
‘E{ZéjAjjh(W)l[lW — nls < MI[IE] < \/n/IIAII]”
Jj=1

< n
(3.16) ~ 2||A|l

d
E{ZsjAjjh<W)1[|W —pls < M]”
j=1

+%E{|S|1I[|SI>WH

—0; + ],

A’h
”A” ” H HA| Nee)

say. Now, recalling v := Tr(a%)/(dozl) and Z := (ndv)" V212w — w), (3.1)
and (3.3) give

0= z||A||Z\ AW = W], +n 2 IAI[RI(W)])

x Ajih(WI[|W — uls < M}

1
< —n_l/z{(dv)l/zEMEl/ZZh + | AlIY2E|Ri (W)}

(3.17)
2
|A” —=A || e

< =(IAI/n) Paw (A1~ 2| =12))

NI'—‘

3
x V21l + San fnnan | 21 %y

,00°
VIIAT

Then, from (3.13),

1
(3.18) 94’5E{d”z(llAll/n)x}(n/IIAII)||A2h|| "

o0
VAL

For the first term in (3.15), we use Lemma 4.4(i) and Remark 4.5 of Part I to
conclude that, if |£| < /n/||A]] and nn/24/|A]] = /n/|Al|Amin (%), then

05(&) := (n/|All)[E{E2(W, &, DI[|W — ulx < M] | £}
< [d**1€ P61 (€) + 2d|EPP[|W — ulx = M /4| £])
2 )
x (n/llA])] A h“ﬁ,oo
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Taking expectations, and then using Lemma 3.2, this gives
05 :=E{|6s(E)|I[I£] < Vn/IAll]}

2dn
{d*/ZE{|s| £1(6)} + L P[|W — s _M/4]}—HA2hH

Al | Al JTAT
(3-19) Al
< {d3/2E{|s|3el<s>} +7 (o) (1 4 L5 )|
n
A%h ,

IIAII Ik H T/TAT

for C a universal constant.
Let

(3.20) A h(w) = 1 Tr(o ZA2 h(w)) + (w — ) ATAh(w)

Then, combining the estimates (3.9) and (3.11)—(3.19) with (3.8) and (3.10), we
have shown that

(3:21) [B{AzR(WI[|W — pls <iin/6]}]

1
= 5ﬁ]E{Tr(aZAZh(W))IUW — ulz <nn/6V 1A}

E{(W — )T AT Ak(W)I[|W — uls < nn/6V/I1A]l])

3
(3.22) <> O +65+05 +06s
=0
<ezo||h||oo+szf“2||Ah|| o o T enii| A hH

TAT”

< Afexollhlloo + 8/21’51/2||Ah”nn/4,oo + eyt | AR Hnn/4 ool
with
ey = Cod>2([i 2+ L); &y =R (E[R/(W)|+2Ld*N"?);
ey = Co()(E|Ra(W) |, + Ld** + &2i~? + dPE{|EPe1(8)}).
where the constants C;(n) depend on 7, ||Z | and the elements of Sp’ (0?) and

Sp/(%). Since, if 17/12 > 2{Amin(£)}~1/2, the quantity in (3.21) does not change
if 7 (X) is replaced by zero for |X — uls > nn/4, the norm |||~ can be replaced
by 1113, 4 00

for .An as defined in (3.20), if we take n = 80, for 80 as defined in Theorem 1.1, and
for 7 such that 7 > max{n i, 24/(50{Am1n(2)}1/2)}. The remaining conditions of

for such n and 7. Thus Condition (iii) of Theorem 1.1 is satisfied,
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Theorem 1.1, with ¥ for ¥ and with 7 for n, are easily checked: Condition (i) is
implied by Lemma 3.2, with v = 2v, and Condition (ii) is just (3.7). This proves
the theorem. [

REMARK 3.5. Direct computation of the quantities E|R{(W)| and
E||R>2(W)||1 can be awkward. It may be easier to find bounds on

Ry :=n'?EE|F)—n"AW - )} and Ry:=E(EET | F)—o?,
for a o-field F such that W is F-measurable. From the properties of conditional

expectation and Jensen’s inequality, it follows that, for any nonnegative random
variable Y (W), we have

E{Y (W)|[Ri(W)|} <E{Y (W)|R,|};
E{Y (W) Ra(W)]|,} <E[Y(W)||R2 1 }.

Hence we can use R 1 and 132 in place of R;(W) and R>(W) when computing the
bounds in the theorem and in verifying conditions (3.3)—(3.4).

4. Examples. In Part I, following the proof of Theorem 5.3, it was re-
marked that, using Theorem 2.3, error bounds of order O(n~'/?logn) for the
(quasi-)equilibrium distributions of rather general Markov jump processes can be
proved. Here, we concentrate on examples exhibiting the linear regression struc-
ture of the previous section.

4.1. Sums of independent integer valued random vectors. Let Y;, 1 <i <m,
be independent Z“-valued random vectors, with means 1; and covariance matrices
Si, and let y; :=E|Y; — ,u,-|3. Write P[Y; = X]=:pi x, X € 74, and define u; ;=
miny <j<a{l — dry(L(Y;), LY + D)), Let

m m m
We=)Y:  w=EW=) s swi=) i
i i=1

i=1
S=E{(W-wW-wT}=>85  TI=) 7y
i=I i=I

We apply Theorem 3.4 to approximate the distribution of W.

To start with, we need to define a W’ on the same probability space, in such a
way that L(W') = L(W), and such that § = W' — W is not too large. The canoni-
cal way to do this [Stein (1986), page 16] is to let (Y7, ..., Y, ) be an independent
copy of (Y1,...,Y,), and to let K be uniformly distributed on {1, 2, ..., m}, in-
dependently of the ¥; and the ¥/; then W’ is taken to be W — Y + Y. It is clear
that L(W’) = L(W), and also, writing § := W' — W =Y} — Yk, that

E@E | W) =E{EE¢ | Y1,....Yn) | W}

= ﬂ-z{m—1 > (i) | W} = —m~ (W — ),

i=1
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so that the regression condition in (3.1) is satisfied with A/n = —I/m, and with
R1 (W) =0. Then 02 = E{££T} = 2§/m, giving, for the standardized quantltles
of Remark 3.1, ¥9 = S and «g = 1/m, and hence n = m, A=—JTand £ = S/m.
Note also that

m
x =ElP=m Y ElY;, - v/ <4m™!
i=1
As a next step in applying Theorem 3.4, we show that the quantity e of (3.7)
can be suitably bounded.

LEMMA 4.1. For W as defined above,
g1 := max dry(L(W), L(W +eD)) = 0(s,,1/?).
1<j<d

PROOF. Fixany 1l < j <d, and, for X € 74, define

_ 1 1
Pix = E(pi’x A Pix—eh): pfx = E(pi,x A Di X telh)-
Then define the pair (Y3, }7,-) jointly, for 1 <i <m, by

(X.X =€) with probability p; y;
(Y. ¥)=1(X. X +e¥)  with probability p;'y; XeZ
(X, X) with probability p;,x — p; y — p;'y.

Set Z; :=Y; — }N’i. Then Z; takes the values ¢/) and —e(/) each with probability
D xezd p;rX, and takes the value 0 with probability 1 — 3 xc7a pi.x A P; x4et)-
Hence, for Ty :=0 and T} := Zf:l Z;, the process {1y, 0 <k <m} is a lazy sym-
metric random walk. Define

y! = Y, {:S T;
Y:, i>T,

where 7 :=min{k: 1 <k <m, T} = e(j)} if this is defined, and with T = m oth-

erwise. Set W' =Y Y/. Then, by the Mineka coupling argument [Lindvall

(2002), Section II.14], it follows that
drv(LW), LW + D)) <P[W £ W 4+ D] <Pt >m]=0(s,'/?). O
As a result of this lemma, it is clear that the quantity ; of (3.7) is of order

O(S,Zl/z). Defining WO =W —Y; and 5, := s,y — maxj<;<m U;, We now observe
that, for any X € Z¢, the conditional quantity £ (X) is bounded by

(4.1) £ = max max drv(C(WD), LWD + D)) = 0(Gm)~2),

I<i<ml<j<d



MULTIVARIATE APPROXIMATION 1423

with the final order statement following directly from Lemma 4.1. This is because,
for any X € Z¢,

drv(L(W +eV) £ =X), LW | &£ =X))
<m I dy(L(W+eV | E =X, K =i), LW |§ =X, K =1)),
i=1
and because, by independence,
drv(L(W + eV | & = X), LW | & = X))
<E{drv(L(WD +& + eV | &,8 =& + X),

LWY +& & & =8+ X))}
=E{drv(C(WD +& +eV &), (WD +& | &)}
=Rldrv(L(WD 4D | &), (WD | &)))
=E{dry(L(WD 4 D), (WD)} <&.

Thus a number of the elements appearing in the bound given in Theorem 3.4
can be successfully handled. We now show that a multivariate discrete normal
approximation can indeed be established. We write

— _ _ X _
A:=d 1Tr((72)=2Tr(S/m) and L:=m I/ZWEM 1/2;

the latter quantity, introduced in (3.2), is of order O(m~Y?%) if the ratio
E|£3/{E|&|?}?/? remains bounded.

THEOREM 4.2. Under the above circumstances,
drv(L(W), DN 41, S)) < Cd"*logm (L + (d/m)l/z)\/g,
for a suitable constant C, depending only on Sp'(S/m).
PROOF. With the definitions of W’ and W given above, the regression condi-

tion in (3.1) is satisfied with R;(w) = 0 for all w € Z4, so that Conditions (3.3)

and (3.4) are trivially satisfied. Then ¢; = O (s, 1/ 2), by Lemma 4.1, and
(4.2) E{l€1Pe1(5)} = 0(Gn) ™% x),

from the observations above. Note that

(4.3) x = LJmd3? N2,
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For E||R2(W)|1, for any X, w € 74, we write p(X) :=P[£ = X], obtaining

PW=w|§=X]
P[W = w]

oiw)= Y XiXPE=X|W=uwl= Y pX)X;X;
Xezd Xezd

Hence
E}Uizl(w) - Uizl}

=2

weZd

= ‘ > pXOXiX

(4.4) weZd Xe7d

S pOOXi X (BIW = w | & = X] — P[W = w])‘
Xe7d

x ¥ p(y)(P[W=w|5=X]—P[W=w|s=y])|

yezd
< > pOIXilIXil Y p(2drv (LW £ =X), LW [ & =Yy)).
Xezd yezd

Now, by independence,

drv(LW & =X), LW £ =)

1 : ,
<= dv(CWD Y 1Y —Yi=x), LWD 47, | Y/ —Y; =)

—_

S E{dTV(ﬁ(W(l) —|— Yi | Yi/’ Yi = Yl'/ — X),

-

S|~
i

,C(W(i) +7Y;| Yi/’ Y; = Yi/ - y))}

E{dry (WD), LW =y +x))}

NE

1
m
i

<&y —xl1.

Substituting this bound into (4.4) and adding over 1 <i,[ < d thus gives

d d
E|RoW)], <2> > > pOIXilIXil Y p(0Eilx — yli

i=11l=1xe74 yezd
(4.5) <28 Y pCOIXF{IX1 +ElE])
Xe7d

<48 E|g]3 < 48,d%%y.
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It only remains to collect the elements needed for Theorem 3.4. From (4.2) and
(4.5), and from the definition of L, we have

d'PE| Ry(W)|, + d2E{|6Pe1(€)) = 0(d2x5;," /%) = O(Ld"*(m/5,) K1),

Combining this with the remaining elements of the bound given in Theorem 3.4,
and noting that s, < m, the theorem follows. [

Except for the logarithmic factors, the bound obtained in the theorem is of the
same order in m as would be expected for weaker metrics, such as the convex sets
metric [Bentkus (2003), Fang and Rollin (2015)], if 5, =< m. The latter asymptotic
equivalence holds, for example, for identically distributed summands whose com-
mon distribution has nontrivial overlap with its unit translates in each direction. It
is possible, however, for s, to be significantly smaller than m. For instance, if all
the summands making up W are on 27Z x Z¢~!, then s,, = 0, and the discrete nor-
mal is not a good approximation to W in total variation, since it puts about half its
probability mass on points whose first coordinate is an odd integer, whereas L(W)
puts zero mass on this set.

The best approximation order with respect to the convex sets metric, for sums of
independent and identically distributed random variables with finite third moment,
is O(d7/*L). Thus our rate is weaker in m by a factor of log m, and in dimension by
a factor of d°/. If the distributions are not identical, the best known d-dependence
for approximation in the convex sets metric is rather worse, unless the random
variables are also assumed to be bounded. Since the total variation metric is sub-
stantially stronger than the convex sets metric, our bounds are of encouragingly
small order in d, too.

4.2. Exchangeable pairs. 1f the pair (W, W’) is also exchangeable, so that
LW, W) =L{(W', W)), a neat argument of Rollin and Ross (2015) delivers
bounds on the quantities &1 and e1(§) of (3.7), which appear in the bound given
in Theorem 3.4. These can be of considerable practical use in deriving explicit
bounds from the general expressions given in Theorem 3.4.

For £ := W' — W, let J be the set of d-vectors such that g7 :=P[§ = J] > 0,
and suppose that each of the coordinate vectors ¢!/} € R? can be obtained as a
(finite) sum of elements of 7. For Q7 (W) :=P[§ = J | W], set

(4.6) u’ = (q")'ElQT (W) — ¢’

’

to be thought of as small. Note that, by exchangeability,
4.7) g/ =R{[W —W=J]}=E[I[W-W =J]}=q".
We then write

LA ) Ay ,
ijo=Y (' +u™l) where ) Jl(]) =W,
I=1 =1
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and then set ii* := maxj<j<qii; and u* := sup;.;u’. With the help of these
quantities, we can bound the differences drv(L(W), L(W + e1)) between the
distribution of W and its translates.

LEMMA 4.3. Foreach 1 < j <d, we have
drv(L(W + D), L(wW)) < i,
and
drv(L(W eV |E=T), LW [E=0)) <it;+2u’.
Hence, in particular, for each J € J,
drv(L(W + eV | =), LW | & =) <it* +2u*,

and dpy (LW + D), L(W)) < i*. Furthermore, for Ry(W) as defined in (3.1),
we have

E|Ro(W)|, <d Tr(o?)u*.

PROOF. Forany J € J and any f with || f|lco = 1, we use exchangeability to
give
E{f(W)I[W =W =J]—- fWI[W =W =J]}=0.

As in the proof of Theorem 3.6 of Réllin and Ross (2015), we divide by ¢, using
(4.7), and evaluate the expectation by conditioning on W, giving

0=(¢") "E{f (W + 10! W) — fW)0~ (W)}
=E{f(W+ )= F(W}+ (¢")'E{f W+ 1) (2" (W) —¢"))
— (@) 'Elrm ! Wy —q77)}.
from which it follows that
drv (LW + ), LW)) <u’ +u7.

The first statement now follows by the triangle inequality.
For the second, we have

B{f(W+eD) = f(W) &=}
= (@) "E{(f(W + D) = fW)11& = J1)
=(g")E{(f(W + D) — f(W)) Q' (W)}
=E{f(W+e?) = f(W)]
+(q") T 'E{(f (W + D) — row)) (@7 (W) — ¢)}.
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Hence we have
ws) drv(LW | E=0), L(W + e | £ =1))
' <dry(LW), LW + D)) +2u”

and the second part follows; note that exchangeability was not used in proving
(4.8).
Finally, from the definition of R(W) in (3.1), we have

[Rew)}, =cjw) —oj= > JJ(Q"(w)—q’),
J,J'egJ

forany 1 <i,l <d, so that

Elof(W) —oi|< > ¢/ 15il|J/|u’ <E{i& 1181 u*.
J,.J'eT

This in turn implies that

d d
E|R(W)|, =YY Eloj(W) — 0| <E{|&[}}u* < d Tr(o?)u*,
i=11l=1

as claimed. [J
The following corollary is immediate.

COROLLARY 4.4. Under the above assumptions,
d'PE|Ry(W) |, < CART2a> {7 2u*)
and
PPE(|EPe1©)) < CNPAPL{R (@ + 2ut)),
for constants C and C' that depend only on Sp’ (6%/ ).
REMARK 4.5. Note that, by the argument in Remark 3.5, we can bound the

quantities u”’ above by (¢7)"'E|P[& = J | F] — ¢”|, for any o-field F such that
W is F-measurable. Such quantities may be easier to bound in practice.

REMARK 4.6. For an exchangeable pair (W, W’), we see that
E{gg") =E{(W — m)(W = W) — (W — (W' —w)"}
wo = —E{-(W—w)(W-W)" +W - (W —w)"}
= 2E{(W —)(W —W)"} = 2E{(W — )E(ET | W)}

= —2E{EE | W)W — )"},
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the last equality following because E{£&7} is symmetric. If the remainders Ry (W)
and R(W) in (3.1) were exactly zero, this would give

1
502 = —n"'ACov(W) = —n~! Cov(W) AT,

and hence also A~ 1o2 = JZ(AT)*I. If this is the case, we can easily solve for %,
since then X := —%A‘la2 = —%(;*Z(AT)_1 satisfies AY + XAT + 02 =0and is
symmetric.

4.2.1. Monochrome edges in regular graphs. As an example of the application
of Theorem 3.4 in the exchangeable setting, suppose that G, is an r-regular graph
on n vertices (so that one of n and r is even); thus there are nr/2 edges in the
graph. Let the vertices be coloured independently, each with one of m colours,
the probability of choosing colour i being p; > 0, 1 <i <m. Let N; denote the
number of vertices having colour i, and let M; denote the number of edges joining
pairs of vertices that both have colour i. We approximate the joint distribution of

W:: (Mla"'7Mm9N17"'va—1) = (le--'aWM7Wm+17"'vW2m—1)9

when n becomes large, while », m and py, ..., p,, remain fixed; the detailed
structure of G, does not appear in the approximation. Of course, the value of
Npy=n— Z?”:_ll N; is implied by knowledge of W. This problem, in the context
of multivariate normal approximation, was considered by Rinott and Rotar (1996)
and in Chen, Goldstein and Shao (2011), pages 333-334.

THEOREM 4.7. Form >3, r and pi,..., pm fixed, we can find v € R2m—1

and a 2m — 1) x 2m — 1) covariance matrix X such that, as n — oo,
drv(L(W), DNop—1(nv,n%)) = O(n*l/2 logn).

PROOF. We use the notation of Theorem 3.4 throughout. We begin by observ-

ing that
EM; = nrpi2/2; EN; =np;,
determining v := n~'EW. After rather more calculation, the covariances are given,
for1 <i#1[<m,by
1
Var(M;) = Snrpf (1= po {1+ @r = D pil;

Cov(N;, Nj) = —np; pr;
(4.10)

1
Cov(M;, M) = —nr(2r — Hp?pl  Cov(M;, Nj) = —nrp?pi;

Cov(M;, Ny) =nrp?(1 — p);  Var(N;) =npi(1 — pp),

in turn determining X.
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We now construct an exchangeable pair (W, W’) by first realizing a colouring

(C(j),1 <j <n), and using it to define
n
@11) M= ) I[C(j)=C(j')=i] and N;:=) I[C(j)=i],
{j.j"teG Jj=1

for each 1 <i < m, thus defining W. We then choose a vertex K uniformly at
random, independently of (C(j), 1 < j <m), and then replace C(K) by C’, where
C’ is independently sampled from 1,2, ...,m with P[C’' =i]=p;, 1 <i <m.If
this new colouring is denoted by (C’(j), 1 < j <m), then we define M and N/ as
in (4.11), but with the C’(j) in place of C(j), and hence deduce W’'. Of course,
LW, W) =L(W’', W), and W’ differs from W only through the (possibly) new
colour at the vertex K, and through its impact in changing which edges incident to
K are monochrome:

M —M;i= ) (I[C(j)H=C'(K)=i]—I[C(j)=C(K)=i])
:{j,K}eG

J
N/ —N; ={I[C'(K)=i] - I[C(K)=i]}.
Hence, for 1 <[ <m, we have
]E{é; | C(l),...,C(n)}
=n"'>" Y ApI[Cth)=1]-I[C(j)=Ck) =1]}
k=1j:{j k}eG

=n"Ypir Ny —2M)) =E{& | W),

and, form+1<[<2m—1,
E{& | C(1),...,Cm)}y =n " npi_m — N} =E{& | W).

This gives an exact linear regression as in (3.1), with Rj(w) = 0 for all w, and
with A having nonzero elements given by

A =2, Al l+m *=1pI, 1<l<m-—1,
Apm = =2, Am,m—H = —FPm, 1<t<m-—1;
Ay =-—1, m+1<Il<2m-—1.

Since A is upper triangular, its eigenvalues are —2, with multiplicity m, and —1,
with multiplicity m — 1, so that it is indeed spectrally negative.

The set 7, consisting of the possible values that can be taken by &, is finite,
and does not depend on n. If C(K) =i #1 = C'(K), then the m +i and m + [
components of £ each have modulus one (though, if i or [ are equal to m, one of
these components is not present in W), and the i and / components are in modulus
at most r; all other components of £ are zero. Hence |§ |2 <2@r?+1)as.,and E|& 13
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remains bounded as n increases; L is thus of strict order n~!/%. The components
of 02 := E{£&T} can be explicitly calculated: for 1 </ %1’ < m, they are given by

E&? =2p7 (1 — p){r(r — Dpi+r);  El&& ) =—2r(r — Dp} p2;
E{&Emrr) =2rpF (0 — p1); El&Eniry = —2rptpr;
E{e2. ) =2p;  Elénsimar) = —2pipr,

where terms with subscript 2m are to be ignored.

In order to apply Theorem 3.4, we now just need to find bounds for e,
E{|§|381(§)} and E||R>(W)||1. From Lemma 4.3 and Corollary 4.4, these are all
bounded by fixed multiples of #* and #*. For each J in the fixed finite set 7, the
probability g7 in the denominator of u” is fixed and positive, and hence bounded
away from zero. To bound the numerator, we condition on a larger o-field F,
with respect to which W is measurable, as in Remark 4.5. Let T}, , denote the set
of all m-tuples of nonnegative integers t1, ..., t, such that > /" , ; =r, and, for
t:=(t1,...,tw) € Ty, let E;(io; t) denote the event that C(j) = ip, and that #; of
the r neighbours of j have colour i, 1 <i < m. For each fixed j, these are disjoint
events whose union over 1 <iy <m and ¢ € T}, , is the sure event. We let F be
the o -field generated by the events

{Ejli;; 1= j=<n1<io=m.t€Tn,}.

Then, if K = j, the value J € J taken by £ is determined by which of the events
(E;j(io;1); 1 <ip <m,t € Ty, ) occurs. For each J, there is a collection S(J) of
possible choices, consisting of just one possible ip = io(J), the index for which

Jm+i, = —1 (if there is none, then ig = m), but of all ¢ that satisfy #;, = —J;, and
ti, = Ji,, where iy is the index for which J,,4;; =1 (or m, if there is none such).
Thus

n
Ple=J|Fl=n"")" > I[E;(io(J); 1)].
J=11€Tm r: (i0(J),0NESW)
Now, if j' # j is such that the set of neighbours A/(j) (including ;) in G is disjoint
from the set N'(j’), the events I[E;(io(J); 1)] and I[E j/(io(J); t")] are indepen-
dent. Since, for each j, there are no more than r 4 r2 choices of j’ % j for which
this is not the case, it follows that

Var{P[g = J | F]} = O(n™).

Hence Var{Q’ (W)} = O(n~") also, and so E|Q7 (W) — ¢’| = O(n~1/?) for all
J € J, implying that u* = O (n~/?).

The argument for &* is not yet finished, since, for each 1 <[ <2m — 1, it
is necessary to find a chain JO g@ o JRB guch that each J@ € J and
SR JD =e® Form+1<1<2m— 1, this is easy: & = ¢?) if, when W is
constructed, a vertex has colour m and no neighbours of colours m or /, and its
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colour is replaced by [ when resampling to obtain W’. Note that, to do this, we
need at least three colours: m > 3. To get () for 1 </ < m — 1, a chain of length
2 is needed: a vertex of colour m with no neighbours of colour m and with ex-
actly one of colour / is recoloured with colour /, giving J = e 4 ¢!+ Then
J = —e*™ can be attained by reversing the order of the choices in the example
form+1<1<2m—1.To get ™ a vertex of colour [ # m with no neighbours
of colour [ and exactly one of colour m is recoloured m, yielding ™ — e+,
and then adding M) ag before completes the chain. Thus, for m > 3, we have
i* = O(n~?) also, and applying Theorem 3.4, the result follows. [J

There remains the case of m = 2. Here, discrete normal approximation in total
variation is not good, since it can be seen that M| — M =r (N1 —n/2), so that W
is degenerate; what is more, reducing to (W1, W5) gives an integer vector living
on a proper sub-lattice of 72. However, the pair (M1, N1) can be approximated
using the method above, and the remaining components of M and N follow from
No=n— Njand My =My —r(N; —n/2).

5. Technicalities.

5.1. Proof of Lemma2.1. Let ¢, denote the density of the multivariate normal
distribution Ny (nc, nX), and, for X € Z, let [X] denote the box

1 1
[X]:={xeRd:X,-—5<x,~§Xi+§,1§i§d}.

Let N;j, d > 1, denote a standard d-dimensional normal random vector. For (a),
the bound on E|W — nclk; is obtained by first writing

X —nels, < (IX —tlg + |t —nelz) <271 (1X — 1l + 1t — nels).

Taking this inside the integral, we have

EIW —ncly= ) |X—nc|lE/ on(t) dt
Xezd (X]

<> [X]‘Pn(’)zl_l(e d//\min(E))l-l-It—ncllg)dt

XeZd

<E{2" ((%/m)l a2l

< 2'E|Ny|'n'/?,

for
d
n=> =
4EINgD)*Amin(Z)  8Amin(X)

{T(d/2)/T(d+1)/2)}%.
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Part (a) follows, taking C(l) := 2L /k({D), where
2n!
2117

since 2/E|Ny|" < 2!\/EN? < 2!d!/2\/[EN¥, and by noting that, in d > 1,
4{r@d/2)/T(d+1/9P <1.
For (c), the bound on E{[Z~1(W — nc)]?l}, we first note that

E{(a” o)} = (a"a)E[N?} = k(D (")’

for any a € R?. So, since
[=~'(x - nc)]?l <2¥-1 {(

for r € [X], it follows that

E{[=7'W —-nol}}= > [E—I(X—nc)]?/ 0n (1) dt
Xezd (X1

k() :=EN? =

1
1,
4{Amm<2>}2) = ”c)]-f}

d l ,
201 I GNT s —1/2 7 12
=2 {(4{xmm(z>}2) T () 27N }}

<2 (gpmp) +7H0C,]

and the stated bound follows, with C’(I) = 2%~k (l). Part (b) is similar, but sim-
pler.

5.2. Proof of Lemma 2.2. We note first that, from Lemma 2.1(a),
(5.1) EIW — ncls < C@i)(nd)"?,
if n > 1/Anin(¥). For (a), bounding the difference between ]E{Af(W)TbI,‘f(W)}
and n'E{(fF (W)(W — nc)TE_lbI,f(W)}, we begin by observing that
E{A; f(W)IS(W))

= > fXOP[W=X—eD]-P[W = X]}I}(X)
(5.2) Xe7zd
+ ) FXOPW =X — eI (X — V) — 13(X)}.
Xezd
Because, from the definition of I,/ (X), |I,‘E(X — ey — I,f(X)| = 1 requires
1X —eV) —nely > né/3 and | X — nc|y < nd/3, or vice versa, the last term in
(5.2) is in modulus at most

P(|W — ncls > 1n8/3 — 1/y/Amin(2)] max 1£(X)].
|X—nc|x <nd/3+1/+/Amin (%)
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Thus it follows from (5.1) and a fourth moment Markov inequality that, if n >

max{1/Amin(%), 6/(8+/Amin(%))} = max{l/Amin(X), Y5 (8)}, then

ST FXOPW =X — eV (X — D) — 12(X)}
Xezd

<1 fllys 2,00 P[IW — ncls > né/6]
< (6/8)* a*CAON N llys 2,00 < d*CLET f I3, 00

where C{(8) = (6/8)*C(4) € Kx(5).
For the remainder of (5.2), we write

(5.3)

P[W =X — eV ] —P[W=X]= f on()D; (1) dt,
[X]
where

1
Dj(t) := exp{—%{—Z[E_l(I —no)]; + (E_l)jj}} - L

Since |e¥ — 1 — x| < 1x2ell, it follows that, for |X — nc|x < nd/3,

1
Dj(t)—;[E_l(t—nc)]j

Lz~ ! - I PIe I
=5 I(Z 1)jjIJr;{([E Nt —no)]) 4 (= l)jj}ef/(“),

where

! 1
sy T woma s ET e+ 17, + 302

3
—1/2 .k

=<

W | =

if n> dl/z/)\min(E), true in turn if n > ny = (Amin(E))_Sﬂ, because n > d*.
Note also that ny > 1/Anin(¥). Hence, fixing 8, for such X and for ¢ € [X],

1
(5.5 |Dj)—=[Z7' (X —no)];| < &)~ (@ + 0 [ZTHX = no)]3).
n
for C2(8) := 25" ® /anin(T) € Kx(8), again if n > ny. This in turn implies that,
for | X —nc|y <né/3,
[{P[W =X — V] —PIW = X1} —n~"P[W = X][Z7(X — no)] |

(5.6)
< C@n @+ 07 [27HX = no)])PIW = X1,
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and hence that

Y FXOPW =X — D] —P[W = X]}I)(X)
Xezd
5.7) —n E{fw) [z~ (W —nc)]jl,f(W)}
< CyOn ' E{d? + 07 [ZTNW = n0) FHIF 1125 2,00

Now, writing b = Z?Zl b je(j ) and using linearity and Lemma 2.1(c), requiring
n> d/{4(kmin(2))2}, the inequality (a) follows, if n > max{n; 2, ¥x(5)}, where

(5.8) na2 = max{d*, ny, {4(min(2))*} ),
with
(5.9) C3H(8) = C1(8) + C2®){1 + C' (D)1 + 1 /dmin(2)) }.

For (b), bounding the difference between E{A f WTBW — nc)I,‘f(W)} and
E{f(W)[n_l(W —nq)_TZ_lB(W_—nc) —Tr B]I,f(W)}, we argue in similar style.
For i # j, writing EUD := () ()T we have

E{Af(W)T EUD(W —ne) I3 (W))
=E{A; fF(W)(W; —nep) [} (W)}

(5.10) = Y FXX; —ne){P[W =X — V] = P[W = X1} 2 (X)
Xe7d
+ Y FXOX —nep)P[W =X — eV (X — D) — 12(X)}.
Xezd

For n > max{n,7, ¥x(8)}, we bound the second element in (5.10) much as for
(5.3), using a Markov inequality, Cauchy—Schwarz and Lemma 2.1(a,b), giving

Y FXX —ne)P[W =X — e DL (X — D) — 12(X)}
Xezd

<E{|W; —nc;[I[|W — nc|s > nd/6]} £ 1175/2.00
5.11) < (6/n8) E{|W; — nci[IW — ncl3 H £ 1175 2.00

< (6/n8)3\/EIW,- — nCi|2\/E|W - ncl%”f”rES/Z,oo
< (6/8)°n~'d*2(1 + Eii)c(6)”f”r2;:8/2,oo

<d**C3)n M f1175/2.00:
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where C3(8) = (6/8)3\/2(1 + Amax (X)) C(6) € K5 (8). The first element in (5.10)
is treated using (5.6), Cauchy—Schwarz and Lemma 2.1(b,c), giving

3 FXOX —ne){P[W =X — V] = P[W = X1} (X)
Xezd

—n Bl f(W)(W; —ne)[E7H (W — nc)]jl;j(W)}'

5.12

o < C@nE{IW; — neil(d? + 07 [STHW = o) ) HF 1135200
< C2(8)n_1/2m<d1/2 + \/C/(2)(1 + (2—1)?,»))||fllf,s/z,oo
<d'"2Cy@On | £1125 2,00

with

C4(8) := C2(8)v2(1 + Amax (B) (1 + \/C’(2)(1 + Amin(2)72)) € Kz (8).
Note that
(W; — nc,-)[E_l(W — nc)]j =W —no)T = TEUD(W = ne).
For i = j, there is an extra term:

E{Af(W)T EYD(W —ne) I8 (W)}
=Y fOOXi —ne){P[W =X — D] —P[W = X1} ] (X)

Xe7Zd
(5.13) + Y FXOX —ne)P[W =X — DI (X — V) — 12 (X))
Xezd
= > FOP[W =X =13 (X — D).
Xezd
Now

S FOPW =X — @13 (X — @)
Xezd

=E{A; f (W I (W)} +E{f (W) I} (W)},
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and [E{A; f(W)L (W)Y < IIAS1175/2.00 €iving
IE{Af(W)T ECD(W — ne) IS (W))
—n E{f W)W —ne) T2 VECD W — ne) 12 (W))
(5.14) —E{f(W) I} (W)}]
<d**C3)n M 1175200 42 Ca@n 21 £1125 200
+IAS175/2.00-

The second estimate now follows for general B = Y°¢_, Z?:] B;; EM/, by linear-
ity, with

(5.15) CS3(8) 1= C4(8) + C3(6),

provided that n > d°.

The proof of the final part of Lemma 2.2, bounding the difference between
E{Af(W)T B(W —nc)I? (W)} and

E{f(W)[n""(W —ne)T 7' B(W — ne) — Tr B]I2 (W)},

proceeds in very much the same way, but starting with ¢/)b7 in place of E G
in (5.10) and (5.13), for any b € R, and then writing B = 2?21 eWDp(HT with
b(j) = BT e, The quantities (X; — nc;) and (W; — nc;) are replaced in the
computations by bT (X —nc) and b7 (W — ne) =bT V22~ 12(W — ne), respec-
tively. The error terms corresponding to (5.11) and (5.12) then yield the bounds
d>Cy®)bIn~ N f 1175 /2,00 a0d dCLO) bl T2 £11%5 5 o With

(5.16)  C5(8) :=(6/8)’C(4)vAmax (2);
(5.17)  C4(®) = C2(8) vV C2)Amax (D)1 +\/C’(2)(1 + Amin(2)72) },

giving C§32) (d) = C4(8) + C4(8). The analogue of (5.13) yields an error bounded
by |b;| ||Af||,§5/2?00, and Part (c) now follows.

5.3. Proof of Lemma 3.2. To bound the moments of Z := (ndv)~!/? x
Y ~12(W — 1), we use the equation ER(W’) — Eh(W) = 0 for suitably chosen
real functions 4. First, we take h(w) = (w — )T T~ (w — p), giving

Ef2eT s~ MW —w +£Ts g} =0.
Noting that §T 271 = Tr(2 /2T £71/2), and using (3.1), we have
—ERn W — )T STTAW — ) + 20 V2 AN PR (W TETN W - )
=ETr(c2(W)) = Tr(og),
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where a%(W) =Y V2is2(w)z -2, Writing s,% = E|Z|2, it follows from (3.3)
and because AY + AT 4+ o2 =0 that
2advs? < (dvey) 2 (Tr(02)) 2 (1 4 52) + Tr(02).

From the definition of v in (3.2), it thus follows directly that s,% < 2, establishing
the first part.

For the third moment, we start with 4(z) = (1 + z7 z)3/2. The function % has
derivatives

Dh(z) =3(1+272)"%z

and
3zz7

2 _ T \1/2

D h(Z)—m+3(l+Z Z) 1.
Furthermore,

(hz+2) —h@)) —3(1+27"2)"*"2

3(¢Tz)? 3

(5.18) (¢"z2) 242 e

C2(14z7T)2 2
=:d3(h,z,¢) <ksul¢ P,

for a constant k3 j, < 22 that does not depend on d. This can be seen by considering
separately the cases where || > (|z] V1), |¢| < |z] and 1 > |¢| > |z].
For |¢| > (|z| Vv 1), simply take the terms one by one, giving

3 3
diy(h,z,0) < |¢|3({53/2 +232) 43212 4 S+ -21/2) <22/,

For 1 > [¢| > |z], use the bounds

1 3 3
(42012 = 1] < o1/, '(1+x)3/2—1—§x < ~x3/?
in0<x <1togive
1 3
(14279 — 1] < el ]h<z +0) —h2) - S(2c 2+ ;Tg)] =27¢ /8.

Then the first, second and fourth terms in d3 (4, z, ¢) together give at most

|;|3(2—7+§+3) <Bp
8 2 4] 8 ’

and the third adds at most %|§ 3 to this. For |¢| < |z|, Taylor’s expansion gives

MK
= 16(1 + )32

3y2

8v1+x

3
(14 x4y = (1+x)3? - >va + )12 —
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We take x = z' z and y =2¢ 7z 4+ ¢T¢, for which |y| < 3|¢||z|. The first, second
and fourth terms in d3(h, z, ¢) together thus give

3¢z +¢T¢)?
8(1+zT)l/2

up to an error of at most

2e7z 4 2teP _2TEPRE 27,
16(14+2z72)32 = 16|1z3 —16°

Then

3elarelor 3@l | 121ePll 43K 15
8(1+zT)1/2 21 +7T)1/2 |~ 8lz| -8

giving an overall bound of % 1z
We now substitute z = Z = z(W) and ¢ = (ndv)_l/zE_l/zé into (5.18), and
take expectations. Since

Eh(Z(W +&)) =Eh(Z(W)),
this immediately gives

E{-3(1+ 27 2)"*(ndv)~'2T 512 7}

“1+2z"z
2dv(1 + ZT 7)1/2 +2(+ )

k3 nxs
(ndv)3/2

3Z' % 1/25’3%’72 1/ZZ 3
dU

1/2|21/2-§|2}

(5.19)

k3 nxs

1 3 12012
<n ' =-E{(2]1Z] + 1)|=/2¢| HW'

2dv
Now
E{-3(1+ 27 2)"*(ndv)~ /%" 5712 7)
=E{-3(1 + 27 2)"*(ndv)~"/?
x (W =T AT + 072 AN 2R (W) 222}

(5.20)

:n_lE{3(1+ZTZ)1/2

1
x (EzTagz — (du)—1/2||A||1/2R1(W)T2—1/2z)},
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and, using (3.4),
(5.21) (@)~ 2|APE{(1+ 2T 2) ARy (W) T =712 7)) < ial(l +E(Z)%).
Then, by the arithmetic and geometric means inequality, for any a > 0,
25725 < S {(@iz) + 22 ),
so that, taking a = (dva1)1/3,

(5.22) (dv)"'E{|z||=7 %) < %{HM3 +2(n/I1Al)*Ly).

Combining (5.19)—(5.22), recalling that Tr(a%) = dvay, and multiplying by n, it
follows that

3
3a1E|Z|3§Za1(1+E|Z| )+a1{E|Z| —i—2(n/||A||)l/2 oY

3 o
+ —o1 + k3 pa1Llys
2 Al

giving E|Z3| <2(1 +10(n/||A|)'/?Ly) if n/ay > 1, because k3 j, < 22. The final
inequality is then immediate.
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