ASYMPTOTIC NORMALITY FOR m-DEPENDENT AND
CONSTRAINED U-STATISTICS, WITH APPLICATIONS TO
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PERMUTATIONS

SVANTE JANSON

ABSTRACT. We study (asymmetric) U-statistics based on a stationary sequence of
m-dependent variables; moreover, we consider constrained U-statistics, where the
defining multiple sum only includes terms satisfying some restrictions on the gaps
between indices. Results include a law of large numbers and a central limit theo-
rem, together with results on rate of convergence, moment convergence, functional
convergence and a renewal theory version.

Special attention is paid to degenerate cases where, after the standard normal-
ization, the asymptotic variance vanishes; in these cases non-normal limits occur
after a different normalization.

The results are motivated by applications to pattern matching in random strings
and permutations. We obtain both new results and new proofs of old results.

1. Introduction

The purpose of the present paper is to present some new results for (asymmetric)
U-statistics together with some applications. (See Section 3 for definitions.) The
results include a strong law of large numbers and a central limit theorem (asymp-
totic normality), together with results on rate of convergence, moment convergence,
functional convergence and a renewal theory version.

Many results of these types have been proved for U-statistics under different hy-
potheses by a large number of authors, from Hoeffding [27] and on. The new feature
of the results here, which are motivated by applications discussed below, is the com-
bination of the following:

(i) We consider, as in e.g. [35], [37] and [26] but unlike many other authors, asym-
metric U-statistics and not just the symmetric case. (See Remark 3.3.)

(ii) We consider also constrained U-statistics, where the summations are restricted
as in (3.2) or (3.3).

(iii) The U-statistics are based on an underlying sequence that is not necessarily
ii.d. (as is usually assumed); we assume only that the sequence is stationary
and m-dependent. (This case has been studied earlier by e.g. [59], but not in
the present asymmetric case.)

The extension to the m-dependent case might be of interest for some applications,
but for us the main motivation is that it allows us to reduce the constrained versions
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to ordinary U-statistics; hence this extension is implicitly used also when we apply
the results for constrained U-statistics based on i.i.d. sequences.

Remark 1.1. The combination of the three features (i)—(iii) above is new, but they
have each been considered separately earlier.

In particular, constrained U-statistics are special cases of the large class of in-
complete U-statistics [6]. These are, in turn, special cases of the even more general
weighted U -statistics, see e.g. [62], [48], [43], [56], [30], [66], [26]. (These references
show asymptotic normality under various conditions; some also study degenerate
cases with non-normal limits; [26] includes the asymmetric case.) In view of our ap-
plications, we consider here only the constrained case instead of trying to find suitable
conditions for general weights.

Similarly, U-statistics have been considered by many authors for more general
weakly dependent sequences than m-dependent ones. In particular, asymptotic nor-
mality has been shown under various types of mixing conditions by e.g. [60], [64; 65],
[15]. We are not aware of any paper on asymmetric U-statistics with a mixing con-
dition on the variables. Such results might be interesting for future research, but
again in view of our applications, we have not pursued this and consider here only
the m-dependent case. ]

There are thus many previous results yielding asymptotic normality for U-statistics
under various condition. One general feature, found already in the first paper [27],
is that there are degenerate cases where the asymptotic variance vanishes (typically
because of some internal cancellations). In such cases, the theorems only yield con-
vergence to 0 and do not imply asymptotic normality; indeed, typically a different
normalization yields a non-normal limit. It is often difficult to calculate the asymp-
totic variance exactly, and it is therefore of great interest to have simple criteria that
show that the asymptotic variance is non-zero. Such a criterion is well known for
the standard case of (unconstrained) U-statistics based on i.i.d. variables [27]. We
give corresponding (somewhat more complicated) criteria for the m-dependent case
studied here, both in the unconstrained and constrained cases. (This is one reason
for considering only the m-dependent case in the present paper, and not more gen-
eral weakly dependent sequences.) We show the applicability of our criteria in some
examples.

We, as many (but not all) of the references cited above, base our proof of as-
ymptotic normality on the decomposition method of Hoeffding [27], with appropriate
modifications. As pointed out by an anonymous referee, an alternative method is to
use dependency graphs together with Stein’s method which under an extra moment
assumption yields our main results on asymptotic normality together with an upper
bound on the rate of convergence. We do not use this method in the main parts of
the paper, partly because it does not seem to yield simple criteria for non-vanishing
of the asymptotic variance; however, as a complement, we use this method to give
some results on rate of convergence.

1.1. Applications. The background motivating our general results is given by some
parallel results for pattern matching in random strings and in random permutations
that earlier have been shown by different methods, but easily follow from our results;
we describe these results here and return to them (and some new results) in Sections 13
and 14. Further applications to pattern matching in random permutations restricted
to two classes of permutations are given in [39].
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First, consider a random string =, = &1 - - - &, consisting of n i.i.d. random letters
from a finite alphabet A (in this context, this is known as a memoryless source), and
consider the number of occurences of a given word w = wy - - - wy as a subsequence; to

be precise, an occurrence of w in =, is an increasing sequence of indices i1 < -+ < g
in [n] = {1,...,n} such that
£irkin &y =W, ie., &, = wy for every k € [{]. (1.1)

This number, N, (w) say, was studied by Flajolet, Szpankowski and Vallée [23] who
proved that N, (w) is asymptotically normal as n — co.

Flajolet, Szpankowski and Vallée [23] studied also a constrained version, where
we are given also numbers dy,...,dy—1 € NU {oco} = {1,2,...,00} and count only
occurences of w such that

Z'j+1 — i]’ < dj 1<j<t. (12)

(Thus the jth gap in i1,...,4, has length strictly less than d;.) We write D :=
(di,...,de—1), and let N, (w; D) be the number of occurrences of w that satisfy the
constraints (1.2). It was shown in [23] that, for any fixed w and D, N,(w,D) is
asymptotically normal as n — oco. See also the book by Jacquet and Szpankowski
[31, Chapter 5].

Remark 1.2. Note that d; = co means no constraint for the jth gap. In particular,
dy = -+ = dy_1 = o0 yields the unconstrained case; we denote this trivial (but
important) constraint D by De.

In the other extreme case, if d; = 1, then 4; and i;4; have to be adjacent. In
particular, in the completely constrained case d; = --- = dy—1 = 1, then N, (w;D)
counts occurences of w as a substring &&4+1---&4¢_1. Substring counts have been
studied by many authors; some references with central limit theorems or local limit
theorems under varying conditions are [4], [53], [46], [22, Proposition I1X.10, p. 660].
See also [63, Section 7.6.2 and Example 8.8] and [31]; the latter book discusses not
only substring and subsequence counts but also other versions of substring matching
problems in random strings.

Note also that the case when all d; € {1,00} means that w is a concatenation
w1 ---wyp (with w broken at positions where d; = c0), such that an occurence now
is an occurence of each w; as a substring, with these substrings in order and non-
overlapping, and with arbitrary gaps in between. (A special case of the generalized
subsequence problem in [31, Section 5.6]; the general case can be regarded as a sum
of such counts over a set of w.) O

There are similar results for random permutations. Let &, be the set of the
n! permutations of [n]. If 7 = m-- 71, € &, and 7 = 71---7y € &y, then an
occurrence of the pattern 7 in 7 is an increasing sequence of indices i1 < --- < iy in
[n] = {1,...,n} such that the order relations in m;, - - - m;, are the same as in 7 - - - 7,
i.e., iy < Wiy, = Tj < Tk.

Let N,(7) be the number of occurences of 7 in 7 when 7w = ("™ is uniformly
random in &,,. Béna [7] proved that N, (7) is asymptotically normal as n — oo, for
any fixed 7.

Also for permutations, one can consider, and count, constrained occurrences by
again imposing the restriction (1.2) for some D = (di,...,dy—1). In analogy with
strings, we let N, (7, D) be the number of constrained occurences of 7 in 7™ when
(" is uniformly random in &,. This random number seems to mainly have been



4 SVANTE JANSON

studied in the case when each d; € {1,00}, i.e., some i; are required to be adjacent
to the next one — such constrained patterns are in the permutation context known as
vincular patterns. Hofer [29] proved asymptotic normality of N, (7, D) as n — oo, for
any fixed 7 and vincular D. The extreme case with d; = -+ = dy_1; = 1 was earlier
treated by Béna [9]. Another (non-vincular) case that has been studied is d-descents,
given by ¢ = 2, 7 = 21 and D = (d); Béna [8] shows asymptotic normality and Pike
[51] gives a rate of convergence.

We unify these results by considering U-statistics. It is well known and easy to see
that the number N, (w) of unconstrained occurences of a given subsequence w in a
random string =, can be written as an asymmetric U-statistic; see Section 13 and
(13.2) for details. There are general results on asymptotic normality of U-statistics
that extend the basic result by [27] to the asymmetric case, see e.g. [35, Corollary
11.20], [37]. Hence, asymptotic normality of N, (w) follows directly from these gen-
eral results. Similarly, it is well known that the pattern count N,(7) in a random
permutation also can be written as a U-statistic, see Section 14 for details, and again
this can be used to prove asymptotic normality. (See [40], with an alternative proof
by this method of the result by Béna [7].)

The constrained case is different, since the constrained pattern counts are not U-
statistics. However, they can be regarded as constrained U -statistics, which we define
in (3.2) below in analogy with the constrained counts above. As said above, we show
in the present paper general limit theorems for such constrained U-statistics, which
thus immediately apply to the constrained pattern counts discussed above in random
strings and permutations.

The basic idea in the proofs is that a constrained U-statistic based on a sequence
(X;) can be written (possibly up to a small error) as an unconstrained U-statistic
based on another sequence (Y;) of random variables, where the new sequence (Y;) is m-
dependent (with a different m) if (X;) is. (However, even if (X;) is independent, (Y;)
is in general not; this is our main motivation for considering m-dependent sequences.)
The unconstrained m-dependent case then is treated by standard methods from the
independent case, with appropriate modifications.

Section 2 contains some preliminaries. The unconstrained and constrained U-
statistics are defined in Section 3, where also the main theorems are stated. The
degenerate case, when the asymptotic variance in the central limit theorem Theo-
rem 3.8, 3.9, or 3.20 vanishes, is discussed later in Section 8, when more notation
has been introduced; Theorems 8.1, 8.4 and 8.7, repectively, give criteria that can
be used to show that the asymptotic variance is non-zero in an application. On the
other hand, Example 8.6 shows that the degenerate case can occur in new ways for
constrained U-statistics.

The reduction to the unconstrained case and some other lemmas are given in
Section 4, and then the proofs of the main theorems are completed in Sections 5-7
and 9-12. Section 13 gives applications to the problem on pattern matching in random
strings discussed above. Similarly, Section 14 gives applications to pattern matching
in random permutations. Some further comments and open problems are given in
Section 15. The appendix contains some further results on subsequence counts in
random strings.
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2. Preliminaries

2.1. Some notation. A constraint is, as in Section 1, a sequence D = (dy,...,dp_1) €
(NU {oo})¥1, for some given £ > 1. Recall that the special constraint (oo, ..., 00) is
denoted by Do. Given a constraint D, define b = b(D) by

b=0b{D):=0—|{j:dj <oo}|=1+[{j:dj =00} (2.1)

We say that b is the number of blocks defined by D, see further Section 4 below.
For a random variable Z, and p > 0, we let || Z||, := (E[|Z|p])1/p.

We use i), i), and =%, for convergence of random variables in distribution,
probability, and almost surely (a.s.), respectively. For a sequence of random variables
(Zy,), and a sequence a,, > 0, we write Z,, = op(a,) when Z, /ay, L2.0.

Unspecified limits are as n — oco. C denotes unspecified constants, which may be
different at each occurrence. (C may depend on parameters that are regarded as
fixed, for example the function f below; this will be clear from the context.)

We use the convention () := 0 if n < 0. (We will always have k > 0.) Some
further standard notation: [n] := {1,...,n}. max( := 0. All functions are tacitly
assumed to be measurable.

2.2. m-dependent variables. For reasons mentioned in the introduction, we will
consider U-statistics not only based on sequences of independent random variables,
but also based on m-dependent variables.

Recall that a (finite or infinite) sequence of random variables (X;); is m-dependent
if the two families {X;}i<x and {X;}i>k+m of random variables are independent of
each other for every k. (Here, m > 0 is a given integer.) In particular, 0-dependent
is the same as independent; thus the important independent case is included as the
special case m = 0 below.

It is well known that if (X;);er is m-dependent, and I;,...,I, C I are sets of
indices such that dist([;, I) := inf{|i — | : ¢ € I;,7' € I} > m when j # k, then the
families (vectors) of random variables (X;)ier,, - - -, (Xi)ier,. are mutually independent
of each other. (To see this, note first that it suffices to consider the case when each I;
is an interval; then use the definition and induction on r.) We will use this property
without further comment.

In practice, m-dependent sequences usually occur as block factors, i.e. they can be
expressed as

X =h(&, ... &itm) (2.2)

for some i.i.d. sequence (§;) of random variables (in some measurable space Sy), and
a fixed function h on S§**!. (It is obvious that (2.2) then defines a stationary m-
dependent sequence.)

3. U-statistics and main results

Let X1, Xo, ... be asequence of random variables, taking values in some measurable
space S, and let f : S* — R be a (measurable) function of ¢ variables, for some £ > 1.
Then the corresponding U -statistic is the (real-valued) random variable defined for
each n > 0 by

Up=Un(f) =Un(f;(X0) = D (X or Xiy). (3.1)

1<i1 << <n
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U-statistics were introduced by Hoeffding [27], who proved a general central limit
theorem; the present paper gives an extension of his result that builds on his methods.

Remark 3.1. Of course, for the definition (3.1) it suffices to have a finite sequence
(Xi)T, but we will in the present paper only consider the initial segments of an infinite
sequence. ]

Remark 3.2. Many authors, including Hoeffding [27], define U,, by dividing the sum
in (3.1) by (72), the number of terms in it. We find it more convenient for our purposes
to use the unnormalized version above. g

Remark 3.3. Many authors, including Hoeffding [27], assume that f is a symmetric
function of its ¢ variables. In this case, the order of the variables does not matter, and
we can in (3.1) sum over all sequences iy,...,7y of £ distinct elements of {1,...,n},
up to an obvious factor of ¢!. ([27] gives both versions.) Conversely, if we sum over
all such sequences, we may without loss of generality assume that f is symmetric.
However, in the present paper (as in several earlier papers by various authors) we
consider the general case of (3.1) without assuming symmetry, which we for empha-
sis call an asymmetric U-statistic. (This is essential in our applications to pattern
matching.) Note that for independent (X;)7, the asymmetric case can be reduced to
the symmetric case by the trick in [35, Remark 11.21, in particular (11.20)], see also
[40, (15)] and (A.18) below. However, this trick does not work in the m-dependent
or constrained cases studied here, so we cannot use it here. O

As said in the introduction, we also consider constrained U -statistics. Given a
constraint D = (dy,...,dy—1), we define the constrained U-statistic

Un(fiD) = Un(f;D; (X)) = D [(XiooonXi), 020, (32)
1<ip << <n
ij41—15<d;
where we thus impose the constraints (1.2) on the indices.
We define further the ezxactly constrained U -statistic

Un(f; D=) = Un(f; D=3 (X3)) := > f(Xi,.. . Xy,),  n>0, (3.3)
1<t <--<ig<n
ij+1—ij=dj if dj<00
where we thus specify each gap either exactly or (when d; = oo0) not at all. In
the vincular case, when all d; are either 1 or oo, there is no difference and we have
Un(f; D) = Un(f; D=).
Note that, trivially, each constrained U-statistic can be written as a sum of exactly
constrained U-statistics:

Un(f:D) =) Un(f;D'=), (3.4)
D/
where we sum over all constraints D’ = (d}, ..., d},) with
1<d, <d;, d;i <oo,
SNG40 (3.5)
dj = o0, dj = oo.

Remark 3.4. As said in the introduction, the [exactly| constrained U-statistics thus
belong to the large class of incomplete U-statistics [6], where the summation in (3.1)
is restricted to some, in principle arbitrary, subset of the set of all ¢-tuples (i1, ..., ip)
in [n]. O
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The standard setting, in [27] and many other papers, is to assume that the under-
lying random variables X; are i.i.d.; we consider in the present paper a more general
case, and we will assume only that X7, Xo,... is an infinite stationary m-dependent
sequence, for some fixed integer m > 0; See Section 2.2 for the definition, and recall
in particular that the special case m = 0 yields the case of independent variables X;.

We will consider limits as n — 0o. The sequence X7, Xo, ... (and thus the space S
and the integer m) and the function f (and thus ¢) will be fixed, and do not depend
on n.

We will throughout assume the following moment condition for p = 2; at a few
places (always explicitly stated) we also assume it for some larger p:

(Ap) E|f( X, .., X,)P < o0 for every iy < -+ < iy.

Note that in the independent case (m = 0), it suffices to verify (A,) for a single
sequence i1, ..., 1, for example 1,...,¢. In general, it suffices to verify (A,) for all
sequences with i1 = 1 and 441 —4; < m+1 for every j < £ — 1, since the stationarity
and m-dependence imply that every larger gap can be reduced to m + 1 without
changing the distribution of f(Xj;,,...,Xj;,). Since there is only a finite number of
such sequences, it follows that that (As) is equivalent to the uniform bound

E|f(Xi,, . Xi,)]? <C for every i < -+ <y, (3.6)

and similarly for (A,).

3.1. Expectation and law of large numbers. We first make an elementary ob-
servation on the expectations E U, (f; D) and EU,(f; D=). These can be calculated
exactly by taking the expectation inside the sums in (3.2) and (3.3). In the inde-
pendent case, all terms have the same expectation, so it remains only to count the
number of them. In general, because of the m-dependence of (X;), the expectations
of the terms in (3.3) are not all equal, but most of them coincide, and it is still easy
to find the asymptotics.

Theorem 3.5. Let (X;)$° be a stationary m-dependent sequence of random variables
with values in a measurable space S, let £ > 1, and let f : S* — R satisfy (Az). Then,
as n — oo, with u given by (5.1) below,

n nz
EU,(f) = (£)u+0(ne_1) = WHO(nH). (3.7)

More generally, let D = (di,...,dp—1) be a constraint, and let b := b(D). Then, as
n — 00, for some real numbers up and pp— given by (5.5) and (5.4),

EU,(f; D) = %m) +0(n"1), (3.8)
n’ b—1
EU,(f;D=) = Fm):JrO(n ). (3.9)
If m =0, i.e., the sequence (X;)$° is i.i.d., then, moreover,
p=pp==E[f(X1,...,X0), (3.10)
po=p [[ di= [] & EfXu,....X0). (3.11)

jidj<oo J:dj<oo
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The straightforward proof is given in Section 5, where we also give formulas for up
and up— in the general case, although in an application it might be simpler to find
the leading term of the expectation directly.

Next, we have a corresponding strong law of large numbers, proved in Section 7.
This extends well known results in the independent case, see [58; 28; 37].

Theorem 3.6. Let (X;)$° be a stationary m-dependent sequence of random variables
with values in a measurable space S, let £ > 1, and let f : S* — R satisfy (Az). Then,
as n — oo, with u given by (5.1),
_ s 1
n~tUL(f) 25 g (3.12)
More generally, let D = (dy,...,d¢—1) be a constraint, and let b := b(D). Then, as
n — oo,
1

n”"Un(f; D) == s, (3.13)
a.s. 1
n~U, (f; D=) =5 kD= (3.14)

where pp and pp=, as in Theorem 3.5, are given by (5.5) and (5.4).
FEquivalently,

n Un(f) = EUL(S)] 220, (3.15)
n~ [Un(f;D) — EU(f; D)] =50, (3.16)
n~[Un(f; D=) — EU,(f; D=)] => 0. (3.17)

Remark 3.7. For convenience, we assume (As) in Theorem 3.6 as in the rest of the
paper, which leads to a simple proof. We conjecture that the theorem holds assuming
only (A1) (i.e., finite first moments) instead of (As), as in [28; 37] for the independent
case. U

3.2. Asymptotic normality. We have the following theorems yielding asymptotic
normality. The proofs are given in Section 6.

The first theorem is for the unconstrained case, and extends the basic theorem by
Hoeffding [27] for symmetric U-statistics based on independent (X;)7° to the asym-
metric and m-dependent case. Note that both these extensions have earlier been
treated, but separately. For symmetric U-statistics in the m-dependent setting, as-
ymptotic normality was proved by Sen [59] (at least assuming a third moment); more-
over, bounds on the rate of convergence (assuming a moment condition) were given
by Malevich and Abdalimov [44]. The asymmetric case with independent (X;)$° has
been treated e.g. in [35, Corollary 11.20] and [37]; furthermore, as said in Remark 3.3,
for independent (X;), the asymmetric case can be reduced to the symmetric case by
the method in [35, Remark 11.21].

Theorem 3.8. Let (X;)$° be a stationary m-dependent sequence of random variables
with values in a measurable space S, let £ > 1, and let f : S — R satisfy (Az). Then,
as n — oo,

Var [Uy(f)] /n?t o o2 (3.18)
for some 02 = 02(f) € [0,00), and

Un(filzggn(f) i> N(0, 02)' (3.19)
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The second theorem extends Theorem 3.8 to the constrained cases.

Theorem 3.9. Let (X;){° be a stationary m-dependent sequence of random variables
with values in a measurable space S, let £ > 1, and let f : S* — R satisfy (As). Let
D = (di,...,de—1) be a constraint, and let b := b(D). Then, as n — oo,

Var [U,(f; D) /n*t — o2 (3.20)
for some 0 = o?(f; D) € [0,00), and
U, (f:D) —EU,(f:D
(f )nb—1/2 (fiD) q, N(0, o2). (3.21)

The same holds, with some (generally different) 0? = o?(f;D=), for the evactly
constrained Uy (f; D=).

Remark 3.10. It follows immediately by the Cramér—Wold device [25, Theorem
5.10.5] (i.e., considering linear combinations), that Theorem 3.8 extends in the obvious
way to joint convergence for any finite number of different f : S* — R, with ¢ now
a covariance matrix. Moreover, the proof shows that this holds also for a family of
different f with (possibly) different ¢ > 1.

Similarly, Theorem 3.9 extends to joint convergence for any finite number of differ-
ent f (possibly with different ¢ and D); this follows by the proof below, which reduces

the results to Theorem 3.8. 0
Remark 3.11. The asymptotic variance o in Theorems 3.8 and 3.9 can be calculated
explicitly, see Remark 6.2. O

Remark 3.12. Note that it is possible that the asymptotic variance o2 = 0 in The-
orems 3.8 and 3.9; in this case, (3.19) and (3.21) just give convergence in probability
to 0. This degenerate case is discussed in Section 8. g

Remark 3.13. We do not consider extensions to triangular arrays where f or X; (or
both) depend on n. In the symmetric m-dependent case, such a result (with fixed ¢
but possibly increasing m, under suitable conditions) has been shown by [44], with
a bound on the rate of convergence. In the independent case, results for triangular
arrays are given by e.g. [67] and [32]; see also [41] for the special case of substring
counts N, (w) with w depending on n (and growing in length). It seems to be an
interesting (and challenging) open problem to formulate useful general theorems for
constrained U-statistics in such settings. O

3.3. Rate of convergence. Under stronger moment assumptions on f, an alter-
native method of proof (suggested by a referee) yields the asymptotic normality in
Theorems 3.8 and 3.9 together with an upper bound on the rate of convergence,
provided o2 > 0.

In the following theorem of Berry—Esseen type we assume, for simplicity, that f
is bounded (as it is in our applications in Sections 13-14); see further Remark 9.1.
Let dx denote the Kolmogorov distance between distributions; recall that for two
distributions L1, £o with distribution functions Fi(x) and Fs(z), dx = dix (L1, L2) =
sup, |F1(z) — Fa(x)]; we use also the notation dgx (X, Ls) = dg(L(X),L2) for a
random variable X.

Theorem 3.14. Suppose in addition to the hypotheses in Theorem 3.8 or 3.9 that
% > 0 and that f is bounded. Then,

n - E n

dr ( U, U,

NGO 1)) —0o(n 1), (3.22)
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where Uy, denotes Up(f), Un(f,D) or Un(f;D=).

In the symmetric and unconstrained case, this (and more) was shown by Malevich
and Abdalimov [44]. The proof of Theorem 3.14 is given in Section 9, together with
further remarks.

3.4. Moment convergence. Theorems 3.8 and 3.9 include convergence of the first
(trivially) and second moments in (3.19) and (3.21). This extends to higher mo-
ments under a corresponding moment condition on f. (The unconstrained case with
independent X; was shown in [37, Theorem 3.15].)

Theorem 3.15. Suppose in addition to the hypotheses in Theorems 3.8 or 3.9 that
(Ap) holds for some real p > 2. Then all absolute and ordinary moments of order up
to p converge in (3.19) or (3.21).

The proof is given in Section 10, where we also give related estimates for maximal
functions.

3.5. Functional limit theorems. We can extend Theorem 3.9 to functional con-
vergence. For unconstrained U-statistics, this was done by Miller and Sen [45] in
the classical case of independent X; and symmetric f; the asymmetric case is [37,
Theorem 3.2]; furthermore, Yoshihara [65] proved the case of dependent X; satisfying
a suitable mixing condition (assuming a technical condition on f besides symmetry).

Theorem 3.16. Suppose that (Ag) holds. Then as n — oo, with b = b(D), in
D|0, c0),

Un (faD)_EUn (faD) d
= nb—1/2 = — Z(t), t>0, (3.23)

where Z(t) is a continuous centered Gaussian process. Equivalently, in D[0,c0),

U :D) — b)nbtb
nt) (S )b_IE’;D/ T 2w, tso. (3.24)
n

The same holds for exact constraints. Moreover, the results hold jointly for any
finite set of f and D (possibly with different ¢ and b), with limits Z(t) depending on
f and D.

The proof is given in Section 11.

Remark 3.17. A comparison between (3.23) and (3.21) yields Z(t) ~ N(0, t2*~15?),
with o2 as in Theorem 3.9. Equivalently, Var Z(t) = t**1¢2, which can be calculated
by Remark 6.2. Covariances Cov(Z(s), Z(t)) can be calculated by the same method
and (11.20) in the proof; we leave the details to the reader. Note that these covariances
determine the distribution of the process Z. O

3.6. Renewal theory. Assume further that h: S — R is another (fixed) measurable
function, with

v:=Eh(X;)>0. (3.25)
We define

Sp = Sn(h) =Y h(Xy), (3.26)



CONSTRAINED U-STATISTICS, RANDOM STRINGS AND PERMUTATIONS 11

and, for x > 0,
N_(z) :==sup{n >0:5, <z}, (3.27)
Ni(z) :=inf{n >0: S, > z}. (3.28)
N_(z) and N, (z) are finite a.s. by the law of large numbers for S,, (12.1); see further

Lemma 12.1. We let N4 (z) denote either N_(z) or N4 (z), in statements and formulas
that are valid for both.

=
Z

Remark 3.18. In [37], we consider instead of h(x), more generally, a function of
several variables, and define N1 using the corresponding U-statistic instead of S,.
We believe that the results of the present paper can be extended to that setting, but
we have not pursued this, and leave it as an open problem. O

Remark 3.19. If A(X;) > 0 a.s., which often is assumed in renewal theory, then
Ni(x) = N_(z) + 1. However, if h may be negative (still assuming (3.25)), then
N_(z) may be larger than Ny (x). Nevertheless, the difference is typically small, and
we obtain the same asymptotic results for both N, and N_. (We can also obtain the
same results if we instead use S,, < z or S,, > x in the definitions.) O

In this situation, we have the following limit theorems, which extend results in [37].
Proofs are given in Section 12. For an application, see [39].

Theorem 3.20. With the assumptions and notations of Theorem 3.9, assume (Az),
and suppose also that v :=Eh(X1) > 0 and Eh(X1)? < co. Then, with notations as
above, as x — 00,

UNy(2)(f; D) — pupr bl b

i % N(0,72), (3.29)

for some v = v%(f; h; D) > 0.
The same holds for exact constraints. Moreover, the results hold jointly for any
finite set of f and D (possibly with different £ and b).

Theorem 3.21. Suppose in addition to the hypotheses in Theorem 3.20 that h(X1)
o0

is integer-valued and that (X;)$° are independent. Then (3.29) holds also conditioned
on SN_(z) = x for integers x — 00.

We consider here tacitly only = such that IP’(S’ N_(z) = :B) > 0.

Remark 3.22. We prove Theorem 3.21 only for independent X; (which, in any case,
is our main interest as said in the introduction.) It seems likely that the result can
be extended to at least some m-dependent (X;), using a modification of the proof
below and the m-dependent renewal theorem (under some conditions) [1, Corollary
4.2], but we have not pursued this. O

Theorem 3.23. Suppose in addition to the hypotheses in Theorem 3.20 that (A,)
holds and E[|h(X1)|P] < oo for every p < oco. Then all moments converge in (3.29).

Under the additional hypothesis in Theorem 3.21, this holds also conditioned on
SN, (x) = Z.

Remark 3.24. In Theorem 3.23, unlike Theorem 3.15, we assume p-th moments for
all p, and conclude convergence of all moments. If we only want to show convergence
for a given p, some sufficient moment conditions on f and h can be derived from
the proof, but we do not know any sharp results and have not pursued this. Cf. [37,
Remark 6.1] and the references there. O
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4. Some lemmas

We give here some lemmas that will be used in the proofs in later sections. In
particular, they will enable us to reduce the constrained cases to the unconstrained
one.

Let D = (dy,...,dp—1) be a given constraint. Recall that b = b(D) is given by
(2.1), and let 1 = 1 < --- < [ be the indices in [¢] just after the unconstrained
gaps; in other words, §; are defined by 1 := 1 and dg; 1 = oo for j = 2,...,b. For
convenience we also define By41 := £+ 1. We say that the constraint D separates the
index set [¢] into the b blocks By, ..., By, where By := {0k, ..., Br+1 — 1}. Note that
the constraints (1.2) thus are constraints on i; for j in each block separately.

Lemma 4.1. Let (X;)}° be a stationary m-dependent sequence of random variables
with values in S, let £ > 1, and let f : S* — R satisfy (As). Let D = (di,...,d¢_1)
be a constraint. Then

Var[U,(f;D)] = O(n®*®)7Y),  n>1. (4.1)
Furthermore,
Var[Un(f; D) — Unp—1(f;D)] = O(n*P)72),  n>1. (4.2)
Moreover, the same estimates hold for U, (f; D=).
Proof. The definition (3.2) yields

Var[Ua(f;D)] = Y S Cov(F(Xiyse s Xig), f (X, X)),

141 < <ip<n 11 << jp<n
tet1—9kSdr  Jrt1—Jre<dk

Let d, be the largest finite d; in the constraint D, i.e.,
d. = max{d; : dj < oo}. (4.4)
J

The constraints imply that for each block B, and all indices k£ € By, coarsely,
0 < i —ig, < dut and 0 < Jjk — Jjp, < dil. (4.5)

It follows that if |ig. — jg,| > dil +m for all r,s € [b], then |iq — jg| > m for all
a,f € [¢]. Since (X;)7° is m-dependent, this implies that the two random vectors
(X,-17 . ,X,-L,) and ( Gire e 7Xje) are independent, and thus the corresponding term
in (4.3) vanishes.

Consequently, we only have to consider terms in the sum in (4.3) such that

lig, — jp.| < dl +m (4.6)

for some r, s € [b]. For each of the O(1) choices of r and s, we can choose ig, , ..., ig, in
at most n® ways; then jg, in O(1) ways such that (4.6) holds; then the remaining jg,
in O(n®~!) ways; then, finally, all remaining iz and j; in O(1) ways because of (4.5).
Consequently, the number of non-vanishing terms in (4.3) is O(n?*~1). Moreover, each
term is O(1) by (3.6) and the Cauchy—Schwarz inequality, and thus (4.1) follows.

For (4.2), we note that U, (f; D) — U,—1(f; D) is the sum in (3.2) with the extra
restriction iy = n. Hence, its variance can be expanded as in (4.3), with the extra
restrictions 7y = jy = n. We then argue as above, but note that (4.5) and iy = n
imply that there are only O(1) choices of iy, and hence O(n’~!) choices of i1, ...,y
We thus obtain O( 26— 2) non-vanishing terms in the sum, and (4.2) follows.
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The argument for the exactly constrained U,(f;D=) is the same (and slightly
simpler). (Alternatively, we could do this case first, and then use (3.4) to obtain the
results for U, (f;D).) O

The next lemma is the central step in the reduction to the unconstrained case.

Lemma 4.2. Let (X;)$°, f:S* = R, and D = (dy,...,ds_1) be as in Lemma 4.1,
and let

D:= Y dj (4.7)
j:d]'<00
Let M > D and define
Y= (Xi, Xig1,. ., Xigm—1) €SM, i>1. (4.8)

Then there exists a function g = gp— : (SM)? — R such that for every n >0,
Un(f§D:;(Xi)) = Z g(Y}lw"?Y}b) = Un—D(9§ (Yz)), (4-9)
J<<gp<n—D
with Up—p(g) :== 0 when n < D. Furthermore,
2
Elg(Yj,,...,Y;,)| < oo, (4.10)
for every j1 < --- < Jp.
Proof. For each block B, = {8, ..., B4+1 — 1} defined by D, let

by = |Bq| = Bg+1 — By (4.11)
r—1

tar o= dgajo1,  T=1,....0, (4.12)
j=1

Bq+l_5q—1
Uq = tq7eq = Z dﬁq‘i’j*l? (413)
j=1

Vg = Zuk (4.14)

k<q

Note that t4; = 0 for every ¢ and that ¢, u, < co. (We stop the summation in (4.13)
just before the next infinite d;, which occurs for j = 8441 — 1 provided ¢ < b.) Note
also that

up + vp = Zuk =D. (4.15)
k<b

We then rewrite (3.3) as, letting k, := ig, and grouping the arguments of f according
to the blocks of D (using an obvious notation for this),

Y V4
Un(f; D=) = > F((Xhyttn e o (X, )ig)- - (4.16)
1<k <ko < <kp<n—uy,
kg+1>kq+uq

Change summation variables by k; = j; + v4. Then (4.16) yields, recalling (4.14)-
(4.15),

Un(f;D=) = Z (G, SRS RN G e L § (4.17)

1< <ga<jpsn—D
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M M
Define, for y; = (yir)n—q € S,

¢ ¢
91 ) = F(Wrotr41)rits - - - Wbyt +1)r1) - (4.18)

(Note that vj+tj, +1 <vj+u;j+1< D+1< M.) We have Y; = (Xj+k_1)£/[:1, and
thus (4.18) yields

L
g(lev s ’ij) = f((Xj1+U1+tlr)f‘1:17 SERE) (ij‘l’vb“l‘tbr)rb:l)' (4'19)
Consequently, (4.9) follows from (4.17) and (4.19).
Furthermore, (4.10) follows from (4.19) and (Aa2). O

Lemma 4.3. Let (X;)7° and D = (di,...,d¢—1) be as in Lemma 4.1, and let M
and Y; be as in Lemma 4.2. For every f : S* — R such that (A3) holds, there exist
functions gp, gp= : (SM)? — R such that (4.10) holds for both, and

Var [Un (£:D;(Xy)) — Un(gp; (Yz-))] = 0(n®P)=2), (4.20)
Var {Un(f; D=; (Xi)) — Un(gp=; (Y%))] =0 (n®®)72), (4.21)

Proof. First, letting gp— be as in Lemma 4.2, we have by (4.9),
Un(f;D=;(X;)) — Un(9p=; (Y3)) = Un—p(9p=) — Un(9p=)

S (Unrnilom) ~ Unklon)). (422)

Thus (4.21) follows by (4.2) in Lemma 4.1 applied to gp—, the trivial constraint Dy,

(i.e., no constraint), and (Y;)7°.

Next, we recall (3.4) and define

D!

again summing over all constraints D’ satisfying (3.5). This is a finite sum, and by
(3.4) and (4.23),

Un(f: D5 (X3)) = Un(g9p; (7)) = D (Un(f: D'=; (X0)) = Un(9p=: (V) (4.24)
=

and thus (4.20) follows from (4.21). O
To avoid some of the problems caused by dependencies between the X;, we follow
Sen [59] and introduce another type of constrained U-statistics, where we require the

gaps beteen the summation indices to be large, instead of small as in (3.2). We need
only one case, and define

Un(fi>m)= Y f(Xi,.... Xi,), n >0, (4.25)

1<i < <ip<n
T 41— >m

summing only over terms where all gaps ij4.1 —i; > m, j = 1,...,0 — 1. (The
advantage is that in each term in (4.25), the variables Xj , ..., X, are independent.)

Lemma 4.4. Let (X;)$° and f: S* — R be as in Lemma 4.1. Then,
Var (Up (f) — Un(f; > m)) = O(n*7?). (4.26)
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Proof. We can express the type of constrained U-statistic in (4.25) as a combination
of constrained U-statistics of the previous type by the following inclusion—exclusion
argument:

/—1
Un(f;>m): Z f(XiU"'inz)Hl{ij-i-l_ij>m}
j=1

1<ip < <ig<n.

{—1
= Y A X) TT (- i — i <m))
1< <+ <ig<n j=1
= Z (—1)"]‘ Z f(Xil,...,Xiz) Hl{ijJrl_ij ém}
JCe—1] 161 < <ig<n jeJ
= > ()MIU.(£;Dy), (4.27)

JCle-1]

where we sum over the 2=! subsets .J of [¢ — 1], and use the constraints

_ ) m, j€d,
DJ = (d(]j)ﬁzﬁ with de = {oo ; ¢ J (428)

We have b(Dy) = ¢ — |J|, and thus b(Dy) < ¢ unless J = (. Moreover, Dy =
(00,...,00) = D, and thus means no constraint, so Uy, (f;Dy) = Uy(f), the uncon-
strained U-statistic. Consequently, by (4.27) and Lemma 4.1,

Var (Un(f) = Un(f; > m)) = Var(Z(—l)'J'*lUn<f; m)) =0(n*7?),  (4.29)
J#0

which proves the estimate (4.26). O

4.1. Triangular arrays. We will also use a central limit theorem for m-dependent
triangular arrays satisfying the Lindeberg condition, which we state as Theorem 4.5
below. The theorem is implicit in Orey [49]; it follows from his theorem there exactly
as his corollary, which however is stated for a sequence and not for a triangular array.
See also Peligrad [50, Theorem 2.1], which contains the theorem below (at least for
0% > 0; the case 02 = 0 is trivial), and is much more general in that it only assumes
strong mixing instead of m-dependence.

Recall that a triangular array is an array (&ni)i<i<n<oco Of random variables, such
that the variables (£,;)~; in a single row are defined on a common probability space.
(As usual, it is only for convenience that we require that the nth row has length n;
the results extend to arbitrary lengths N,.) We are here mainly interested in the
case when each row is an m-dependent sequence; in this case, we say that (&) is
an m-dependent triangular array. (We make no assumption on the relation between
variables in different rows; these may even be defined on different probability spaces.)

Theorem 4.5 (Orey [49]). Let (£ni)1<i<n<oo be an m-dependent triangular array of
real-valued random variables with E&,; = 0. Let S, := Z?:l Eni- Assume that, as
n — 0o,

Var S, — o2 € [0, 00), (4.30)
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that &,; satisfy the Lindeberg condition

iﬂﬂ[{gil{]fni! >e}] =0, for every € > 0, (4.31)
and that -
iVar &ni = O(1). (4.32)
Then, as n — oo, -
S, -5 N(0, o2). (4.33)
g

Note that Theorem 4.5 extends the standard Lindeberg—Feller central limit theo-
rem for triangular arrays with row-wise independent variables (see e.g. [25, Theorem
7.2.4]), to which it reduces when m = 0.

Remark 4.6. In fact, the assumption (4.32) is not needed in Theorem 4.5, see [38].
However, it is easily verified in our case (and many other applications), so we need
only this classical result. O

5. The expectation

The expectation of a (constrained) U-statistics, and in particular its leading term, is
easily found from the definition. Nevertheless, we give a detailed proof of Theorem 3.5,
for completeness and for later reference.

Proof of Theorem 8.5. Consider first the unconstrained case. We take expectations
n (3.1). The sum in (3.1) has () terms. We consider first the terms that satisfy
the restriction ij11 > i; + m for every j € [¢ —1]. (Le., the terms in (4.25).) As
noted above, in each such term, the variables Xj ,..., X}, are independent. Hence,
let ( ) be an independent sequence of random Varlables in S, each with the same
distribution as X7 (and thus as each Xj), and define

p=Ef(X1,...,X)). (5.1)
Then

,u:Ef(Xil,...,Xi[) (52)
for every sequence of indices i1, ..., 4 with i;41 > i;+m for all j € [¢ — 1]. Moreover,

the number of terms in (3.1) that do not satisfy these constraints is O(n‘"!), and
their expectations are uniformly O(1) as a consequence of (3.6). Thus, (3.7) follows
from (3.1).

Next, consider the exactly constrained case. We use Lemma 4.2 and then apply
the unconstrained case just treated to g and (Y;); this yields

Un(f;D=) =EU,—p(g; (V3) ( ) g(Vi,..., V) + 0" (5.3)

with }71, e ,Y}, Y7 independent. Using (4.19), and the notation there, this yields
(3.9) with

2 L
HUD= = ]Eg(}/}1a LR ) ]Ef(( Jit+vi+tir )T 12 (ij+vb+tbr)rb:1)> (54)
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for any sequence ji,...,J with jgi1 — jr = m + M for all k € [b — 1]. (Note that
(Y3)$° is (m + M — 1)-dependent.)

Finally, the constrained case (3.8) follows by (3.9) and the decomposition (3.4),
with

pp = pipi—, (5.5)
D/

summing over all D’ satisfying (3.5).

In the independent case m = 0, the results above simplify. First, for the uncon-
strained case, the formula for p in (3.10) is a special case of (5.2). Similarly, in the
exactly unconstrained case, (5.4) yields the formula for yp— in (3.10). Finally, (3.10)
shows that up— does not depend on D, and thus all terms in the sum in (5.5) are
equal to p. Furthermore, it follows from (3.5) that the number of terms in the sum
is de<oo dj, and (3.11) follows.

Alternatively, in the independent case, all terms in the sums in (3.1), (3.2) and
(3.3) have the same expectation u given by (3.10), and the result follows by counting
the number of terms. In particular, exactly,

£0,(7) = () )n (5.6)

and, with D given by (4.7),

6. Asymptotic normality

The general idea to prove Theorem 3.8 is to use the projection method by Ho-
effding [27], together with modifications as in [59] to treat m-dependent variables
and modifications as in e.g. [37] to treat the asymmetric case. We then obtain the
constrained version Theorem 3.9 by reduction to the unconstrained case.

Proof of Theorem 3.8. We first note that by Lemma 4.4, it suffices to prove (3.18)—
(3.19) for U,(f;> m). (This uses standard arguments with Minkowski’s inequality
and Cramér—Slutsky’s theorem [25, Theorem 5.11.4], respectively; we omit the details.
The same arguments are used several times below without comment.)

As commented above, the variables inside each term in the sum in (4.25) are
independent; this enables us to use Hoeffding’s decomposition for the independent
case, which we (in the present, asymmetric case) define as follows.

As in Section 5, let ()?l)li be an independent sequence of random variables in S,
each with the same distribution as X;. Recall u defined in (5.1), and, for i =1,... ¢,
define the function f; as the one-variable projection

~

file) =Ef( X1, Xiv 2, Xig, -, Xo) — . (6.1)

Equivalently,

~

Fi(X) =E(f(X1,.. ., Xo) | Xo) — . (6.2)
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(In general, f; is defined only £(X;)-a.e., but it does not matter which version we
choose.) Define also the residual function

y4
felmr, o ma) o= fon,. . xa) —p— Y filx). (6.3)
j=1

Note that the variables f;(X;) are centered by (5.1) and (6.2):
E fi(X;) = E f;(X;) = 0. (6.4)

~

Furthermore, (As) implies that f;(X;), and thus each f;(X};), is square integrable.
The essential property of f, is that, as an immediate consequence of the definitions
and (6.4), its one-variable projections vanish:

E(f*()?l, ,)?g) ’)2, = (L‘) = Ef*()/(:l,...,Xi_l,x,)/(:i_H,...,Xg) =0. (65)

We assume from now on for simplicity that pu = 0; the general case follows by
replacing f by f—p. Then (4.25) and (6.3) yield, by counting the terms where i; = k
for given j and k,

J4
Uifiem = 5 (A (X X))

1< < <ip<n j=1
Tj+1—1;>m

_ ¢t n k=1—(G-=1m\(n—k—({—-jm\ |
(6.6)

Let us first dispose of the last term in (6.6). Let i3 < --- < iy and j; < --- < jp
be two sets of indices such that the constraints ix+1 — ix > m and jr41 — jr > m in
(4.25) hold. First, as in the proof of Lemma 4.1, if also |i, —jg| > m for all a, 5 € [{],
then all X;, and X, are independent; thus f.(X;,,..., X;,) and fu(Xj,,..., X},) are
independent, and

Elfe(Xi, o, Xi) e(Xjrs oo X5)] =E fiu(Xiys -, X)) E fu( X5y, .., XG,) = (Oé .

Moreover, suppose that |iq — jg| > m for all but one pair (o, 8) € [£]?, say for
(o, ) # (c0,B0). Then the pair (X, ,Xj, ) is independent of all the variables
{Xi, @ # ap} and {Xj, : B # fo}, and all these are mutually independent. Hence,
recalling (6.5), a.s.

E[fi(Xiys - Xi) f (X0, X5,) | Xiao,XjBO] (6.8)
= E[f*(Xl-l, X)) | Xz'ao] E[f*(le, X5 Xjﬁo] =0.
Thus, taking the expectation, we find that unconditionally
E[fe(Xip, .., X)) [(Xj0, ..., X,)] = 0. (6.9)

Consequently, if we expand Var [Un( fe; > m)} in analogy with (4.3), then all terms
where |iq — jg| < m for at most one pair («, 5) will vanish. The number of remaining
terms, i.e., those with at least two such pairs (o, 3), is O(n*~2), and each term is
O(1), by (Ag) and the Cauchy-Schwarz inequality. Consequently,

Var [Uy(fs; > m)| = O(n%_Q). (6.10)
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Hence, we may ignore the final term U, (fs;> m) in (6.6).
We turn to the main terms in (6.6), i.e., the double sum; we denote it by U, and
write it as

l
U, = Zzaj,k,nfj(xk), (6.11)

where we thus define

<k—1—(j—1)m> <n—k—(€—j)m>
ajvkvn :: s ;
J—1 t—j
1 .
= — K= n— k)7 +0(n?), 6.12
T (n—k) (n"7%) (6.12)

where the O is uniform over all k£ < n and j < £. Define the polynomial functions,
forj=1,...,¢,

1

Yi(z) = DT P L xeR. 6.13
Then (6.12) yields, again uniformly for all £ < n and j < ¢,
jpn =n"""i(k/n) + O (n7?). (6.14)
The expansion (6.11) yields
¢ n n
VarUn =Y Y > " aiknajgn Cov [ fi(Xk), £(X,)], (6.15)
i=1 j=1 k=1 g=1

where all terms with |k — ¢| > m vanish because the sequence (X;) is m-dependent.
Hence, with r_ := max{—r,0} and r; := max{r,0},

n—ry

I m
Var ﬁn = ZZ E Z Qi k nQgj, k-H“nCOV [fz(Xk) f] (Xk+r)] (6'16)

=1 j=1lr=—mk=1+r_

The covariance in (6.16) is independent of k; we thus define, for any k& > r_,

Yi,gr = Cov [fz(Xk)a fj (Xk—l—r)] (617)
and obtain
N [ m n—ry
Un = Z Z Z Yi,gyr Z Qi knjk+rmn- (618)
i=1 j=1r=-m k=1+r_
Furthermore, by (6.14),
n—r4 n—ry
Z ai,k,naj,kJrr,n - Z (%(k/n) + O(n_l)) (w](k/n) + O(n_l))
k=1+r_ k=1+r_
n—ry
= 3 (ilk/n)y;(k/n) + O(n™")
k=1+r_

= 3"l /n)ds; (k/n) + O(1)
k=1
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= /0 di(z/n)g;(z/n)de + O(1)

1
_ n/ G (B (1) dt + O(1). (6.19)
0
Consequently, (6.18) yields

4
'~ Var U, :ZZ Z »yw/ Yi(t)y;(t)dt + O(n ™). (6.20)

i=1 j=1r=—m
Since (4.26), (6.6), and (6.10) yield
Var [Un(f) — (7“] = O(n%*Q), (6.21)
the result (3.18) follows from (6. 20) with

m

02 :ZZ Z '72,]7"/ wz % (6.22)

i=1 j=1r=—m

Next, we use (6.11) and write

n
0200 = 3" Zi, (6.23)
k=1
with
¢ 1
=> n2ajpnfi(Xp). (6.24)
j=1

Since Zj, is a function of Xy, it is evident that (Zj,) is an m-dependent triangular
array with centered variables. Furthermore, E Zj,, = 0 as a consequence of (6.4).

We apply Theorem 4.5 to (Zg,), so S, = n%_eﬁn by (6.23), and verify first its
conditions. The condition (4.30) holds by (6.20) and (6.22). Write Z,, = Z§=1 Zjkn
with

1
Zitn =02 a0 fi (Xp) (6.25)
Since (6.12) yields |aj | < n~1, we have, for € > 0,
E[Z5n1{|Zjin| > }] < n7 E[If;(X0)PL{|f5(Xk)| > en'/?}] (6.26)

The distribution of f;(X}) does not depend on k, and thus the Lindeberg condition
(4.31) for each triangular array (Zjxp)k,n follows from (6.26). The Lindeberg condition
(4.31) for (Zyk)kn then follows easily. Finally, taking ¢ = 0 in (6.26) yields E Z;,m <
Cn~!, and thus EZ2 < Cn~!, which shows (4.32).

We have shown that Theorem 4.5 applies, and thus, recalling (6.23) and (6.4),

02 (U, ~EU,) =07 U = 3 Zjw ~ N(0,02). (6.27)
k=1
The result (3.19) now follows from (6.27) and (6.21). O

Proof of Theorem 3.9. Lemma 4.3 implies that it suffices to consider U, (g; (YZ)) in-
stead of Uy (f; D) or Uy, (f; D=). Note that the definition (4.8) implies that (¥;){° is a
stationary m’-dependent sequence, with m’ := m + M — 1. Hence, the result follows
from Theorem 3.8 applied to g and (Y;)$°. O
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Remark 6.1. The integrals in (6.22) are standard Beta integrals [47, 5.12.1]; we have

/1 bi(t)9; (1) dt = ! /1 $iHI=2(1 )20 gy
o =G - E— ) (=) Jo
_ (i4j—2)!(20—i—7)
T G-DIG DI (- -1 (6.28)
0

Remark 6.2. In the unconstrained case Theorem 3.8, the asymptotic variance o? is
given by (6.22) together with (6.17), (6.1) and (6.28).

In the constrained cases, the proof above shows that o2 is given by (6.22) applied
to the function g given by Lemma 4.3 and (Y;)7° given by (4.8) (with M = D + 1 for
definiteness); note that this also entails replacing ¢ by b and m by m+M —1 = m+ D
in the formulas above. In particular, in the exactly constrained case (3.3), it follows
from (6.1) and (4.18) that, with y = (z1,...,2z) € S™ and other notation as in

(4.11)-(4.14) and (5.4),

gi(xlv s 7‘7:M) =E f((Xj1+U1+t1r)£1:17 SRR (xl"l‘vi"'ti'r')fi:l’ R (ij"rvb'f‘tbr)ﬁb:l) — HD=,

(6.29)
where the ith group of variables consists of the given z;, and the other b — 1 groups
contain variables X;, and ji,...,J; is any sequence of indices that has large enough
gaps: jiy1—jJi>m+M—-1=m+ D.

In the constrained case (3.2), g = gp is obtained as the sum (4.23), and thus
each g; is a similar sum of functions that can be obtained as (6.29). (Note that
M := D + 1 works in Lemma 4.2 for all terms by (3.5).) Then, o2 is given by (6.22)
(with substitutions as above). O

7. Law of large numbers

Proof of Theorem 3.6. Note first that if R, is any sequence of random variables such
that

ER2 =0(n"?), (7.1)

then Markov’s inequality and the Borel-Cantelli lemma show that R,, == 0.

We begin with the unconstrained case, D = Dy, = (00,...,00). We may assume,
as in the proof of Theorem 3.8, that ¢ = 0. Then (6.21) holds, and thus by the

argument just given, and recalling that E U, =0 by (6.11) and (6.4),
n~ [Un(f) =BUL(f) = Ua] 22 0. (7.2)

Hence, to prove (3.15), it suffices to prove n*fﬁn 2%0.
For simplicity, we fix j € [/], and define, with f; as above given by (6.1),

Sin = Sin(f) = Su(f;) =D fi(Xx) (7.3)
k=1
and, using partial summation,
n n—1
Upn =Y a5k fi(Xe) = > (@5 — ajk110)Sjk + @jinnSin- (7.4)

k=1 k=1
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The sequence (fj(Xx))r is m-dependent, stationary and with E|f;(Xj)| < oo. As

is well known, the strong law of large number holds for stationary m-dependent se-
quences with finite means. (This follows by considering the subsequences (X (m—i—l)n—‘,—q)nZOa
which for each fixed ¢ € [m + 1] is an i.i.d. sequence.) Thus, by (7.3) and (6.4),

Syl 25 B £5(X,) = 0. (7.5)
In other words, a.s. Sj, = o(n), and thus also
max |Sjk| = o(n) a.s. (7.6)

Moreover, (6.12) implies a; i n — @jkt1,0 = O(n'~?). Hence, (7.4) yields

n—1
0 U= 00 S +0((n™") - S (7.7)
k=1
and thus, using (7.6),
‘n_eﬁjn} <Cnt max |Sjk| = o(1) a.s. (7.8)
Consequently,
¢
nU, =Y n U 250, (7.9)
j=1

which together with (7.2) yields the desired result (3.15).
Next, for an exact constraint D=, we use Lemma 4.2. Then (4.9) together with
the just shown result applied to g and (Y;) yields

n_b [Un(fa D:) —-E Un(f» D:)] = n_b [UnfD(g) —-E UnfD(g)] 5 0. (71(])

This proves (3.17), and (3.16) follows by (3.4).
Finally, using Theorem 3.5, (3.12)—(3.14) are equivalent to (3.15)—(3.17). O

8. The degenerate case

As is well known, even in the original symmetric and independent case studied in
[27], the asymptotic variance o2 in Theorem 3.8 may vanish also in non-trivial cases.
In such cases, (3.19) is still valid, but says only that the left-hand side converges
to 0 in probability. In the present section, we characterize this degenerate case in
Theorems 3.8 and 3.9. Note that in applications, it is frequently natural to guess
that o > 0, but this is sometimes surprisingly difficult to prove. One purpose of the
theorems below is to assist in showing o2 > 0; see the applications in Sections 13 and
14.

For an unconstrained U-statistic and an independent sequence (X;){° (the case
m = 0 of Theorem 3.8), it is known, and not difficult to see, that 02 = 0 if and
only if every projection f;(X;) defined by (6.1) vanishes a.s., see [37, Corollary 3.5].
(This is included in the theorem below by taking m = 0 in (iii), and it is also the
correct interpretation of (vi) when m = 0.) In the m-dependent case, the situation is
similar, but somewhat more complicated, as shown by the following theorem. Note
that Sy, (f;) defined in (8.8) below equals S;,; for later applications we find this change
of notation convenient.

Theorem 8.1. With assumptions and notation as in Theorem 3.8, define also f; by
(6.1), vijr by (6.17) and Sjn by (7.3). Then, the following are equivalent.
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o2 =0. (8.1)

(i)
VarU, = O(nﬂfz). (8.2)

(iii)
> ige=0,  Vijell (8.3)

(iv)
Cov [Sin, Sjn|/n— 0 asn — 0o Vi, j € [(]. (8.4)

(v)
Var[Sj,]/n— 0 asn— oo Vj € [(]. (8.5)

vi) For eachj € ere exists a stationary sequence (Z; )2 of (m—1)-dependen
1) F hiellth st tats Zik)io 1)-d dent
random variables such that a.s.

Fi(X0) = Zik — Zigr, k=1 (8.6)

Moreover, suppose that the sequence (Xy){° is a block factor given by (2.2) for
some function h and i.i.d. &, and that o> = 0. Then, in (vi), we may take Zjk as
block factors

Zik = 0i(Ehv1s - Ehm)s (8.7)
for some functions ¢; : S§* — R. Hence, for every j € [{] and n > 1,

Sn(f5) =D Fi(Xk) = Zjn = Zjo = 0§ (Entts- - &nim) = 95(€1,- . &m),  (8:8)
k=1

and thus Sy (f;) is independent of &y, - .., E&n for every j € [€ —1] and n > m.

To prove Theorem 8.1, we begin with a well known algebraic lemma; for complete-
ness we include a proof.

Lemma 8.2. Let A = (aij)f,jzl and B = (bij)z{jzl be symmetric real matrices such
that A is positive definite and B is positive semidefinite. Then

l
Z aijbi; =0 <= b;; =0 Vi, jell. (8.9)
ij=1
Proof. Since A is positive definite, there exists an orthonormal basis (v;)¢ in R® con-
sisting of eigenvectors of A, in other words Avy = Apvi; furthermore, the eigenvalues
A > 0. Write v, = (vki)le. We then have
1

Qi5 = Z )\kvkivkj. (810)
k=1

Thus

¢ ¢ ¢ ¢
Z aijbij = Z)\k Z bijVkiVkj = ZAk<vk,ka>. (8.11)
k=1 k=1

i,5=1 = 1,j=1
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Since B is positive semidefinite, all terms in the last sum are > 0, so the sum is 0 if
and only if every term is, and thus
¢

Z aijbij =0 <= (vg, Bug) =0 Yk € [{]. (8.12)

ij=1
By the Cauchy—Schwarz inequality for the semidefinite bilinear form (v, Bw) (or,
alternatively by using (v + v, B(vg £v,,)) = 0) it follows that this condition implies
(vg, Bup) = 0 for any k,n € [¢], and thus

l
> aibi; =0 <= (v, Bv,) =0 Vk,n €[l (8.13)
ij=1
Since (v )] is a basis, this is further equivalent to (v, Bw) = 0 for any v, W € R’ and
thus to B = 0. This yields (8.9). O

Proof of Theorem 8.1. The £ polynomials v;, j = 1,...,/, of degree £ — 1 defined
by (6.13) are linearly independent (e.g., since the matrix of their coefficients in the

standard basis {1,z,..., 21} is upper triangular with non-zero diagonal elements).
Hence, the Gram matrix A = (a;;);; with
1
oy i= [ (o) (3.14)
0

is positive definite.
We have by (7.3), similarly to (6.15)—(6.18),

Cov(Sin, Sjn) = DY Cov[fi(Xp), fi(X)] = D Y Cov[fu(Xi), £i(Xisr)]
k=1g=1 r=—mk=1+r_
= > (n—r]) Cov[fi(Xp), fi(Xpar)] = D (n—|r))yige  (8.15)
and thus, as n — oo,
COV(Sm,Sjn)/n — Z Yijor = bij. (8.16)

Note that (6.22) can be written

¢
0'2 = Z bijai]’. (817)
1,j=1

. . ¢ . . . .
The covariance matrices (Cov(Sm, Sjn)) . are positive semidefinite, and thus so is
4,j=1

the limit B = (b;;) defined by (8.16). Hence Lemma 8.2 applies and yields, using
(8.17) and the definition of b;; in (8.16), the equivalence (i) <= (iii).

Furthermore, (8.16) yields (iii) <= (iv).

The implication (iv) = (v) is trivial, and the converse follows by the Cauchy—
Schwarz inequality.

If (iii) holds, then (6.20) yields VarU, = O(n?®~2) , and (ii) follows by (6.21).
Conversely, (ii) = (i) by (3.18).

Moreover, for m > 1, (v) <= (vi) holds by [36, Theorem 1], recalling E f;(X%) = 0
by (6.4). (Recall also that any stationary sequence (W)$° of real random variables



CONSTRAINED U-STATISTICS, RANDOM STRINGS AND PERMUTATIONS 25

can be extended to a doubly-infinite stationary sequence (W), .) The case m =0
is trivial, since then (v) is equivalent to Var f;(X}) = 0 and thus f;(X;) = 0 a.s. by
(6.4), while (vi) should be interpreted to mean that (8.6) holds for some non-random
Zj,k = Zj.

Finally, suppose that (X;)7° is a block factor. In this case, [36, Theorem 2] shows
that Z; can be chosen as in (8.7). (Again, the case m = 0 is trivial.) Then (8.8) is
an immediate consequence of (8.6)—(8.7). O

Remark 8.3. It follows from the proof in [36] that in (vi), we can choose Zjj, such
that also the random vectors (ij)ﬁzl, k > 0, form a stationary (m — 1)-dependent
sequence. O
Theorem 8.4. With assumptions and notation as in Theorem 3.9, define also g;,
i € [b], as in Remark 6.2, i.e., by (6.29) in the exactly constrained case and otherwise
as a sum of such terms over all D" given by (3.5). Let also (again as in Remark 6.2)
D be given by (4.7) and Yy by (4.8) with M = D + 1. Then o? = 0 if and only if for
every j € [b], there exists a stationary sequence (Zji)7>o of (m + D — 1)-dependent
random variables such that a.s.

9i(Ye) = Zjk — Zj k-1, k> 1. (8.18)

Moreover, if the sequence (X;)° is independent and 0% =0, then there exist func-

tions @; : SP — R such that (8.18) holds with
Zj,k - ng(Xk+1, v 7Xk+D>7 (819)

and consequently a.s.
Sn(g;) ==Y 9;(Ye) = 0;(Xng1,- -, Xnip) — 95(X1,..., Xp), (8.20)
k=1

and thus Sy (g;) is independent of Xp1,..., X, for every j € [{ —1] and n > D.

Proof. As in the proof of Theorem 3.9, it suffices to consider U, (g) with g given by
Lemma 4.3 (with M = D + 1). The first part then is an immediate consequence
of Theorem 8.1(i)<(vi) applied to ¢ and Y; := (Xj,...,X;+p), with appropriate
substitutions £ — b and m — m + D.

The second part follows similarly by the last part of Theorem 8.1, with & = Xj;
note that then (Y;) is a block factor as in (2.2), with m replaced by D. O

Remark 8.5. Of course, under the assumptions of Theorem 8.4, also the other
equivalences in Theorem 8.1 hold with the appropriate interpretations, substituting
g for f and so on. O

2

We give an example of a constrained U-statistic where ¢ = 0 in a somewhat

non-trivial way.

Example 8.6. Let (X;){° be an infinite i.i.d. symmetric random binary string, i.e.,
S ={0,1} and X; ~ Be(1/2) are i.i.d. Let

f(z,y,2) := 1{xyz = 101} — 1{zxyz = 011} (8.21)
and consider the constrained U-statistic
Unf;D)= >, [(Xi X1, X;), (8.22)

1<i<i+1<j<n
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which thus has constraint D = (1,00). (In this case, U,(f, D) = U,(f; D=).) Note
that (8.22) is a difference of two constrained subsequence counts.

Although the function (8.21) might look non-trivial and innocuous at first glance,
this turns out to be a degenerate case. In fact, it is easily verified that

flz,y,2) = (x —y)z, x,y,z € {0,1}. (8.23)
Hence, with m =0, D=1and M =D + 1 =2, (5.4) yields
pp = pup= =Eg(Y1,Y3) = E f(X1, Xo,X4) =0 (8.24)
while (6.29) yields
gi(z,y) =E f(z,y, Xa) =E[(x —y)X4] = 3(z —y), (8.25)
g2(z,y) = E f(X1, Xa,y) = E[(X1 — Xa)y| = 0. (8.26)

Thus g9 vanishes but not g;. Nevertheless, ¢1(Yx) = g1( Xk, Xp+1) = %(Xk — Xk41) 18
of the type in (8.18)(8.19) (with Z; j := —3Xj11). Hence, Theorem 8.4 shows that
0% =0, and thus Theorem 3.9 and (3.8) yield n=3/2U,(f; D=) == 0.

In fact, in this example we have by (8.23), for n > 3,

n j—2 n
Un(fiD) =D D (X = Xip)Xj =Y X;(X1 — Xj1)
=3 i=1 =3
=X1) X)) XX, (8.27)
j=3 =3

Hence, by the law of large numbers for stationary m-dependent sequences,
n'UL(f;D) 25 X1 EX, —E[XoX3) = $X — 1 =1(x - ). (8.28)

As a consequence, n~ LU, (f; D) has a non-degenerate limiting distribution. Note that
this example differs in several respects from the degenerate cases that may occur for
standard U-statistics, i.e. unconstrained U-statistics based on independent (X;). In
this example, (8.28) shows that the asymptotic distribution is a linear transformation
of a Bernoulli variable, and is thus neither normal, nor of the type that appears as
limits of degenerate standard U-statistics. (The latter are polynomials in independent
normal variables, in general infinitely many, see e.g. Theorem A.4 and, in general,
[57] and [35, Chapter 11].) Moreover, the a.s. convergence to a non-degenerate limit
is unheard of for standard U-statistics, where the limit is mixing. O

8.1. The degenerate case in renewal theory. In the renewal theory setting in
Theorem 3.20, the degenerate case is characterized by a modified version of the con-
ditions above.

Theorem 8.7. With the assumptions and notations of Theorem 3.20, let g;, i € [b],
be as in Theorem 8.4 and Remark 6.2. Then, 42 = 0 if and only if for every j € [b],
the function

5) = 00) +i0—2hy),  y=(n.w) €S, (3.29)

satisfies the condition (8.18). Moreover, if the sequence (X;)$° is independent and
72 =0, then the functions g; also satisfy (8.19)—(8.20).

The proof is given in Section 12. Note that E g;(Y1) = 0 for each j € [b] by (6.4)
and (3.25).
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9. Rate of convergence

We use here a different method than in the rest of the paper.

Proof of Theorem 3.14. We consider U, (f,D); the argument for U, (f;D=) is identi-
cal, and U, (f) is a special case.

Let Z denote the set of all indices (i1, ...,%) in the sum (3.2); thus (3.2) can be
written U, (f;D) = > ;7 Z1, where Z;, . ;, == f(Xi,...,X;,). Note that the size
|Z| ~ Cn® for some C > 0, where b = b(D).

We define a graph 7 with vertex set T by putting an edge between I = (i1, ... ,iy)
and I' = (¢, ...,1)) if and only if |z]A—z§€| < m for some j, k € {1...,¢}. Let Abel+
the maximum degree of the graph Z; it is easy to see that A = O(n®~'). Moreover, it
follows from the m-dependence of (X;) that Zisa dependency graph for the random
variables (Z5)r, meaning that if A and B are two disjoint subsets of Z such that there
is no edge between A and B, then the two random vectors (Z7)rea and (Z7)1ep are
independent.

The result now follows from [55, Theorem 2.2], which in our notation yields the
bound, with 02 := Var U,, ~ 0?>n?~! and B := 2sup | f| which implies | Z;—E Z;| < B
a.s. for every I € 7,

1 _1/2 IZIANT2 o IZIAN A 13
di < U—n{(%) AB + 16(77%) AB? ¢ 10(—%)&3 }
<oD<conn (9.1)

since |Z|A < Cn®**~! < Co? and B is a constant. (Alternatively, one could use the
similar bound in [20, Theorem 2.1].) O

Remark 9.1. The assumption in Theorem 3.14 that f be bounded can be relaxed
to the 6th moment condition (Ag) by using [55, Theorem 2.1 instead of Theorem 2.2]
together with Holder’s inequality and straightforward estimates.

The similar bound [2, Corollary 2] gives the weaker estimate dx = O(n_l/ 4),
assuming again that f is bounded; this can be relaxed to (A4) by instead using [2,
Theorem 1].

If we instead of the Kolmogorov distance use the Wasserstein distance dyy (see e.g.
[14, pp. 63-64] for several equivalent definitions, and for several alternative names),
the estimate dyy = O(n_l/ 2) follows similarly from [3, Theorem 1], assuming only the
third moment condition (A3); we omit the details. (Actually, [3] does not state the re-
sult for the Wasserstein distance but for a weaker version called bounded Wasserstein
distance; however, the same proof yields estimates for dy.) See also [52, Theorem
3 and Remark 3|, which yield the same estimate under (As), and furthermore imply
convergence in distribution assuming only (Ag). (This thus yields an alternative proof
of Theorems 3.8 and 3.9.) O

Returning to the Kolmogorov distance, we do not believe that the moment as-
sumption (Ag) in Remark 9.1 is best possible. For unconstrained and symmetric
U-statistics, Malevich and Abdalimov [44, Theorem 2] has shown bounds for the
Kolmogorov distance, which in particular show that then (Ajg) is sufficient to yield
dxg = O(n_l/ 2); we conjecture that the same holds in our, more general, setting.

Conjecture 9.2. Theorem 3.1/ holds assuming only (As) (instead of f bounded).
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Remark 9.3. If we do not care about the rate of convergence, we can for bounded
f alternatively obtain convergence in distribution in (3.22), and thus in (3.19) and
(3.21), by [34, Theorem 2] using the dependency graph 7 in the proof of Theorem 3.14.
This can easily be extended to any f satisfying the second moment condition (As)
by a standard truncation argument. O

10. Higher moments and maximal functions

To prove Theorem 3.15, we will show estimates for maximal functions that also
will be used in Sections 11 and 12. Let p > 2 be fixed throughout the section; explicit
and implicit constants may thus depend on p. We let

Up(f) :==max [U;(f)], (10.1)
J<n
and use similar notation for maximal functions of other sequences of random variables.
We use another decomposition of f and U,(f) which was used in [37] for the
independent case (m = 0); unlike Hoeffding’s decomposition in Section 6, it focuses
on the order of the arguments.
Recall from Section 5 that ()A(l)li are i.i.d. with the same distribution as X;. Let

~

Fp := p defined in (5.1) and, for 1 < k < ¢,

ﬁk(azl, R RRES Ef(xl, e ,xk,)A(;H_l, o ,Xg), (10.2)
Fy(zq,..., o) := E, (:171, ceyT) — ﬁk_l(ajl, cee :z:k_l). (10.3)
(These are defined at least for £(X1)-a.e. x1,...,2, € S, which is enough for our

purposes.) In other words, a.s.,
ﬁk()?h cee 755]4?) = ]E(f(j{\—la e 7)?[) | Xla s 755’6)7 (104)

and thus ﬁk(f{l, e ,)A(;c)7 k =0,...,¢, is a martingale, with the martingale differ-
ences Fj(Xy,...,Xg), k = 1,...,¢. Hence, or directly from (10.2)—(10.3), for a.e.
L1y Th—1,

E Fy(x1,. .. 251, Xg) = 0. (10.5)

Furthermore, if (A,) holds, then by (10.4) and Jensen’s inequality,

1ER(Xr, - Xi)llp < F (X, Kol < G (10.6)
and thus by (10.3),
1F(Rrs s R0l < 20 (R, Koy < C (10.7)

Lemma 10.1. Suppose that (A,) holds for some p > 2, and that = 0. Then
U (5> m)”p < Cnf712, (10.8)

Proof. We argue as in [37, Lemmas 4.4 and 4.7] with some minor differences. By
(10.2)—(10.3), f(x1,...,x¢) = Fy(z1,...,2¢) = Zi:l Fy(x1,...,xy) fora.e. x1,. ..,y
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and thus, a.s.,

l .
TSI D S (ot LT

k=1 <21<-~~‘<ik<n
zJ+1—2j>m

£ n 1
5 (i

k=1 1=1

U17>n1+§fn1< o= (- km =
= n 43
—= f—k—1

>Ui(Fk; >m), (10.9)
1i=

using a summation by parts and the identity (/i/k) — (?l:kl) = (671”;11)‘ In particular,

-1
>U;(Fk§>m)

l—k—1

k=1 1=1

-1
|Un(Ep; > m)| + <” (i k;m >U*(Fk,>m)

k=1 B
J4
< UK (F > m). (10.10)
k=1

Since the right-hand side is weakly increasing in n, it follows that, a.s.,
¢
Us(f;>m) < Zne_kU;(Fk; >m). (10.11)
k=1
We thus may consider each Fj separately. Let 1 < k < ¢, and let
AUn(Fk;>m) = Un(Fk;>m)—Un_1(Fk;>m). (10.12)
By the definition (4.25), AU, (Fy;> m) is a sum of (n—(k];_l%m—l) < nF71 terms
Fi(Xi,,...,Xi,_,,Xy) that all have the same distribution as Fk()?l,...,)?k), and
thus by Minkowski’s inequality and (10.7),

AU (Fii > m)llp < n* M Fu(Xa, -, Xi)[lp < Cn¥h (10.13)

Furthermore, in each such term Fi(X;,,...,X;, ,,Xp) we have iy_; <n—m — 1.
Hence, if we let F; be the o-field generated by Xi,...,X;, then, by m-dependence,

Xy, is independent of F; whence (10.5) implies

k—17?
E(Fr(Xiys -, Xip 15 Xn) | Frem—1) = E(Fe(Xiy, ..o Xip_ 1, Xn) | Xiys oo os Xip )
= 0. (10.14)
Consequently,
E(AUn(Fg; > m) | Faem—1) = 0. (10.15)

In the independent case m = 0 treated in [37], this means that U, (F}) is a martingale.
In general, we may as a substitute split U, (Fj; > m) as a sum of m + 1 martingales.
Forj=1,...,m+1land? > 1, let

AM® = AUG_1yms1y45(Fri > m), (10.16)
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kD ZAM ’9)—ZAUq(m+1)+](Fk,>m) (10.17)
g=1 q=1

Then, (10.15) implies that (Mi(k’j))go is a martingale, for each k£ and j. Hence,

Burkholder’s inequality [25, Theorem 10.9.5] yields, for the maximal function M,(Lk’j )*,
) n NN 1/2 n N o1/2

MED*| < CH( AMED 2 H _ CH AMED 2H . 10.18

Iy < (o 1ant ) = siamt IR aoas)

Furthermore, Minkowski’s inequality yields (since p/2 > 1), using also (10.16) and
(10.13), for n > 1,

HZ |AMz‘(k’j)\2H , < Z“’AMi(k7j)’2||p/2 _ ZHAMi(k,j)HIQ) < On2-1) | (10.19)
i=1 b i=1 i=1
Combining (10.18) and (10.19) yields

[ MFD*, < CnF=1/2, (10.20)

It follows from (10.16)—(10.17) that
m+1

k.j)
Un(Fi; > m) = Z ML(n D ) 1) 41 (10.21)
Hence (coarsely),
m+1
U (Fy; > m) Z MEI)* (10.22)

and thus (10.20) and Minkowski’s mequahty yield

Ui (Fi; > m) ||, < Cn* 172, (10.23)
fork=1,...,¢.

The result (10.8) now follows from (10.23) and (10.11) by a final application of
Minkowski’s inequality. U
Theorem 10.2. Suppose that (Ap) holds for some p > 2. Then, with b = b(D),

lmax|U5(£: D) = EU (£ D), = O(n"71/2), (10.24)
[ masx|U;(7; D) -2, = o), (10.25)
|U:(f; D), = O(n”). (10.26)

The same results hold for an exact constraint D=.

Proof. We use induction on b. We split the induction step into three cases.
Case 1: no constraint, i.e., D = Do, and b= {. By (4.27)—(4.28),

Un(f) = Un(f:Dg) = Un(f;>m) = > _(=)IUL(f; D). (10.27)
J#D
Thus,
Un(f) S UL(fi>m) + Y Un(f:Dy). (10.28)

J#D
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Suppose first that g = 0; then Lemma 10.1 applies to U} (f;> m). Furthermore,
the induction hypothesis applies to each term in the sum in (10.28), since b(D;) =
¢—1|J| <¢—1=0b-1. Hence, Minkowski’s inequality yields

U (O, < Us(fs>mll, + D lUs(f D], < 2+ om0 (10.29)
J#0D
When p =0, (3.7) yields
EU,(f) = O(n"1). (10.30)

Now (10.24) follows from (10.29) and (10.30), which shows (10.24) when p = 0. The
general case follows by considering f — p; this does not affect U, (f) — EU,(f).
Finally, both (10.25) and (10.26) follow from (10.24) and (3.7).

Case 2: an exact constraint D=, b < {. An immediate consequence of (4.9) in
Lemma 4.2 and Case 1 applied to g; note that g too satisfies (A,) by (4.19).

Case 3: a constraint D, b < £. A consequence of Case 2 by (3.4) and (5.5). O

Lemma 10.3. Suppose that (A,) holds for some p > 2. Let b := b(D). Then the
sequences

n'2 P max|Us(f;D) ~EU;(£;D)|  and  nT'UR(£;D) (n>1)  (1031)
sn

are uniformly p-th power integrable.
The same holds for an exact constraint D=.

Proof. We consider the second sequence in (10.31); the proof for the first sequence
differs only notationally.

We have so far let f be fixed, so the constants above may depend on f. However,
it is easy to see that the proof of (10.26) yields

HU;;(fv,D)Hp < CP _max. Hf(Xllv s 7Xie)Hpnb7 (10'32)
11 <<y

with C), independent of f (but depending on p). (Note that we only have to consider
a finite set of indices (i1, ...,4s), as discussed above (3.6).

Truncate f, and define, for B > 0, fp(x) := f(x)1{|f(x)| < B}. Then (10.32)
yields

[n=*U(f = fB: D)||,, < Cpe(B), (10.33)
where
e(B) == max | f(Xi,...,Xi)H{|f(Xi,....X5,)| > B}, =0 (10.34)

11 <<t
as B — oo.
Let q := 2p. Since fp is bounded, we may apply (10.32) (or Theorem 10.2) with p
replaced by ¢ and obtain

sup||n~‘Uy (f5; D), < oo (10.35)

Hence, for any B, the sequence n~‘U’(fg;D) is uniformly p-th power integrable.
Since U (f; D) < Ui (fp; D)+U;(f— fB; D), the result now follows from the following
simple observation. O

Lemma 10.4. Let 1 < p < oo. Let (§)n>1 be a sequence of random variables.
Suppose that for every e > 0, there exist random variables 05, and (5, n > 1, such
that



32 SVANTE JANSON

(1) [&al < n5 + G
(i) the sequence (|05 |P)y is uniformly integrable,

(iif) [ICallp <ce.
Then (|&x|P)n is uniformly integrable.
Proof. Since (i) implies [&,|P < 2P|n5 [P + 2P|(5|P, it suffices (by appropriate substitu-

tions) to consider the case p = 1. This is a simple exercise, using for example [25,
Theorem 5.4.1]. O

Proof of Theorem 3.15. An immediate consequence of Theorems 3.8-3.9 and the uni-
form integrability given by Lemma 10.3. U

11. Functional convergence
We begin by improving (10.8) in a special situation. (We consider only p = 2.)

Lemma 11.1. Suppose that (Az) holds and that u =0 and f;(X;) =0 a.s. for every
i=1,...,¢. Then

Uz (f;>m)]|, < Cn* . (11.1)

Proof. Note that (6.6) and (6.10) immediately give this estimate for ||U,(f;> m)||2.
To extend it to the maximal function U} (f; > m), we reuse the proof of Lemma 10.1
(with p = 2), and analyse the terms U (F); > m) further. First, by (10.4), (6.2) and
the assumptions, for every k € [¢],

E(Fp(X1,..., X0) | Xi) =E(f(X1,..., Xo) | Xp) = fo(Xp) +u=0.  (11.2)
In particular, for k = 1, (11.2) yields Fy(X;) = 0 a.s., and thus
Ur(Fi;>m) =0 as. (11.3)

For k > 2, as said in the proof of Lemma 10.1, AU, (Fy;> m) is a sum of < nF~!
terms Fj(Xi,,...,Xi,_,,Xy,). Consider two such terms Fj(X;,,...,X;,_,,X,) and
(X, ..., Xy, Xn), and suppose that |ij —i%| > m for all j, j' € [k —1]. Then all
variables X;,, Xy , and X, are independent, and thus a.s.

J
Xifoo 0 X

Th—1

Xn)Fk(Xz’17 ey Xi;ﬂ_an) | Xn]

E[Fi(
=E[Fs(Xiys s Xip 1, Xn) | Xa] E[FL(Xy, o, Xy X0) [ Xa] =0, (11.4)

by (11.2). Hence, taking the expectation,
E[Fi(Xiys s Xip oy, Xa) Fe(Xig, o, Xy Xn)] =0, (11.5)

;/] < m for some pair (j,j'). For each (iy,...,ix_1), there are only

O(n*=2) such (4}, ...,i,_,), and for each of these, the expectation in (11.5) is O(1) by
(A2) and the Cauchy—Schwarz inequality. Consequently, summing over all appearing
(il, . ,Z'kfl) and (le, . 7i;c—1)7

E[|AU,(Fy; > m)|*] = > E[Fy(Xiy, ..., X

Th—19

unless |i; — i

Xn)Fu(Xir, ., Xy

k—1’

X,)]

. . ~ .,
U1yl —150 5090 g

= O(nki1 . nk72) = O(n%f?’). (11.6)
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We have gained a factor of n compared to (10.13). Hence, recalling (10.16) and using
(11.6) in (10.18)—(10.19) (which for p = 2 essentially just is Doob’s inequality), we
improve (10.20) to

1My < Ot (11.7)

Finally, (11.7) and (10.22) yield
U (Fis > m)||,, < CnF, (11.8)
for 2 < k < ¢; this holds trivially for £ = 1 too by (11.3). The result follows by
(10.11) and (11.8). O

Proof of Theorem 3.16. We prove (3.23); then (3.24) follows by (3.8). By replacing
f by f— u, we may assume that y = 0.

Consider first the unconstrained case. We argue as in [37], with minor modifica-
tions. We use (6.6), which we write as, cf. (6.11),

{ n
Un(f;>m) :Zzaj,i,nfj(Xi)+Un(f*§>m)v (119)
j=1i=1
with, as in (6.12),
i—1—@G-1m\[(/n—i—{—j)m
i t= . . . 11.1
s et ST
Lemma 11.1 applies to f, and shows that
U (fei > m)|l2 = O(n'~1) = o(n~1/), (11.11)

which implies that the last term in (11.9) is negligible, so we concentrate on the sum.
Define Aaj;pn := ajit1,n — @j,in and, using a summation by parts,

n n—1
Un’j = Zaj7i7nfj(X¢) = aj,mnSn(fj) — Z Aaj7i7n5i(fj). (11.12)
i=1 =1

Donsker’s theorem extends to m-dependent stationary sequences [5], and thus, as
n — 0o,

_ d .

28 (f5) == Wi(t)  in D[0,00), (11.13)
for a continuous centered Gaussian process W; (a suitable multiple of Brownian mo-
tion); furthermore, as is easily seen, this holds jointly for j = 1,...,¢. Moreover,
define )

Vi(s,t) == — — It — 5)t . 11.14

1= Gy : (1

(Thus (s,1) = 1(s) defined in (6.13); the present homogeneous version is more
convenient here.) Let ¢%(s,t) := %Q/J(s,t). Then, straightforward calculations (as in
[37, Lemma 4.2]) show that, extending (6.12),

ajin = i(i,n) +O0(n?), (11.15)
Aajin = Pj(i,n) + 00> +n?1{i <mori = n—m}) (11.16)

uniformly for all n,j,i that are relevant; moreover, the error terms with negative
powers, i.e., nt=2 for £ =1 and n*=3 for ¢ < 2, vanish.
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By the Skorohod coupling theorem [42, Theorem 4.30], we may assume that the
convergences (11.13) hold a.s., and similarly, see (11.11), a.s
n'2= U (f.i>m) — 0. (11.17)

It then follows from (11.12)—(11.16) and the homogeneity of 1; that a.s., uniformly
for t € [0, T for any fixed T,

[nt|—1
020y 5 = ([t [nt]) W5 () — > (G, [nt)Wi(i/n) + o(1)
=1
1 [nt]—1
= ;(t, )W;(t) — - Z Yi(i/n, t)W;(i/n) + o(1)
=1
(1 )W (1) —/0 (s, )Wy (s) ds + o(1). (11.18)

Summing over j € [¢], we obtain by (11.9), (11.12), (11.18), and (11.17), a.s. uniformly
for t € [0, T for any T,

02U (f5 > m) = Z(t) + o(1), (11.19)
where
l
Z(zpj t W / W (s, )W ) (11.20)
7j=1

which obviously is a centered Gaussian process. We can rewrite (11.19) as

n 27U (fy>m) — Z(t)  in D[0, 00). (11.21)
Finally we use (10.27), which implies
I]£1<aX|Uk( ) = Uk(f;>m)| <D _Ux(f;Dy) (11.22)
e J£0

and thus, by Theorem 10.2, recalling b(Dy) = ¢ — |J| < ¢ —1,
Imax|Ui(£) = Un(f5> m)|[l, < DU (5Dl < D2 0n"P) < onf~h (11.23)

J#£0 J#£0
It follows that, in each D[0, 7] and thus in D[0, o),
02U () = Uy (3> m)) == 0. (11.24)
Furthermore, recalling the assumption p =0, EU,(f) = O(néil) by (3.7), and thus
2 EU L (f) 0 in D[0,00). (11.25)

The result (3.23) in the unconstrained case follows from (11.21), (11.24) and
(11.25).

Joint convergence for several f (in the unconstrained case) follows by the same
proof.

Finally, as usual, the exactly constrained case follows by (4.9) in Lemma 4.2 and
the constrained case then follows by (3.4), using joint convergence for all gp/—, with
notation as in (3.4) and Lemma 4.2. To obtain joint convergence for several f and
D, we only have to choose M in (4.8) large enough to work for all of them. O
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12. Renewal theory
Note first that by the law of large numbers for m-dependent sequences,
Sp/n = Su(h)/n 2B Eh(X)) =v as n — oo. (12.1)
Moreover, as in (11.13), Donsker’s theorem for m-dependent sequences [5] yields
_ _ d .
V28 (h = v) =0 2(Spy () — [nt|v) == Wi(t)  in D[0,00)  (12.2)

for a continuous centered Gaussian process Wp (). As a simple consequence, we have
the following (the case Ny is in [33, Theorems 2.1 and 2.2]), which extends the well
known case of independent X;, see e.g. [24, Sections 3.4 and 3.10].

Lemma 12.1. As z — oo,

Ni(z)/z 25 1/v, (12.3)
SN () (h) = 2 + op(z/?). (12.4)

Proof. Note that, by the definitions (3.27)—(3.28),
SN_(z)(h) <2 < Sy_(2)41(h) and Sy, )-1(h) <@ < Sy )(h). (12.5)

Then (12.3) follows easily from (12.1). Furthermore, (12.4) implies that as N — oo,
Sn+1—Sn =o0p (Nl/z), and (12.4) follows. We omit the standard details. O

Proof of Theorem 3.20. Note that (12.2) is the special (unconstrained) case f = h,
D=(),¢=0b=1of (3.23). By joint convergence in Theorem 3.16 for (f,D) and h,
we thus have (3.24) jointly with (12.2). We use again the Skorohod coupling theorem
and assume that (3.24), (12.2), and (12.4) hold a.s.

Take n := [x] and ¢t := Ni(x)/n, and let © — co. Then, t — 1/v a.s. by (12.3),
and thus (3.24) implies, a.s.,

Un.()(f; D) = ﬁz,DNi( )+ Z( b V2 4 o(nb=1/2)

- *;D Ni(2) + Z( a2 4 o(2P=1/2). (12.6)

Similarly, (12.2) implies, a.s.,
SNy () (h) = Ni(z)v + Wy (v ")z /2 + o(z1/?). (12.7)
By (12.7) and (12.4), we have a.s.

vNx(x) = Snp(z)(h) — Wi (v 1z!/? + 0(:1:1/2) =z —W,(v a2+ o(acl/Q).
(12.8)

Thus, by the binomial theorem, a.s.,
(vNi(z))’ = 2® — oWy (v 12?12 + o(acb_l/?). (12.9)
Hence, (12.6) yields a.s.,
Un.@)(f; D) = bb, D (o — bWy (v 2" V2) + Z(v a2 4 o(a212), (12.10)
which yields (3.29) with

42 = Var [Z(y—l) - ﬁm(fl)} (12.11)

The exactly constrained case and joint convergence follow similarly. O
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Proof of Theorem 8.7. We may as in the proof of Theorem 3.20 assume that (3.24),
(12.2), and (12.9) hold a.s. Recall that the proofs above use the decomposition
(3.4) and Lemma 4.2 applied to every D’'= there, with b := b(D), D given by (4.7),
M = D + 1 (for definiteness), and Y; defined by (4.8). Furthermore, (4.20) holds
with g = gp : 8 — R given by (4.23); in (3.23)—(3.24), we thus have the same limit
Z(t) for U, (f; D; (X;)) and U, (g; (Y;)). We may assume that this limit holds a.s. also
for g.

Recall that h : S — R. We abuse notation and extend it to SM by h(z1,...,za) =
h(z1); thus h(Y;) = h(X;). In particular, S, (h; (X;)) = Sn(h; (Y;)), so we may write
S, (h) without ambiguity. We define H : (SM)* — R by

Higr, o) = S hiyy). (1212)
j=1
Note that (5.1) and (6.1) applied to the function H yield
pr =EH(Yi,...,V,) = by, (12.13)
Hj(y) =h(y) + (b—1L)v —pg =h(y) —v. (12.14)
(Since H is symmetric, H; is the same for every j.)

In the unconstrained sum (3.1), there are (?:11 ) terms that contain X, for each

i € [n]. Applying this to H and (Y;), we obtain by (12.12)

-1
Uttt (000) = () Sult (12.15)
Hence, for each fixed t > 0, by (12.2), a.s.,
nt| —1
Uty (49) = E U (5 () = (07 1) g9
b—1
= ((Zt) 1)'n1/2Wh(t) +o(nb71/2). (12.16)
Combining (3.23) (for g and (Y;)) and (12.16), we obtain that, a.s.,
Ul (9 = 2 H) —BUj (9 = "PH) ppt"™!

Taking t = v~ !, we see that this converges to the random variable in (12.11). Let
G =g — ppr~'H. Then a comparison with Theorem 3.8 (applied to G) shows that

72 =t2"102(@) = v 26%(G). (12.18)

In particular, 42 = 0 if and only if 0(G) = 0, and the result follows by Theorem 8.4,
noting that G; := g; — upv~'H; = g; + up — ppv—'h by (12.14) O

Proof of Theorem 3.21. This can be proved as [37, Theorem 3.13], by first stopping
at Ny(xz_), with z_ := [z — Inz|, and then continuing to N_(z); we therefore only
sketch the details. Let R(z) := Sy, () — 2 > 0 be the overshoot at z, and let
A(r) :=2— SN, (z_) =7 —2_ — R(z_). It is well known, see e.g. [24, Theorem 2.6.2]
that R(z) converges in distribution as # — oo. In particular, A(z) —= +oo and thus
P[A(z) > 0] — 1. Since Ni(z_) is a stopping time and (X;) are independent, the
increments of the random walk S, after N (z_) are independent of Uy, (,_)(f), and it
follows that the overshoot R(x—1) is asymptotically independent of Uy (,_)(f). The
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event {Sy_(y) = 7} equals {R(x — 1) = 1}, and thus the asymptotic distribution of
Un, (L)( f) conditioned on Sy (z) = ¢ is the same as without conditioning, and given
by (3.29). Finally, the difference between Uy, (,_(f) and Uy () (f) is negligible, e.g.
as a consequence of (3.24). O

In the remainder of the section, we prove moment convergence. Since we here
consider different exponents p simultaneously, we let C), denote constants that may
depend on p.

Lemma 12.2. Assume that v := Eh(X1) > 0 and that E|h(X1)|P < oo for every
p < oo. Then, for every p < oo, A>2/v and x > 1, we have

P[Ni(z) > Az] < Cp(Ax)™P. (12.19)

Proof. We have Ny (x) < N_
Let A >2/v. If N_(z) >

SN_(ac)(h - V)

Hence, for any p > 2, using (10.24) for h (which is a well-known consequence of
Doob’s and Burkholder s, or Rosenthal’s, inequalities),

(z) + 1; hence it suffices to consider N_(z).
Az, then (12.5) implies
<

~ N_(z)v < (1 — Av)z < —(Av/2)z. (12.20)

P[Az < N_(z) < 24z] < (Azv/2) pEHSN — y)‘pl{N_(x) < 24z} ]
< (Avz/2) pEHSLWJ (h—v)|"] < Cp(Az)~P(2Ax)P/?
< Cy(Az)7P/2, (12.21)

We replace p by 2p and A by 2 A in (12.21), and sum for k& > 0; this yields (12.19). O

Lemma 12.3. Assume that (Ap) and E|h(X1)|P < oo hold for every p < oo, and
that v :=Eh(Xy) > 0. Then, for everyp > 1 and z > 1,

[ ats:) = e

Proof. Let Vy, := Uy(f; D) — &2nb, let B := 2/v, and choose ¢ := 2bp. Then the
Cauchy—Schwarz inequality, (10.25), and Lemma 12.2 yield, with V := sup,,<, |Va/,

’ < Gz 12, (12.22)

p
E’UNi (f;D) - Ni(x)b’ =E[Vn, @

b!
=E[[Vy, () P1{N+(z) < Bz}] + Y _E[|[Vi, (»["1{2" ' Bz < Ni(z) < 2*Bx}]
k=1

E[iV§z|pi + ZEU ok e |” H{N% () > 2k_1Bx}]

E[|V5, "] +ZE\ gl P P[Na(2) > 251 Ba] '/

< Cpa? =1/ 4 Z Cp (2P )PV 0 (281 2)~9/2 L P 012, (12.23)
k=1
In other words,

|Une(7:D) = PN @)']| < G2 (12.24)

b!
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We may here replace U, (f; D) by S, (h) (and thus b by 1 and pp by v). This yields
SNy (h) — vNx(2)]], < (12.25)

By the same proof, this holds also if we replace Ni(x) by Ni(z)F 1. Using (12.5),
it follows that

| = vN<(2)]|,, < Cpa'/2. (12.26)
In particular, by Minkowski’s inequality,
|V N (x H <7+ ||z —vNi(a H (12.27)
Consequently, by Minkowski’s and Hoélder’s inequalities, (12.26) and (12.27),
b—1
[(wN<(2))” = 2’| = || (vN<(2) = 2) (v Na()) 2~
k=0

p

<N (@) = 2] oy [N (@) g2

< Cpat1/2, (12.28)
Combining (12.24) and (12.28), we obtain (12.22). O

Proof of Theorem 3.23. We have shown that the left-hand side of (3.29) is uniformly
bounded in LP for x > 1. By replacing p with 2p, say, this implies that these left-hand
sides are uniformly p-th integrable, for every p < oo, which implies convergence of all
moments in (3.29).

The proof of Theorem 3.21 shows that, under the assumptions there, P(Sy_(,) = )
converges to a positive limit as x — oo; hence P(Sy_ (x) = x) > cfor some ¢ > 0 and all
large . This implies that the uniform p-th integrability holds also after conditioning
(for large x), and thus all moments converge in (3.29) also after conditioning. O

13. Constrained pattern matching in words

As said in Section 1, Flajolet, Szpankowski and Vallée [23] studied the following
problem; see also Jacquet and Szpankowski [31, Chapter 5]. Consider a random string
En =& - &y, where the letters &; are i.i.d. random elements in some finite alphabet
A. (We may regard =, as the initial part of an infinite string ;& ... of i.i.d. letters.)
Consider also a fixed word w = wy ---wp from the same alphabet. (Thus, ¢ > 1
denotes the length of w; we keep w and ¢ fixed.) Let N,,(w) be the (random) number
of occurrences of w in Z,,. More generally, for any constraint D = (dy,...,ds_1), let
Ny, (w; D) be the number of constrained occurrences. This is a special case of the
general setting in (3.1)—(3.2), with X; = &, and, cf. (1.1),

flxy,... xp) = Haq,...,xp =W} = {z; = w; Vi € [{]}. (13.1)
Consequently,
Ny(w; D) = Un(f;D; (&) (13.2)

with f given by (13.1).
Denote the distribution of the individual letters by

p(x) :=P(& = x), x € A; (13.3)



CONSTRAINED U-STATISTICS, RANDOM STRINGS AND PERMUTATIONS 39

We will, without loss of generality, assume p(z) > 0 for every € A. Then, (13.2)
and the general results above yield the following result from [23], with b = b(D)
given by (2.1). The unconstrained case (also in [23]) is a special case. Moreover, the
theorem holds also for the exactly constrained case, with pp— =[], p(w;) and some
o%(w; D=); we leave the detailed statement to the reader. A formula for o2 is given
in [23, (14)]; we show explicitly that o2 > 0 except in trivial (non-random) cases,
which seems omitted from [23].

Theorem 13.1 (Flajolet, Szpankowski and Vallée [23]). With notations as above, as
n — 0o,

4 N(0,0?) (13.4)

po =[] di-]]p(ws. (13.5)

dj<oo =1

Furthermore, the all moments converge in (13.4).
Moreover, if |A| > 2, then a® > 0.

Proof. By (13.2), the convergence (13.4) is an instance of (3.21) in Theorem 3.9
together with (3.8) in Theorem 3.5. The formula (13.5) follows from (3.11) since, by
(13.1) and independence,

l
pe=R (&, &) =P& & =ww) =][[P& = w). (13.6)
i=1

Moment convergence follows by Theorem 3.15; note that (A,) is trivial, since f is
bounded.

Finally, assume |A| > 2 and suppose that 2 = 0. Then Theorem 8.4 says that
(8.20) holds, and thus, for each n > D, the sum Sy, (g;) is independent of {py1, ..., &y.
We consider only 7 = 1. Choose a € A with a # w;. Consider first an exact constraint
D=. Then gp- is given by (4.18). Since f(x1,...,x¢) = 0 whenever z; = a, it follows
from (4.18) that g(y1,...,ys) = 0 whenever y; = (y1x)2L, has y11 = a. hence, (6.1)
shows that

gi(y1) = —pp==—p, ifyn=a (13.7)

Consequently, on the event §; = - - - = &, = a, we have, recalling (4.8) and M = D+1,
91(Ye) = 1y - - -, Eerp) = —p for every k € [n]. Thus,

Sn(g) =—npif & ==& =a (13.8)

On the other hand, as noted above, the assumption o2 = 0 implies that S,(g;) is
independent of £p41,...,&,. Consequently, (13.8) implies

Sp(g1) =-np  if &=-=¢p=a, (13.9)

regardless of épy1...,&y+p. This is easily shown to lead to contradiction. For ex-
ample, we have, by (6.4),

Egl (Yk) = Egl (gka o 7£/€+D) =0, (1310)
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and thus, conditioning on &1, ...,¢&p,
E(Sn(g) |&1=--=¢&p=a) = ZE(91(§k7~~-afk+D) &= =¢(p=a)
k=1
= 0(1), (13.11)

since all terms with k& > D are unaffected by the conditioning and thus vanish by
(13.10); this contradicts (13.9) for large n, since g > 0. This contradiction shows that
0% > 0 for an exact constraint D=.

Alternatively, instead of using the expectation as in (13.11), one might easily show
that if n > D + ¢, then £p41,...,&, can be chosen such that (13.9) does not hold.

For a constraint D, g = gp is given by a sum (4.23) of exactly constrained cases
D’'=. Hence, by summing (13.7) for these D'=, it follows that (13.7) holds also for
gp (with u replaced by pp). This leads to a contradiction exactly as above. g

Theorem 13.1 shows that, except in trivial cases, the asymptotic variance o2 > 0
for a subsequence count N,,(w; D), and thus (13.4) yields a non-degenerate limit, and
thus really shows asymptotic normality. By the same proof, see also Remark 3.10,
Theorem 13.1 extends to linear combinations of different subsequence counts (in the
same random string =,,), but in this case, it may happen that 02 = 0, and then (13.4)
has a degenerate limit and thus yields only convergence in probability to 0. (We
consider only linear combinations with coefficients not depending on n.) One such
degenerate example with constrained subsequence counts is discussed in Example 8.6.
There are also degenerate examples in the unconstrained case. In fact, the general
theory of degenerate (in this sense) U-statistics based on independent (X;)° is well
understood; for symmetric U-statistics this case was characterized by [27] and studied
in detail by [57], and their results were extended to the asymmetric case relevant here
in [35, Chapter 11.2]. In Appendix A we apply these general results to string matching
and give a rather detailed treatment of the degenerate cases of linear combinations of
unconstrained subsequence counts. See also [19] for further algebraic aspects of both
non-degenerate and degenerate cases.

Problem 13.2. Appendix A considers only the unconstrained case. Example 8.6
shows that for linear combinations of constrained pattern counts, there are further
possibilities to have o2 = 0. It would be interesting to extend the results in Appen-
dix A and characterize these cases, and also to obtain limit theorems for such cases,
extending Theorem A.4 (in particular the case k = 2); note again that the limit
in Example 8.6 is of a different type than the ones occuring in unconstrained cases
(Theorem A.4). We leave this as open problems.

14. Constrained pattern matching in permutations

Consider now random permutations. As usual, we generate a random permutation
7w =" € &, by taking a sequence (X;)} of i.i.d. random variables with a uniform
distribution X; ~ U(0, 1), and then replacing the values Xi,..., X, in increasing

order, by 1,...,n. Then, the number N,(7) of occurrences of a fixed permutation
T =717 in 7 is given by the U-statistic Uy, (f) defined by (3.1) with
fla,..z) = [ Hri<z = =<7} (14.1)

1<i<j<e
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Similarly, for any constraint D = (dy, ..., dy_1), we have for the number of constrained
occurrences of 7, with the same f given by (14.1),
Nu(7;D) = Un(f; D). (14.2)

Hence, Theorems 3.8 and 3.9 yield the following result showing asymptotic nor-
mality of the number of (constrained) occurrences. As said in the introduction, the
unconstrained case was shown by Béna [7], the case d; = --- = dy_1 = 1 by Béna [9]
and the general vincular case by Hofer [29]; we extend it to general constrained cases.
The fact that 02 > 0 was shown in [29] (in vincular cases); we give a shorter proof
based on Theorem 8.4. Again, the theorem holds also for the exactly constrained
case, with up— = 1/¢! and some o?(7; D=).

Theorem 14.1 (largely Béna [7, 9] and Hofer [29]). For any fized permutatation
T € &y and constraint D = (dy,...,dy_1), as n — o0,

N, (r; D) — 2
n(TD) BP0 4 (0,02 (14.3)

for some 0® = 0?(1;D) = 0 and

pD = H dj. (14.4)

Furthermore, all moments converge in (14.3).
Moreover, if £ > 2, then o > 0.

Proof. This is similar to the proof of Theorem 13.1. By (14.2), the convergence (14.3)
is an instance of (3.21) together with (3.8). The formula (14.4) follows from (3.11)
since p:=E f(X1,...,Xy) by (14.1) is the probability that Xi,..., X, have the same
order as 71,..., 7y, i.e., 1/¢!. Moment convergence follows by Theorem 3.15.

Finally, suppose that £ > 2 but 02 = 0. Then Theorem 8.4 says that (8.20) holds,
and thus, for each j and each n > D, the sum S, (g;) is independent of Xp1,..., Xp;
we want to show that this leads to a contradiction. We choose again j = 1, but we
now consider two cases separately.

Case 4: di < co. Recall the notation in (4.11)—(4.14), and note that in this case
ﬁl > 1, t11 = O, t1 = dl, v, = 0. (14.5)

Assume for definiteness that 71 > 79. (Otherwise, we may exchange < and > in the
argument below.) Then (14.1) implies that

flz1,...,2¢) =0 if a1 < xs. (14.6)

Consider first the exact constraint D=. Then gp- is given by (4.18). Hence, (14.6)
and (14.5) imply that

9p=(Y1s-- i) =0 if y1 = (yip)nly With Y11 < Y114a,- (14.7)
In particular,

gp=(y1,-- ) =0 if y11<y12 < <y m- (14.8)
By (4.23), the same holds for the constraint D. Hence, (6.1) shows that, for g = gp,

g1(y1) = —pp if y11<wyi2<--<yim- (14.9)
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Consequently, on the event X; < -+ < X4 p, we have, recalling (4.8) and M = D+1,
91(Ye) = 1 (Xp, ..., Xp1p) = —pp for every k € [n], and thus

Sn(g1) = —nup it Xj<---<Xpip. (14.10)
On the other hand, as noted above, the assumption 0? = 0 implies that S,(g1) is
independent of Xpy1,...,X,. Consequently, (14.10) implies that a.s.
Sn(g1) = —nup if Xyj<---<Xp<Xpy1 < <Xpib- (14.11)
However, in analogy with (13.10)—(13.11), we have E g1 (Y%) = 0 by (6.4), and thus
E(Sp(g1) | X1 < < Xp < Xpjp1 <+ < Xnip)

n
:ZE(QI(Xka---anJrD) | X1 < < Xp<Xpp1 < < Xpip)
k=1

=0(1), (14.12)

since all terms with D < k < n — D are unaffected by the conditioning and thus
vanish. But (14.12) contradicts (14.11) for large n, since pp > 0. This contradiction
shows that 02 > 0 when ¢ > 2 and d; < co.

Case 5: d; = co. In this case, {; = 1. Consider again first D=. Since (X;) are i.i.d.,
then (4.18) and (6.1) yield, choosing j; := (D + 1)i, say,

9n101) =Eg(y1, Yy, -, Yj,) —u=Ef(yn, Xo,..., X)) —p = frlyn).  (14.13)
(With g = 1/0!.) Thus, recalling (4.8),

Su(g1) = Y g1(Ye) = Y f1(Xp). (14.14)
k=1 k=1

By Theorem 8.4, the assumption ¢? = 0 thus implies that the final sum in (14.14) is
independent of Xpy1, for any n > D+ 1. Since (X;) are independent, this is possible
only if f1(Xpy1) = c a.s. for some constant ¢, i.e., if fi(z) = c for a.e. z € (0,1).
However, by (14.1), f(x,Xg, e ,Xg) = 1 if and only if 71 — 1 prescribed X are
in (0,2) and in a specific order, and the remaining ¢ — 71 ones are in (z,1) and in a
specific order. Hence, (6.1) yields
1

hi@) = (ri— D=7
Since ¢ > 2, fi(x) is a non-constant polynomial in z.
This is a contradiction, and shows that o2 > 0 also when d; = co. O

a1 —2)tT — (14.15)

Remark 14.2. Although, o > 0 for each pattern count N, (7;D) with £ > 1, non-
trivial linear combinations might have ¢? = 0, and thus variance of lower order, even
in the unconstrained case. (Similarly to the case of patterns in strings in Section 13
and Appendix A.) In fact, for the unconstrained case, it is shown in [40] that for
permutations 7 of a given length ¢, the ¢! counts N, (7) converge jointly, after nor-
malization as above, to a multivariate normal distribution of dimension only (£ —1)2,
meaning that there is a linear space of dimension ¢! — (¢ — 1)? of linear combinations
that have 02 = 0. This is further analyzed in [18], where the spaces of linear combi-
nations of N, (7) having variance O(n%*”) are characterized foreach r =1,...,/—1,
using the representation theory of the symmetric group. In particular, the highest
degeneracy, with variance @(n”l), is obtained for the sign statistic U, (sgn), where
sgn(z1,...,x¢) is the sign of the permutation defined by the order of (x1,...,x,);
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in other words, Uy, (sgn) is the sum of the signs of the (?) subsequences of length

¢ of a random permutation 7 € &,. For £ = 3, the asymptotic distribution of
n~ /217, (sgn) is of the type in (A.19), see [21] and [40, Remark 2.7]. For larger
£, the asymptotic distribution can by the methods in Appendix A be expressed as
a polynomial of degree ¢ — 1 in infinitely many independent normal variables, as in
(A.17); however, we do not know any concrete such representation.

We expect that, in analogy with Example 8.6, for linear combinations of constrained
pattern counts, there are further possibilities to have o2 = 0. We have not pursued
this, and we leave it as an open problem to characterize these cases with o2 = 0;
moreover, it would also be interesting to extend the results of [18] characterizing
cases with higher degeneracies to constrained cases. O

15. Further comments

We discuss here briefly some possible extensions of the present work. We have not
pursued them, and they are left as open problems.

15.1. Mixing and Markov input. We have in this paper studied U-statistics based
on a sequence (X;) that is allowed to be dependent, but only under the rather strong
assumption of m-dependence (partly motivated by our application to constrained U-
statistics). It would be interesting to extend the results to weaker assumptions on
(X;), for example that it is stationary with some type of mixing property. (See e.g.
[12] for various mixing conditions and central limit theorems under some of them.)

Alternatively (or possibly as a special case of mixing conditions), it would be
interesting to consider (X;) that form a stationary Markov chain (under suitable
assumptions).

In particular, it seems interesting to study constrained U-statistics under such
assumptions, since the mixing or Markov assumptions typically imply strong depen-
dence for sets of variables X; with small gaps between the indices, but not if the gaps
are large.

Markov models are popular models for random strings. Substring counts, i.e.,
the completely constrained case of subsequence counts (see Remark 1.2) have been
treated for Markov sources by e.g. [53], [46] and [31].

A related model for random strings is a probabilistic dynamic source, see e.g. [31,
Section 1.1]. For substring counts, asymptotic normality has been shown by [11]. For
(unconstrained or constrained) subsequence counts, asymptotic results on mean and
variance are special cases of [10] and [31, Theorem 5.6.1]; we are not aware of any
results on asymptotic normality in this setting.

15.2. Generalized U-statistics. Generalized U -statistics (also called multi-sample
U-statistics are defined similarly to (3.1), but are based on two (for simplicity) se-

quences (X;)]* and (Y;)]? of random variables, with the sum in (3.1) replaced by a
sum over all i1 < --- <4y, < ny and j; < -+ < jp, < ng, and f now a function

of ¢1 + ¢5 variables. Limit theorems, including asymptotic normality, under suitable
conditions are shown in [61], and extensions to asymmetric cases are sketched in [35,
Example 11.24]. We do not know any extensions to m-dependent or constrained
cases, but we expect that such extensions are straightforward.
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Appendix A. Linear combinations for unconstrained subsequence counts

As promised in Section 13, we consider here unconstrained subsequence counts in
a random string =, with i.i.d. letters, normalized as in Theorem 13.1, and study
further the case of linear combinations of such normalized counts (with coefficients
not depending on n); in particular, we study in some detail such linear combinations
that are degenerate in the sense that the asymptotic variance o = 0.

The results are based on the orthogonal decomposition introduced in the symmet-
ric case by Hoeffding [28], see also Rubin and Vitale [57]; this is extended to the
asymmetric case in [35, Chapter 11.2], but the treatment there uses a rather heavy
formalism, and we therefore give here a direct treatment in the present special case.
(This case is somewhat simpler than the general case since we only have to consider
finite-dimensional vector spaces below, but otherwise the general case is similar.) See
also [19], which contains a much deeper algebraic study of the asymptotic variance
o2(f) and the vector spaces below, and in particular a spectral decomposition that
refines (A.9).

Fix A and the random string (&;)$°. Assume, as in Section 13, that p(z) > 0 for
every © € A. Let A := |A|, the number of different letters.

We fix also ¢ > 1 and consider all unconstrained subsequence counts N, (w) with
|w| = £. There are A’ such words w, and it follows from (13.2) and (13.1) that the
linear combinations of these counts are precisely the asymmetric U-statistics (3.1) for
all f: A® - R, by the relation

> FW)Na(w) = Un(f). (A1)
weAt
Note that Theorem 3.8 applies to every U,(f) and thus (3.18) and (3.19) hold for
some 02 = o2(f) > 0. (As said above, this case of Theorem 3.8 with i.i.d. Xj, i.e.,
the case m = 0, is treated also in [35, Corollary 11.20] and [37].)

Let V be the linear space of all functions f : A* — R. Thus dim V = A’. Similarly,
let W be the linear space of all functions h : A — R, i.e., all functions of a single
letter; thus dim W = A. Then V can be identified with the tensor product W®¢, with
the identification

)4
hi @ @hy(w,.. . xe) = [ [ huls). (A.2)
1

We regard V' as a (finite-dimensional) Hilbert space with inner product

<f7 g)V = E[f(En)g(En)] ) (A3)
and, similarly, W as a Hilbert space with inner product
(h, k)w = E[h(E1)k(&1)]. (A.4)

Let Wy be the subspace of W defined by
Wo:={1}* ={heW: (h,1)y =0} ={hecW:Eh(&) =0}. (A.5)

Thus, dim Wy = A — 1.

For a subset B C A, let Vg be the subspace of V' spanned by all functions h1®- - -Qhy
as in (A.2) such that h; € Wy if i € B, and h; = 1 if ¢ ¢ B. In other words, if we for
a given B define W/ := Wy when ¢ € B and W/ = R when i ¢ B, then

Vs=W]@- oW =2wb (A.6)
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It is easily seen that these 24 subspaces of V are orthogonal, and that we have an
orthogonal decomposition

V=@ (A7)

Furthermore, for £k =0,...,¢, define
Vi = P vs. (A.8)
|B|=k

Thus, we have also an orthogonal decomposition (as in [28] and [57])

V=V (A.9)
Note that, by (A.6) and (A.8),
dimVg = (A— 1Bl dimV, = (i) (A1) (A.10)

Let IIz and II, = Z\B|=k IIz be the orthogonal projections of V onto Vi and V.
Then, for any f € V, we may consider its components Il f € V.

First, V4 is the 1-dimensional space of constant functions in V. Trivially, if f € Vj,
then U,(f) is non-random, so VarU,(f) = 0 for every n, and o?(f) = 0. More
interesting is that for any f € V, we have

Hof =E f(&15---,80) = pe (A.11)

Next, it is easy to see that taking B = {i} yields the projection f; defined by (6.1),
except that Il f is defined as a function on A to be precise,

Recalling (A.1), this leads to the following characterization of degenerate linear com-
binations of unconstrained subsequence counts.

Theorem A.l. With notations and assumptions as above, if f : A* — R, then the
following are equivalent.

(i) o*(f) =0.
(ii) fi =0 for everyi=1,...,¢.
(iii) Ty f = 0.

Proof. The equivalence (i) <= (ii) is a special case of Theorem 8.1; as said above,
this special case is also given in [37, Corollary 3.5].
The equivalence (ii) <= (iii) follows by (A.8) and (A.12), which give

If=0 < Il f=0Vi < f; =0V (A.13)
O
Note that (A.8) and (A.12) also yield

y4 y4
Hlf(xla ) xf) = ZH{Z}f(‘Tla B $f) = Z fl(xl) (A14)
=1 i=1
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Corollary A.2. The A’ different unconstrained subsequence counts Ny, (w) with w €
AY converge jontly, after normalization as in (13.4), to a centered multivariate normal
distribution in RA whose support is a subspace of dimension (A —1).

Proof. By Remark 3.10, we have joint convergence in Theorem 13.1 to some cen-
tered multivariate normal distribution in V = RA’. Let L be the support of this
distribution; then L is a subspace of V. Let f € V. Then, by Theorems 13.1 and
A1,

N, —EN,
FLL = Y f(w) (W)z - W) 4,0 s o2(f) = 0
nt—1/2
weAl
«— IL1f=0 < f L. (A.15)
Hence L = Vi, and the result follows by (A.10). O

What happens in the degenerate case when II;f = 0 and thus o?(f) = 07 For
symmetric U-statistics, this was considered by Hoeffding [27] (variance) and Rubin
and Vitale [57] (asymptotic distribution), see also Dynkin and Mandelbaum [16].
Their results extend to the present asymmetric situation as follows. We make a final
definition of a special subspace of V: let

¢
Vor =P Vi={feV:Iif=0fori=0,....k—1}. (A.16)
i=k
In particular, V5 consists of all f with E f(Z,) = 0. Note also that f, in (6.3) by
(A.11) and (A.14) equals f —IIpf —II1 f € V>o.
Lemma A.3. Let 0 < k < L. If f € Voy, then EUL(f)? = O(n**7%). Moreover, if
feVe \ Vokt1, then EUn(f)z = @(n%_k).

Proof. This is easily seen using the expansion (4.3) without the constraint D, and
similar to the symmetric case in [27]; cf. also (in the more complicated m-dependent
case) the cases k =1 in (4.1) and k = 2 in (6.10). We omit the details. O

We can now state a general limit theorem that also include degenerate cases.
Theorem A.4. Let k > 1 and suppose that f € V>i. Then
nF 2=t () -% 7, (A.17)

where Z is some polynomial of degree k in independent normal variables (possibly
infinitely many). Moreover, Z is not degenerate unless f € Vspy1.

Proof. This follows by [35, Theorem 11.19]. As noted in [35, Remark 11.21], it can
also be reduced to the symmetric case in [57] by the following trick. Let (n;)7° be an
i.i.d. sequence, independent of (&;)7°, with n; ~ U(0,1); then

d *
(AR 7AS )
where " denotes summation over all distinct iy, ..., i € [n], and the sum in (A.18)

can be regarded as a symmetric U-statistic based on (&;,7;)$°. The result (A.17) then
follows by [57]. O
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Remark A.5. The case k = 1 in Theorem A .4 is just a combination of Theorem 13.1
(in the unconstrained case) and Theorem A.1; then Z is simply a normal variable.
When k = 2, there is a canonical representation (where the number of terms is finite
or infinite)

Z— M;wﬁ 1), (A.19)

where (; are ii.d. N(0,1) random variables and \; are the non-zero eigenvalues
(counted with multiplicity) of a compact self-adjoint integral operator on L?(A x
[0,1], v x dt), where v := L(&;) is the distribution of a single letter and dt is Lebesgue
measure; the kernel K of this integral operator can be constructed from f by applying
[35, Corollary 11.5(iii)] to the symmetric U-statistic in (A.18). We omit the details,
but note that in the particular case k = £ = 2, this kernel K is given by

K((l‘,t), (y,u)) = f(z,y)1{t < u} + f(y,x)1{t > u}, (A.20)

and thus the integral operator is

t 1
b Thiz, t) = IE/O FEr @), u) du + E/t F@ e)h(Enu) du.  (A21)

When £ > 3, the limit Z can be represented as a multiple stochastic integral [35,
Theorem 11.19], but we do not know any canonical representation of it. See also [57]
and [16]. O

We give two simple examples of limits in degenerate cases; in both cases k =
2. The second example shows that although the space V has finite dimension, the
representation (A.19) might require infinitely many terms. (Note that the operator
T in (A.21) acts in an infinite-dimensional space.)

Example A.6. Let =, be a symmetric binary string, i.e., A = {0,1} and p(0) =
p(1) = 1/2. Consider

N, (00) + N, (11) — N,,(01) — N,,(10) = Uy, (f), (A.22)
with
f(z,y) == H{zy =00} + 1{zy = 11} — 1{zy = 01} — 1{zy = 10}
— (1o =1} — 1o = 0}) (L{y = 1} - 1{y = 0)). (A2

For convenience, we change notation and consider instead the letters él =25—-1¢
{#£1}; then f corresponds to

f(z,9) == z9. (A.24)
Thus
1 n 2 n
Un (fa (fz)) =Un (f7 (5%)) = 5%5] = 5 <Z 5%) - Zf?
1<i<j<n i=1 i=1
()
. n

By the central limit theorem, n=1/2 3" & 4 ¢ ~N(0,1), and thus (A.25) implies

nUL(f) —5 32 - 1), (A.26)
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This is an example of (A.17), with & = ¢ = 2 and limit given by (A.19), in this case
with a single term in the sum and A;=1.

Note that in this example, the function f is symmetric, so (A.22) is an example
of a symmetric U-statistic and thus the result (A.26) is also an example of the limit
result in [57]. O

Example A.7. Let A = {a,b, ¢,d}, with & having the symmetric distribution p(x) =
1/4 for each x € A. Consider

Np(ac) — Nyp(ad) — Ny (be) + Ny (bd) = Uy (f), (A.27)
with, writing 1,(z) := 1{z =y},
f(z,y) = (La(z) = Ly(2)) (Le(z) — 1a(2)) (A.28)

Then, Il f = II; f = 0 by symmetry, so f € Vo = V5 (since £ = 2).

Consider the integral operator T on L?(A x [0,1]) defined by (A.21). Let h be
an eigenfunction with eigenvalue A # 0, and write hy(t) := h(z,t). The eigenvalue
equation Th = Ah then is equivalent to, using (A.21) and (A.28),

1
Mra(t) = i /t (hel) — haw)) du, (A.29)
1 1
Miolt) = | /t (—heu) + ha(w)) du, (A.30)
Mhe(t) = 1 [ (a2 = ha(w) du (A.31)
Mha(t) = i /0 (—ha(u) + hy(w)) du. (A.32)

These equations hold a.e., but we can redefine h,(t) by these equations so that they
hold for every t € [0,1]. Moreover, although originally we assume only h, € L?[0,1],
it follows from (A.29)-(A.32) that the functions h,(t) are continuous in ¢, and then
by induction that they are infinitely differentiable on [0, 1]. Note also that (A.29) and
(A.30) yield hy(t) = —hq(t), and similarly hq(t) = —h.(t). Hence, we may reduce the
system to

1
Nra(t) = % /t he(u) du, (A.33)
1 t
Mielt) = 3 / (1) du. (A.34)
0
By differentiation, for ¢t € (0,1),
1
ha(t) = =55 he(), (A.35)
1
hL(t) = 5ha(t). (A.36)

Hence, with w :=1/(2X),
RI(t) = —w?he(t). (A.37)
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Furthermore, (A.34) yields h.(0) = 0, and thus (A.37) has the solution (up to a
constant factor that we may ignore)

t
he(t) = sinwt = sin —. A.38
(t) = sinwt = sin o ( )
By (A.36), we then obtain
t
ha(t) = t =cos—. A.39
(t) = coswt = cos ) ( )
However, (A.33) also yields h,(1) = 0 and thus we must have cos(1/2\) = 0; hence
1
A= ——— N eZ. A4
2N + 1)1 < (A.40)

Conversely, for every A of the form (A.40), the argument can be reversed to find an
eigenfunction h with eigenvalue A. It follows also that all these eigenvalues are simple.
Consequently, Theorem A.4 and (A.19) yield

- 1 I < 1
n U 5 o 3 D=5 Y g (R G (A
N=—00 N=0

where, as above, (y are i.i.d. and N(0,1). A simple calculation, using the product
formula for cosine [17, §12], [47, 4.22.2], shows that the moment generating function
of the limit distribution Z in (A.41) is
1

cost/2(s/2)’

It can be shown that Z < i 01 B (t)dBa(t) if Bi(t) and By(t) are two independent
standard Brownian motions; this is, for example, a consequence of (A.42) and the
calculation, using [13] or [54, page 445] for the final equality,

Ees? = |Res| < . (A.42)

R e Jo Bi(t)dBa(t) _ EE[e* J) B1(t) dBa(t) | By = Eeg Jy Bi(t)?dt

= cos /2(s), |Res| < m/2. (A.43)

We omit the details, but note that this representation of the limit Z is related to
the special form (A.28) of f; we may, intuitively at least, interpret B; and B as
limits (by Donsker’s theorem) of partial sums of 1,(§;) — 15(&;) and 1.(&;) — 14(&).

In fact, in this example it is possible to give a rigorous proof of n=1U,(f) 4z by
this approach; again we omit the details. O
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