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ABSTRACT: Suppose P is an arbitrary discrete distribution on a countable alphabet .
Given an ii.d. sample (Xi,...,X,) drawn from P, we consider the problem of estimat-
ing the entropy H(P) or some other functional F = F(P) of the unknown distribution P.
We show that, for additive functionals satisfying mild conditions (including the cases of the
mean, the entropy, and mutual information), the plug-in estimates of F are universally con-
sistent. We also prove that, without further assumptions, no rate-of-convergence results can
be obtained for any sequence of estimators. In the case of entropy estimation, under a vari-
ety of different assumptions, we get rate-of-convergence results for the plug-in estimate and
for a nonparametric estimator based on match-lengths. The behavior of the variance and the
expected error of the plug-in estimate is shown to be in sharp contrast to the finite-alphabet
case. A number of other important examples of functionals are also treated in some detail.
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1. INTRODUCTION

Suppose X is a discrete random variable with an unknown distribution P =
{p(i);i € Z} on the countable alphabet %, and let F = F(P) be an extended-real-
valued functional on the space of probability distributions on % (we allow F(P) to
be infinite for some P).

Given n independent and identically distributed (i.i.d.) observations (X1, ..., X,,)
drawn from the same distribution as X, it is often important to be able to estimate
F accurately, that is, to have an estimate F, = F, (X, ..., X,) of F such that the
difference |F, — F| is small.

The first question we ask is whether universal estimates exist, that is, whether
it is possible to come up with a sequence {F,} of estimators for F, such that the
difference |F, — F| converges to zero for all possible distributions P. The second
and main question we consider is whether (and under what conditions) it is possible
to obtain universal convergence rates for a specific class of estimators.

We show that the natural plug-in estimates are universally consistent for a wide
class of additive functionals [recall that the plug-in estimate for a functional F =
F(P) is given by F, = F(p,), where p, is the empirical distribution induced on %
by the samples (X, ..., X,,)]- On the other hand, we prove that for a general class
of functionals F, there is no method that guarantees a certain rate of convergence
for all distributions P with F(P) < oo, that is, the convergence of the error of any
sequence of estimators can be arbitrarily slow.

Two important special cases that partly motivated this study are when F is the
entropy, and when F is the mutual information. The case of the entropy is partic-
ularly interesting, especially in view of the recent attention to the problem of uni-
versal compression of memoryless sources with large or infinite alphabets; see [27,
25, p. 2061] and the references therein.

Entropy. For a random variable X with distribution P = {p(i); i € %}, the entropy
of X is defined by:

H2 Y p(i)log, p(i) = E{~log, p(X)}.

ex

F

(Throughout this article, we write log for the natural logarithm and log, for the
logarithm taken to base 2.)

Mutual information. For two random variables (V; W) with joint distribution
{p(i,));i,j € ¥} and marginal distributions {p, (i)} and {py(j)}, the mutual
information between V' and W is defined by:

A .. p(i, j)
I= > p(i,j)log ———"—.
(i, j)ex? ? py(D)pw())

F

See [9] for an extensive information-theoretic introduction to these and many
other entropy-related quantities.

The rest of the article is organized as follows. In the next section we give a

set of mild conditions under which the plug-in estimates are universally consistent,
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and we present specific examples of functionals (including the entropy and the
mutual information) satisfying these conditions. Section 3 shows that, for a wide
class of functionals, there is no universal convergence rate for any sequence of
estimators. This is illustrated through a number of examples. There are no universal
convergence-rates for entropy estimation, for estimating mutual information, or for
Rényi entropies of order a € (0, 1). However, this is not always the case. We also
show that there do exist functionals F' for which it is possible to obtain universal
convergence rates (see the example of power-sums in Section 2).

In Sections 4 and 5, we focus on the problem of entropy estimation, a problem
which turns out to lead to some somewhat unexpected results. Since no universal
convergence rates exist, we consider restricted classes of distributions within which
rates of convergence can actually be obtained. First we recall that, in the case
when % is a finite alphabet, the plug-in entropy-estimates H, converge to the true
entropy H at a rate of ~ o//n, where o is the variance o2 = Var{—log, p(X)}.
This suggests that, as long as

o? = Var{—log, p(X)} < oo, 1)

the same convergence rate might also hold in the infinite-alphabet case. As we show
in Corollary 5, this is not at all the case. Under restrictions on the tails of the distri-
butions considered, detailed results about the convergence of the plug-in estimates
are given in Theorem 7. In fact, we show that there are “many” distributions with
o? < oo, for which the plug-in estimates converge no faster than (logn)=27¢; see
Corollary 5. (Similar results are proved for the case of mutual information.)

In Section 5, we consider a sequence of entropy estimators based on match-
lengths. These estimators are motivated by the Lempel-Ziv family of data com-
pression algorithms, and they are nonparametric in flavor (in that they do not form
an estimate of the source distribution and are consistent for arbitrary stationary
and ergodic processes). For these estimators, we provide positive convergence-rate
results under assumptions weaker than those used for the plug-in estimates in the
previous section. Specifically, for distributions satisfying the variance condition (1)
above (or some variant of this condition), we show that the match-length esti-
mators converge at a rate of order (logn)~'/2. Although rather slow, this rate is
obtained under the milder condition (1), under which we were unable to provide
upper bounds for the convergence of the plug-in estimates.

Finally, in the appendix we collect the statements and proofs of several technical
lemmas.

2. CONSISTENCY OF THE PLUG-IN ESTIMATES

Here we prove a general consistency result for plug-in estimates. Let X be a dis-
crete random variable with distribution {p(i);i € %} on %. We consider a class of
functionals that we call additive functionals, given by the general form

F2g( X £, o)

iex
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Here, f and g are arbitrary real-valued functions with the only restriction that f is
always nonnegative. The plug-in estimate for F is defined by

Rl > £ Pa(@).
where |

. 1Z
pa(i) = - ZiI{X]:i}
]:

is the empirical distribution induced by the samples (X, ..., X,) on %. In other
words, F, = F(p,).
For each i € %, let f; denote the function f(,-): [0, 1] — Z.

Theorem 1. Assume that for some positive constants p and K, for each i € ¥, and
all integers 0 < j < n, f; satisfies

K

()40 <5

If, in addition, g is Lipschitz (q, K,) (where q, K, > 0), that is,

1g(x) — gV < Kplx —y|9, x,yeR,
then for every € > 0,
P{|F, —E(F,)| > €] < 2¢ K€ o
and
Var(fn) < o

2K n2pra-1’
where K| = 2/[K2(2K)?1]. Moreover, if pq > 1/2, then

lim [fn — E(fn)] = 0 almost surely (a.s.) and lim Var(ﬁn) =0.

n—oo

For the proof of Theorem 1, we will need the following two propositions as well as
a number of simple lemmas stated and proved in the appendix. The first proposition
is a version of Azuma’s inequality; see, e.g., [20, 16], or [24].

Proposition 1. Let X, ..., X, be independent random variables on %, and assume
that F: 2" — R satisfies

sup  |F(xy, .., x,) = F(xq, o, X5, X Xjpg, -2, X)) < ¢, 1< j<n

X1yeensXy, X;€X

Then for any ¢ > 0,
P{F(X,,....X,)—E[F(X,,...,X,)] > €} < exp<—262/ Zc}>.
j=1

The following proposition is given by Devroye in [13].
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Proposition 2. If the conditions of Proposition 1 hold, then
—~ 1,
Var{F(Xi,...,X,)} < 1 > ¢
j=1

Proof of Theorem 1. Proposition 1 implies (2). To see this, note that by changing
the value of one sample point X, there can be two values i" and i” such that p, (i)
increases by 1/n and p, (i"”) decreases by the same amount. Then by the properties
of f;, the value of }; fi(p,(i)) cannot change by more than 2K/n”, hence, by the
properties of the function g, the value of F, cannot change by more than

K,(2K)4
nra

Similarly, Proposition 2 implies (3).
For pgq > 1/2, Eq. (2) and the Borel-Cantelli Lemma imply lim,_, . (F, —
E[F,]) = 0 ass., and (3) implies the other statement. [ |

Theorem 2. Suppose f and g satisfy the conditions of Theorem 1, with pq > 1/2.
If g is concave and monotone increasing, and all the functions f; are continuous and
they satisfy

lim sup > "E[fi(p,()] = 3_ fi(p(D)), (4)

n—oo l
then {fn} is strongly universally consistent, that is,

lim F,=F as.
n— 00

If F < oo, then it is also consistent in L, that is,
lim E{(F, — F)*} =0.
Note that if all the f; are concave, then (4) is satisfied (by Jensen’s inequality).
Proof. By Lemma 6 of the appendix and Theorem 1,

lim F, = lim (F,—E[F,]) + lim E[F,]=F as.

n—oo

To get the L? consistency for F < oo, observe that
E{(F, — F)*} = Var(F,) + (F — E[F,])> = 0 (n — o). m(5)

Examples. If the support of X is finite, then Lemma 7 of the Appendix implies
strong and L? consistency for all of the functionals below. More generally, when %
is countably infinite:

Expectation. (Here % C %.) Taking f(i, p(i)) = ip(i) and g(x) = x, Lemma 7 of
the Appendix (or Theorem 2) implies the strong law of large numbers for bounded,
discrete random variables. [But note that we already used the strong law for the
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empirical distribution in the proofs.] Similarly, the moments of X are additive func-
tionals, and thus, for example, the variance is the sum of two additive functionals.

Entropy. The plug-in estimate of the entropy H is

H,=-Y p,(i)log, p,(i).

iex
Corollary 1. The plug-in estimate of H is strongly universally consistent, that is,

lim ﬁn =H as.

n—00

For H < oo, it is also consistent in L2, that is,
lim E{(H, — H)?} = 0.
n—oo

Proof. Clearly H is an additive functional with f(i, p(i)) = —p(i)log, p(i) and
g(x) = x. The conditions of Theorems 1 and 2 are satisfied with ¢ = 1, K; = 1,
with any 1/2 < p <1 and K = 1/(e(1 — p)log?2). [ |

Remark.  Using methods similar to the ones used to prove Theorem 1, the following
additional properties of H,, can also be shown to hold:

(i) Since ﬁn is the entropy of a distribution concentrating on at most » different
points (namely, p,), it is 0 < ﬁ,, < log, n, for all n.
(i) For all n, E[H,] < H.
(iii) For every n and € > 0,

P{|H, — E(H,)| > €} < 2exp(—ne*/2log; n),
because for all integers 0 < j < n,
1
Jt I

J

log, n
_ 1< 08
n n

log,

j+1
n n

(iv) For all n, Var(ﬁn) < (logs n)/n.

Mutual information. Let
1 n
palis ) == 3 Ly —iwe=jy
Ly

denote the empirical distribution induced on %? by the i.i.d. samples (V}, W), k =
1...,n,and let {py,(i)} and {py, ,(j)} be the corresponding marginals. Using the
identity (see, e.g., [9])

I=HV)+HW)-HV, W),
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the results for entropy estimation imply the universal consistency of the plug-in
estimate

I, = p.(i, j)log, ——————.

T £
Corollary 2. If H(V, W) is finite, then the plug-in estimate of I is strongly universally
consistent and consistent in L2, that is,
lim7,=1 as. and lim E{(I, —I)*}=0.

n—o00

n—o00

However, note that it is possible to have H(V, W) = co while I < co. Also note that
the almost sure consistency of H, and /, is valid even for general stationary and
ergodic processes.

Sum of i-dependent powers. Let % = {2,3,4,...} and define

F=§ﬂmm@.
i=2
Clearly F is an additive functional, with f(i, p(i)) = p”/(*+D(i) and g(x) = x. It is
easy to check that the conditions of Theorems 1 and 2 are satisfied with g = 1,
Ky=1, p=2/3, and K = 1. Therefore, fn is strongly universally consistent and
consistent in L.

Power sums. For any a > 0,
FOZ3 p(0)
iex
is an additive functional with f(i, p(i)) = p®(i) and g(x) = x. Note that (with the

convention that 0° = 0), F( is simply the size of the support of the distribution
{p(i)}. In this case, it is trivial to check the strong and L” universal consistency of

{F,"}. For a > 0, we consider two cases separately.

Case 1. 0 < a < 1. Note that ﬁ,(f') € [1, n'~“]. The conditions of Theorem 1 are
satisfied with ¢ = 1, K, = 1, p = a, and K = 1, and also those of Theorem 2, if
pq = a > 1/2. Therefore, for a > 1/2, LY s universally consistent almost surely
and in L2. For a < 1/2, we get that {ﬁf,a)} is asymptotically unbiased, but for the
variance we only get that it is of order O(n'=24). [For a = 0, it is easy to check that
Var(F\") — 0]

If we change our strategy and bound the fluctuations of f,(,a) on the average
(instead of the worst-case) when changing only one sample, then it is possible to use
an Efron-Stein type inequality of Steele [23] in place of Proposition 2, leading to the
bound Var(F")) = o(n'~2¢). This implies L? consistency for a = 1/2. However, it is
possible to get much more. The strong and L? consistency of LY for any0<ac<1
can be obtained by replacing Azuma’s inequality by the following concentration
inequality due to Boucheron, Lugosi, and Massart [7]:

Proposition 3. Let (X, ..., X,,) be independent random variables on %. For some
F: 2" — [0, 00), assume that there exists a function G: #"~' — % such that, for
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any xi,...,x, € &:
@ 05f(xl,...,xn)—G(xl,...,xj,l,xjH,...,xn)51, 1<j<mnm
@) Y (F(xps ooy X)) = G, e Xy Xjgs o5 X)) < F(Xq, 00, X)),

Then for any € > 0,
P{F(X,,...,X,)—E[F(X,,...,X,)]| = €} < 2exp(—€*/(2E(F) + 2¢/3)).
The proof of the following Corollary is in the Appendix.
Corollary 3. For 0 <a <1and any € > 0,
P{|F," — E[F,"]| = €} < 2exp(—n"€’/(2E[F,"] + 2¢/3)). (6)

Since E[F\")] — F@, this inequality and the Borel-Cantelli Lemma imply

lim,,_, o A,(La) = F@ as. It is now a straightforward calculation to deduce from (6)

that
Var(F\") = O(n™9),

also proving the L? consistency for any 0 < a < 1.

Case 2. a > 1. Note that ﬁff‘) € [n'74, 1], and that f; is convex for each i. For
simplicity, assume that a is integer. The following is proved in the appendix:

Lemma 1. For positive integer a,

2 E{pi ()} = O(1/n) +3_ p*(i), (7)

and thus F\” satisfies (4).
Hence the conditions of Theorems 1 and 2 are satisfied with ¢ = 1, K, = 1,

p =1, and K = a, proving the strong universal consistency and L? consistency of
f,(za). Moreover, we see from (7) and the convexity of f; that

(E[E,"] = F)? = O(1/n?),
and by (3), Var(f,(f)) = O(1/n), hence using (5) we get that

E{(E," — F)"} = O(1/n). ®)
Rényi entropies. The Rényi entropy of order 0 < a < 1is

Fla) — log, (Xiex P (i)
1—a ’
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which is an additive functional with f(i, p(i)) = p®(i) and g(x) = log, x/(1 — a) on
[1, o). Notice that Fs*) € [0, log, n] and that }°; p“(i) > 1. Also we have F(9) — H
and F\”) — H, asa — 1.

The conditions of Theorem 1 are satisfied with g = 1, Ky = 1/(1 —a)log2, p = a,
and K = 1, and also those of Theorem 2, if pg = a > 1/2. Therefore, for a > 1/2,
we get the strong universal consistency and L? consistency of Y. Moreover, using
the same arguments as above (based on the Lipschitz property of g), it is not hard
to obtain corresponding results for all 0 < a < 1.

Error functionals in classification. In classification, the plug-in estimate of the
Bayes error probability and the plug-in estimate of the asymptotical error probabil-
ity of the k-nearest neighbor rule, can both be shown to be universally consistent,
along the same lines as the proof of Theorem 2; cf. [1, 16].

In the case of power sums F(?) with a > 1, we saw that the plug-in estimate was
not only universally consistent, but it also had a universal rate of convergence in
L? (see Eq. (8)). It is therefore natural to ask whether the same is true for other
additive functionals. In the following section we show that, in general, it is not.

3. SLOW RATE OF CONVERGENCE

Here we show that for a large class of additive functionals, there is no universal
convergence rate, not only for the plug-in estimates but for any sequence of esti-
mators (see Corollary 4). Similar global slow-rate-of-convergence results have been
obtained for pattern recognition [8, 10, 16], for regression function estimation and
density estimation [6, 11, 14], and for several other functionals [2, 3]. In general,
we anticipate that universal convergence rates do not exist when the class of distri-
butions considered is sufficiently rich. For example, the absence of universal rates
may stem from dependence of the data, or from the absence of restrictions on the
tails of the distribution generating the data.

Most of the results here (as well as the results in the literature mentioned above)
are based on the use of a “well-separating” subclass of distributions, that is, a col-
lection of distributions which are “close” to one another, but over which the values
of the functional of interest are significantly different. (See also [12, 15].) In terms
of proof technique, usually such results are obtained by using as our well-separating
class a “rectangular” class of distributions, parametrized by infinite binary sequences
u = (uy, uy, Uy, ...); the term “rectangular” refers to the fact that the collection
of all such sequences u can be thought of as an infinite-dimensional rectangle or
“cube.” Then the parameter u is chosen randomly, and the worst-case error in this
subclass is bounded below by the average error according to this random param-
eter. More precisely, the proof is based on the fact that for two distributions that
lie on a common “edge” of this rectangle, the values of the functional of interest
are significantly different, while the data typically (i.e., with high probability) con-
tain little or no information regarding which of the two distributions is the true one.
This idea is reflected in the assumptions (and the proof) of Theorem 3.

Let F be a given functional (not necessarily additive), let & be a class of distribu-
tions on %, and write ' for the set of nonnegative integers {0, 1, 2, ...}. As before,
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X denotes a random variable with distribution P = {p(i);i € ¥}, and we write
D, =(Xy,...,X,) for a vector of n i.i.d. random variables with distribution P. The
next theorem establishes a general lower bound for the rate of convergence of an
arbitrary sequence of estimators {F,}.

Theorem 3. Let dy = 0 and {d;;i > 1} be a sequence of positive real numbers.
Assume that for any discrete weight vector {qq, q;, ...} with > 2,q; = 1and 0 < q; <
271(i > 1), there is a subclass of distributions {u,: u € {0,1}'} € @ parameterized
by binary sequences u = (uy, uy, U, . ..), having the following properties:

1. There are disjoint subsets By, By, B,, ... of % such that w,(B;) = q; for all u and
all i.
2. The restriction of , to B, is chosen from two possibilities according to the value

of u;.
3. Let F(u) = F(u,). If u and v’ are two binary sequences coinciding in all but the
kth position, then

|F(u) - F(u)| = dy.
Moreover assume that F(u) is finite for all u.

Then, for any sequence of estimators {F,} and any sequence {a,} of positive numbers
converging to zero, there is a distribution P in & with |F| < oo, for which

1
P{|F,—F|>a,} > 5 € infinitely often, for any € > 0.

Now applying Theorem 3 to the sequence {./a,} instead of {a,}, we get that for
any {F,}, there is a distribution in & with |F| < oo such that for any K > 0

limsupP{|F, — F| > Ka, } >

n—oo

N =

This observation immediately gives us the following general slow-rate result for the
expected estimation error:

Corollary 4. Under the conditions of Theorem 3, for any sequence {F,} of estimators
and for any sequence {a, } of positive numbers converging to zero, there is a distribution
P in @ with |F| < oo, for which

E{|F, - F
limsupMzoo

n—00 n

Remark. The phrase “infinitely often” cannot be dropped from Theorem 3, and
similarly the lim sup in Corollary 4 cannot be replaced by lim inf. Indeed, there exist
deterministic sequences {f,} with |f, — F| < 2/+/n infinitely often, simultaneously
for every F. Just consider the dyadic sequence
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and let f,,_; = f, and f,, = —f,. Now for every F, for every i large enough, there is
an element of the sequence in the first 2(1 +4 +--- +4') < 4 -4/ elements, whose
distance from F is at most 27*. We thus obtain a very good estimator along an
(unknown) subsequence for every F. (This construction can also be generalized to
certain finite dimensional spaces; see [6] for details.)

When the samples D, = (X, ..., X,,) are generated from the distributlon Hus
we write D, (u) for D, to indicate how the samples depend on u, and write w, " for
the (product) dlstrlbutlon of D,. The following lemma is the main ingredient in the
proof of Theorem 3; its proof is in the appendix.

Lemma 2. Consider a class {u,: u € {0,1}'} of distributions parameterized by
binary sequences u = (uy, Uy, U, ...), and assume that there exist subsets A,  C X"
such that, if u and u' are two bmary sequences coinciding in all but the kth position,

then for every string x| = (xl, e Xy) € Ay

il () = i () ©)
and

|F(u) — F(u')| = di. (10)

Then, for any sequence {F,} of estimators, for any sequence {a,} of positive numbers
converging to zero, and for any subsequence {n; },., of {1,2,...},

1 n
suplim sup P{|F, (D, ()) = F(u)| > a,} > —llmsup(l{dk>2a }iI;fMS, (A, ).

n— 00

Proof of Theorem 3. 'To get some intuition, first observe that if none of the samples
X € By, then the estimator has no information about u,, which gives a contribution
to the error of at least d;. For a sample size n large enough, this is greater than a,,.
On the other hand, the probability of this event can be very large, if the measure
of By, is chosen to be small enough. This argument can be made precise as follows:

Given a vector {g;}, we will apply Lemma 2 to the sets A4, , = {x]: x; ¢
B, foralll<j<n}. Now we have

u (A0 = (1= q0)"
independently of u, and if u and ' differ only in the kth bit and x{ € 4, ,, then
w(x7) = ) ().

Hence, by Lemma 2, for any sequence {F,} of estimators, for any sequence {a,}
of positive numbers converging to zero, and for any subsequence {n,},

1
sup lim sup P{|F, (D, () = F(u)| > a,} = §hznsw(1{dk>zank}(l —q)").

n—oo
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Choosing {n,} such that d; > 2a, (k > 1), and choosing the distribution vec-
tor {g,} such that g, = o(1/n,) as k — oo (e.g., taking g, = min(ank/nk,Z*k)
and q) = 1 — Y72 qx), makes the right-hand side above equal to 1/2. So for any
sequence {a,}, there is {¢g,} and u such that, for any € > 0

1
P{|F,(D,(u)) — F(u)| > a,} > 5 € infinitely often. [ |

Next we apply Corollary 4 to the cases of the entropy, mutual information, power
sums, and Rényi entropies, to obtain the following slow-rate results. For simplicity,
in the rest of this section we assume &% = & = {0, 1,2, ...}.

Theorem 4 (Entropy). For any sequence {H,} of estimators for the entropy, and for
any sequence {a,} of positive numbers converging to zero, there is a distribution P on
o with H = H(P) < oo and

E{|H,— H
limsupMzoo

n—o0 a,

Proof. Take d;, = 27% (k > 1). Given {qy, ¢y, ...} with 0 < ¢; < 27/(i > 1), we
pick a sequence {lj; = 1,1}, 1;,...} of positive integers (to be specified later), and
we partition % into consecutive blocks B; of cardinalities /;. We define u,(B;) = ¢;
for all u and i, and given a binary vector u, we define u, on B; as follows: If u; = 1,
then X is drawn uniformly over the /; integers in that block, while if u; = 0, then
X takes the value of the first point in the block. Take w, to be the distribution of
X and let [; = log, [!. For this w,, it is easy to verify that

H=H(u)= Z u;q;log, I; — Z gilog, q; = Z uiq;l; — Z g;log, g;.
i=1 i=0 i=1 i=0

If u and «’ differ only in the kth bit, then
H(u) = H@W') = Y (u; — upql; = (e — wp)qils,
i=1

and thus, |[H(u) — H(u')| = ql;. For k > 1, the inequality 27% < g, <27% + g, is
satisfied if, for example, #, = [21/(%2)], and thus H(u) < 4 + Y.°, i2~. The result
follows from Corollary 4. ]

Theorem 5 (Mutual Information). For any sequence {I,} of mutual information
estimators, and for any sequence {a,} of positive numbers converging to zero, there
are random variables (V, W) with values in 2 x % such that I = I(V; W) < oo and

E{|I,—1
lim sup Bl — 11} =00
n—o0 a,

Proof.  This is similar to the proof of Theorem 4, using the following construction.
Partition % into consecutive blocks B; of cardinalities /. Let B, = B; x B, take
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w.(B;) = g;, and for a binary vector u define the distribution w, of (V, W) on B;
as follows: If u; = 1, then V' is drawn uniformly over the /; integers in that block
and W =V, while if u; = 0, then JV and W are drawn uniformly and independently
over the /; integers in that block. The rest of the proof follows along the same lines
as above. [ |

Theorem 6 (Power sums). Let 0 < a < 1. For any sequence {F,Sa)} of estimators and
any sequence {a,} of positive numbers converging to zero, there is a distribution P on
% such that F(*) = F()(P) < oo and

(@)
E{|F,” — F®
lim sup E{lFn” - F*l} — 00

n—o0 a,

Proof. Take d;, = 27% (k > 1). Given {qy, ¢y, ...} with 0 < ¢; < 27i(i > 1), we
pick a sequence {/, = 1,1;,1;,...} of positive integers (to be specified later) and
partition % into consecutive blocks B; of cardinalities /;. We define u,(B;) = g; for
all u and i, and given a binary vector u, we define u, on B; as follows: If u; = 1,
then X is drawn uniformly over the /; integers in that block, while if u; = 0, then
X takes the value of the first point in the block. Take u, to be the distribution of
X and let [; = (I})'=% — 1. For this distribution it is easy to verify that

FO = FO®u) = Y ugi (1) =)+ Y qf = Y wqili+Y_q!-
i=1 i=0 i=1 i=0

If u and «’ differ only in the kth bit, then

o0

FO(u) = FOW) = 3 (u; = ugily = (ug — wp)qily,
i=1

and thus, |[F(u) — F(u')| = g¢l,. For k > 1, the inequality 27% < g4I, <27% +
q¢ is satisfied if, for example, [} = [(g;“27% + 1)V/(1=97, and thus F{(u) <2+
2y, 27, The result follows from Corollary 4. u

Remark. In the special case a = 1, we have FV = FO) = 1, hence FV _ M =,
In the case @ = 0 and F©O < 0o, FO — F\" = #{i: p(i)> 0, Bj X; =i}, s0

0 N\ —an
E{F” -FO} = ¥ (1-p(i)" = O(e™"),
i:p(i)>0

where @ = min;, ;). log[1/(1 — p(i))] > 0.

Rényi entropies. The slow-rate-of-convergence results for the power sums imply
analogous slow-rate-of-convergence results for the Rényi entropies in the case
0 < a < 1. As above, in the special case a = 0 and F 0 < 00, we get a universal

rate of convergence for f,(zo), of order O(e™*").
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Remark. Theorem 3 can also be applied to obtain corresponding slow-rate-of-
convergence results on the estimation of the expectation (cf. [2]). A more general
version of Lemma 2 can be applied to obtain analogous slow-rate-of-convergence
results for the Bayes error probability and the asymptotic error probability of the
k-nearest neighbor rule in classification [1, 3, 16], and for the optimal error in
regression function estimation.

4. ENTROPY ESTIMATION: THE PLUG-IN ESTIMATES

In Section 2, we saw that, for @ = 2,3, ..., the functionals F(“) = ¥",_,, p*(i) can
be consistently estimated, and that the L2-error of the plug-in estimate is of order
O(1/n). However, for a wide class of other functionals, including the entropy, we
showed that the universal convergence rates cannot be obtained for any sequence of
estimators. Therefore, for positive rate-of-convergence results, additional conditions
need to be placed on the class of distributions we consider.

In this and the following section we concentrate on the entropy, although some
results are given for the case of mutual information. (Note also that there are sharp
rate-of-convergence results for the expectation — see [4, 21, Theorem 2.6.20, 2].)

4.1. Heuristics

Finite Alphabets. In the finite-alphabet case, a relatively straightforward calculation
shows that the plug-in estimate H,, is asymptotically Normal,

Vn[H,— H] — N(0, 0% in distribution,

where o2 = Var{—log, p(X)}; see, e.g., [5]. In particular, for o > 0,

~ 1 ~ 1
E{|H,-H|}=0(— d E{(H,-H)\}=0(-).
(A, - Hy=0( =) and B, -7 =0,
This suggests that we should perhaps expect corresponding results in the infinite-
alphabet case as long as 0> < oo, or at least when some of the higher moments

H® 2 E{(-log, p(X))'} are finite (for some r > 2). Somewhat surprisingly,
Theorem 7 shows that this is not at all the case.

Slow Rates. Next, we give a heuristic argument based on the proof of our slow-
rate result (Theorem 4), indicating what type of conditions we might need to con-
sider for positive rate-of-convergence results. In the proof of Theorem 4, instead
of taking d, = 27%, we could have used any positive sequence of d;s with d;, = 0
and Y, d; < oo (moreover, {d,} may depend on the sequence {a,}), and taken
Iy = [di/qi] (assuring d;, < ql, < d; + q;). This would allow us to choose 7,
in the proof of Theorem 3 satisfying only 3, a,, < oo, and then, for example, let

di = 3ank7 qr = o(1/ny).
Now examine the moment parameter

H") = E{(~log, p(X))'} = 2 p(Dlogy(1/p(D),  (r=1)
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where H is of course just the entropy. For a distribution corresponding to u in
the above construction, and some r > 1,

~ 1 .
Y gl <HO(u)="q,(—log, g +uly) <2 1<qulogz o +quuklk)-
k k k k

Thus, by a rough calculation, for > 1, H®) is finite here for all u if and only if
Yl = (ql) Ja; " = Zazkn?l/O(l) + > o(1)/ny < oo.
k k k k

The above series can be made finite by the choice of {n,} if and only if
liminf, . a'n~' = 0, that is, if a, # Q(n"U~D/"). This suggests that maybe
the rate {n~U""1/"} can be achieved if we restrict ourselves to the case H") < oo,
at least for 1 < r < 2.

In the next subsection, we give rate-of-convergence results for the plug-in esti-
mate of the entropy, under assumptions on the tail of the distribution of X. In the
following subsection, we give upper and lower bounds for the convergence of a non-
parametric estimator based on match-lengths, under assumptions on the finiteness
of H"). As we will see, neither the plug-in nor the match-length estimators achieve
the O(n~0—V/")-rate suggested above.

4.2. Tail conditions

Here we prove a sharp rate-of-convergence result for the plug-in estimates of the
entropy, assuming appropriate tail conditions. Instead of the finiteness of the rth
moment of [—log p(X)], we restrict our attention to (the smaller class of) distri-
butions with tail probabilities decreasing approximately like (const)i~9, for some
q > 1. In this subsection, without loss of generality we take i € % = N always
to be a nonnegative integer. The following theorem shows that, under appropri-
ate tail conditions, the L' error of the plug-in estimate for the entropy is exactly
O(n(2-1/1) for q < 2.

Theorem 7. Assume that for some q > 1 there exist positive constants cy, ¢, > 0 such

that ¢, /i1 < p(i) < /i, i =1,2,.... Then, for the plug-in estimate, if q € (1, 2) we
have:

Q(n*(qfl)/q) — Eﬂﬁn —H|} < (E{(ﬁn _ H)Z})I/Z — O(nf(qfl)/q).
The same result holds for q > 2, with the last upper bound above replaced by
(E{(H, ~ H)’})'?* = O(n™"?log ).

The following corollary is an easy consequence of Theorem 7. In particular,
part (b) follows along the same lines as the proof of Theorem 7, leading to Eq. (11).

Corollary 5. (a) The plug-in estimates can tend to H at an arbitrarily slow alge-
braic rate O(n¢) even when H") < oo, for all r > 1.
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(b) Assume that for some q > 2, there exist positive constants c,, ¢, > 0 such that
(ci/ilog?i) < p(i) < (¢p/ilogli), i=1,2,.... Then,

H—E(H,) = O(1/1og? " n),
so the convergence to H is even slower, despite the fact that H4~1=9) s finite.

Proof of Theorem 7. By (5) and properties (ii) and (iv) from Section 2, it suffices
to prove that

H—EH,) = @(n*”%l).

First we show that

H—EH,) < log, (14 L=PW
() < §p(z>ogz(+ ())

Observe that if np, is a Binomial(n, p) random variable and (n — 1)p,_; is a
Binomial(n — 1, p) random variable, then

n

k k(n B
E{-p,log, p,} =—>_ o log, ;(k)p"(l - p)

k=0

k(in—1
__ 1 k=1¢1 _ pyr—1-(k=1)
pz ng n(k 1> ( )

n-l k+1 e
=—p) log, ( f ) (1= pyk

) _pll;{olog2 ((n— 1)5,,,1 + 1)}
- gy (47021,

where in the last step we applied Jensen’s inequality for the concave function log, x.
Applying this for every p,(i) and summing over i > 1 gives

~ >_°° ; (n—=Dp@)+1
B(,) = - pliyion, (200 )

2

and thus

PO 0 !
H E(Hn) — Ep(l) 10g2 (1 ﬂp(l) ) Zp(l) 10g2 ( (l))

Splitting this sum into two terms

Zp(l)10g2<1+ pl(l)>5 Y. p(i)log, 2() > L

i=1 ir np(i)<1 ir np(i)>1



CONVERGENCE OF FUNCTIONAL ESTIMATES 179

Now, taking the bounds on p(i), p(i) > 1/n implies i < (¢,n)4, and p(i) < 1/n
implies i > (¢;n)"4. So for the second term

1/
3 1 - L(can) /4] < Mpta1a,
ir np(i)>1 h h
For n large enough, the first term

. 2 c 2149 1 0
> p(i)log, > .—210g2 — < 0(—) —i—/(

—= = 7 ~q 08
i ro(<1 np(i) i (e & ney n amVa X ne;

1 ) © 1 eu _g-t
=0() + g [ o o au=o0(n ),
which gives the upper bound.

For the lower bound, recall that property (ii) in Section 2 was obtained from the
fact that

, ex?

E{p,(i)log, p,(i)} = p(i)log, p(i) for all i (Jensen’s inequality).
Thus

H = E(H,) = S (E{ pa(i) logs po(i)} — pli) logs p(1))
i=1

> Y (E{p,(i)log, p,(i)} — p(i)log, p(i))
ir np(i)<1/2
=L S ®{p,()10g np, (1)} — np(i) log, np(i))
ir np(i)<1/2
>— Y plogynp(i)= Y p(i), (11)
ir np(i)<1/2 ir np(i)<1/2

because np, (i) log, np,(i) is always nonnegative. By the given bounds,

H)z ¥ aiftzql 1
H —E H > c l.7 >c 1 dx
' i>(2¢cyn)le : ! [(2cyn)l/a] x4
2! 1 o
- = Q(n~aV/a
q— 1 [(Zczn)l/q]q—l (fl )a
which concludes the proof. .

In the case of mutual information, using the identity I = H(V) + H(W) —
H(V, W), the results for entropy estimation imply that the same upper bound of
order n~(@=1/4 for q < 2 holds for the error of {I,}:

Corollary 6. Assume that the tail condition of Theorem T holds for the distributions
of V and W, and also for their joint distribution. Then, for the plug-in estimate,

O(n—a=V/a)y  if g <2,

E{|T, — I} = (B{(Z, - 1)’} = { O(n~"logn) if g = 2.
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5. ENTROPY ESTIMATION: MATCH-LENGTHS

In this subsection we provide convergence rates for a different entropy estimator,
based on match-lengths. This approach is inspired by the Lempel-Ziv family of data-
compression algorithms [28, 29], and has been very successful in nonparametric
entropy estimation from processes with memory (see [17, 19] and the references
therein). Here we use the simplest form of a match-length entropy estimator, to
demonstrate that it is possible to obtain convergence rates under the weaker (and,
in view of the above heuristic, also somewhat more natural) assumption that H() =
E{(—1log, p(X))"} is finite for some r > 2.

Given a sample x{ = (xy, X5, ..., x,,) of the i.i.d. random variables (X;, X>, ...,
X,), we write x] = (xis Xiy1, ..., x;) for 1 <i < j < n. For any n > 1, we define
the match-length L,, as the length L of the shortest initial prefix x* that does not
match anywhere else in x/

L,=min{l <L < n: xt ;éxj:lL foralll<j<n—L},
with the convention that the minimum of the empty set equals n. Alternatively, L,
can be thought of as the length of the longest matching prefix, plus one.

For example, if x| = abbbcbabbaac (with n = 12), then L, = 4 since abb appears
twice in x{ but abbb appears only once. Also, if x| is a constant sequence of the
form aaa- - - a, then L, = n by convention.

Based on the match-lengths L,, for each n > 1, we define the following entropy
estimators:

ITI,, _ log, n
L

n

Below we will prove the following results about the ﬁn:
Theorem 8. (a) Consistency. If H < oo, then

lim ﬁn =H as.

n— 00

(b) Convergence rate in probability. If H® = E{(—log, p(X))*} < oo, then, as

n— oo,

\/logz n(ﬁn — H) — N(0,Ho?) in distribution,

where o® = Var{—log, p(X)}. In particular,

~ 1

(¢) L' and L? lower bounds. If o> # 0 and H® < oo, then

E{|fT, - H|} = Q(ﬂj@)
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and

~ 5 1
E{(H,—H)*} = Q(logn)

Recall that for a sequence of random variables {Y,} and a sequence of non-
negative real numbers {a,}, we say Y, = Op(a,) if and only if the sequence of
distributions of the random variables {Y,/a,} is tight.

Note that, although the discussion here is restricted entirely to the case of i.i.d.
random variables, the estimator H,, is consistent for arbitrary stationary and ergodic
processes; cf. [26, 18].

Our next result says that under the stronger assumption that H *) < oo, the above
lower bound on the L? error of H,, is tight.

Theorem 9. If H®) = E{(—log, p(X))*} < oo, then

~ 1
E{(H,-H}=0( —).
{0, - 17y =0( o)
Following [26], to analyze the asymptotics of L,, we introduce the recurrence
times R,,, where, for m > 1, R,, denotes the time of the first recurrence of the
initial m-block x{" in the realization x, x,, .. .:

k

— 1 PR q—
R, =inf{k > m: x{" = x;_,. .1 }.

Observe that R,, and L, are related via the following duality relationship:
R,<n iff L,>m+1. (12)

The proof of Theorem 8 follows along the lines of the corresponding match-length
results in [18], but since here the alphabet % is infinite, most of the combinatorial
arguments need to be modified.

Before turning to the proofs, note that the case H = 0 is trivial: When H =0,
the random variable X takes on only one value and, by the definition of L,, H, =
(log, n)/n for all n. In this case, the results in Theorems 8 and 9 all hold trivially.
Therefore, from now on we assume, without loss of generality, that H # 0. The
following lemma will be used repeatedly in the proofs of Theorems 8 and 9; its
proof is in the appendix.

Lemma 3. (i) There is a finite constant C such that, for all n > 1, any string x!
of nonzero probability p"(x}), and any € > 0,

P{log, R, p"(x})] = ev/nlx]} < C277.
(ii) For all n > 1, any string x' of nonzero probability p"(x}), and any € > 0,
P{log,[2np"(x})] < log,[R, p"(x})] < —e/n|x]} < 27",
(iii) There are finite constants a, B > 0 such that, for all n > 1,

P{log,[R, p"(X])] < log,[2np"(X])]} =P{n+1 <R, <2n—1} < a27P".
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Proof of Theorem 8. Since the sequence {27¢V"} is summable over m for any
€ > 0, Lemma 3 together with the Borel-Cantelli Lemma implies that

1
ﬁ log,[R,, p"(X{")] > 0 as. as m — oo. (13)
In particular, by an application of the strong law of large numbers,
lim ! lo = lim L log, p"™(X{") = lim ! f:[ log, p(X;)]=H as
m—o00 m gz - m—00 m g2 p 1 - m—o0o m i g2 p L - -

This, together with the duality relationship (12), implies that

L 1
— as. 14
10g2n_>Has (14

n

and this proves part (a). Similarly, (13) can be rewritten as

1 1 e om
\/—m[log2 ﬁ[—logzp (X7") —mH] — 0 as.

But the second term, by the central limit theorem, is asymptotically Normal with
mean zero and variance o2 = Var{—log, p(X)}, therefore

R, —mH] —

R,, —mH] — N(0, ¢%) in distribution, as m — oo.

1
ﬁ [log,

This, together with the duality relationship (12), implies that

1 1
— [L,, _ % ”] — N(0, H30?) in distribution,
Vlog, n H

and combining this with (14) easily shows that

Jiogy n(fl, — H) — N(0, Ho®) i distribution. (15)

The convergence rate in probability follows immediately.
For part (c) note that, for K > 0, by (15),

Pi\/log2n|H —H|>K|—2- 2(1)(0\/_)

where ®(x) denotes the standard Gaussian distribution function. Therefore,

E|\/log; nlfl, ~ H|} = KP|,/10g, n|, — H| > K]

— 2K[1 - @(%)} >0,
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i.c., E{|H, — H|} = Q(1/,/logn). This also implies that

E{(H, — H)’} > [E{|H, — H|}]* = Q(1/logn)
and completes the proof. ]

Proof of Theorem 9. It suffices to show that for the random variables
~ — [log, n
Z, = \/logz n[H,—H|= \/log2n|: L —Hi|

the sequence E{Z2} is bounded in n. Write p, for the (centralized) fourth moment

ps = E{(~log, p(X) — H)*}.

We expand
o0}
E{Z%} :/ P{Z2 > x}dx
0
log, n(log, n—H ) 1
cap [ el < o L
X
z H+ \/logzn

log, n(H—(log, n)/n)* 1
+/ : Tl s 08" g (16)
2 H - -

log, n

and treat the two integrals above separately.
For the first term, let

1
m = m(n, x) ALMJ
H+\/@

and note that by the duality relationship (12), the probability P{L, < m} is equal

to
xy }
1

-y p"'(me: ﬁlogz[p"'(xmmhJimlogz[p"%xmn]

P>y,

+ > PG,

*pm ()=,

P{R,>n}= }_ P’”(XE")P: %logz[pm(XT)Rm] > %logz[pm(XT)n]

x'exm

m

where 7y, = (log, n)*/n. By Lemma 3 (i), this is bounded above by
m m C m m m
2 C/n 4 P{p(XT) = vt = I P > v}
X () >y
+P{—log, p"(X{") —mH = log, n
—3log,log, n —mH}.
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Using Markov’s inequality and the fact that there cannot be more than 1/y,, strings
with probability greater than v, this is bounded above by

c1 mpy + 3m(m — 1)o*
nvy, (log,n—3log,log,n —mH)*
C C'm?
< -
~ (log,n)* = (log,n—3log,log,n —mH)*
2 4
< 5 + i m /(10g2 I’l) -
(IOgZ n) 1— H _ 3log,log, n
H+\/x/log2 n log, n

2 2
i) ()
/1o, n log, n
< C . —|—C/(H+ /log, L5 .
(log, n) ifq_ H
2 H+./x/log,n

where the last inequality follows from the definition of m, and the observation that,
for all n > some N, (independent of x),

log,log,n 1 H
308 (7 )
log, n 2 H + /x/log,n

for all x > 2. Simplifying the above expression, we have shown that

C c” * \°
P{L —— 4+ = |(H .
Ly =m} < (log, n)? s ( +\/log2n>

Therefore, for n > N, the first integral term in (16) is bounded above by

(logny  Cd (logyn)* | %\’
/ 2 _Cdx o / U (H+ ) ax
2 (log, n)? 2 x2 log, n

and simply evaluating these two integrals shows that they are bounded in n, and
hence

log, n(log, n—H)?
/ P{L, < m}dx = O(1). (17)
2

For the second integral term in (16), write

1
M=M(n,x)é’7Ln_—‘
H—\/@

and let N = M — 1. By the duality relationship (12), the probability P{L, > M} is
equal to

P{Ry <n}=P{M <Ry <2M -3} +P{2M —2 < Ry < n}
<a2™ PN+ 3 pNY)P{log,[2Np" (xY)]

xN exN

< logy[Ry p™ ()] < log,[mp™ (x))]|x7'}
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where the inequality follows from Lemma 3 (iii). Letting §,, = (nlog, n)~! and using
Lemma 3 (ii), we obtain that

2
P{L,>M}<a2P+ > p"aH)+ X a[p"())]
xN:pN (x))>8, x):pN (xY) <8,
<d27PM PPN (XY > 8,1+ X PN,
) pN(x))<s,
1

M L PPN (XYY > 6 :
= @2 P{PTXT) = 0} + g0

(18)

Now we claim (to be verified below) that for n > some N;, uniformly in x > 2, we
have

P > 0 = o 82) (19)

(with C denoting an absolute constant, not the same as in the derivation of the
previous part). From (18) and (19) we then get that, for »n large enough,

log, n(H—(log, ”)/”)2
[ P{L, > M} dx
2

H?1 H?1 2
5/ ngna’Z*BM(n,x) dx + C/ Og2n<10g_2n> izdx 4 H?
2 2 X

M
H%logn 1 X 2
< H*d(1 2PM(0) 4 ¢ —(H - dx + H?
< H*d/(log, n) + /2 2 log, X +
H%d/logy n )
W+O(1)+H

where the last inequality is easily verified by evaluating the above integral explicitly.
Therefore,

log, n(H—(log, n)/n)*
/ P{L, > M}dx = O(1),
2

and combining this with (17) and (16) implies that E{Z2} = O(1) and completes
the proof of the theorem.

Finally, it remains to establish the claim (19). Using Markov’s inequality and the
fourth moment assumption as before,

P{p"(X7')>8,} =P{log, p" (X{)+NH>log, 8, +NH}
Npy+3N(N-1)o* cM?
~ (log,n+log,log,n— NH)* ~ (log,n+log,log,n—MH+ H)*

log,n 1 log,n 172
SC(T){) I:M( . ((log210g2n+H)

4
- (Mt -togm) |
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so it suffices to show that the term [- - -]~* above is uniformly bounded over x > 2. By
the definition of M, M(n, x) > M(n, 2), and it is easy to see that for n large enough
MH —log, n > (+/2/H),/log, n. Therefore, for all n > some N, (independent of x),

1 1
log,log, n+ H < ——,/log, n < —(MH — log, n).
g, 108, H«/E\/ %) 2( g n)

Noting that for n large enough (uniformly in x > 2)

- 2log, n
T H-/x/log,n

and substituting the last two bounds in the expression [---]~* above, we get

[-]* < [ 2M % T
~ L /log, n(MH — log, n)

log, n

o sy
< 256|: H—./x/log, n

4
= 256
log, n _ :| ?
Jlog, n(H—H_W log, n)

as required. ]
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APPENDIX

In the notation of Section 2, we state and prove the four lemmas that were used in
the proofs of Theorems 1 and 2.

Lemma 4. Assume that g is concave and monotone increasing, and that (4) is satis-
fied. Then

lim sup E(I?n) <F.

N—o0

Remark. Note that the assumption f > 0 can be replaced by the condition that
> | min(f;, 0)]l, < oo, and that in this case, the above lemma as well as the fol-
lowing two lemmas still hold. Similarly, if the assumption that f > 0 is replaced
by the condition that }"; || max(f;, 0)||,, < oo, then the lemmas remain valid after
interchanging the terms ‘convex’ and ‘concave,” the terms < and >, and the terms
‘lim inf” and ‘lim sup.’
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Lemma 5. Assume that all the f; are continuous, and that g is a monotone increasing
and continuous. Then

liminfF, > F a.s. and liminfE(F,) > F.

n— 00 n— 00

Lemma 6. (a) If g is concave and monotone increasing, and all the f; are contin-
uous and they satisfy (4), then {F,} is asymptotically unbiased, that is,

lim E(F,) = F.

n— 00

(b) If g is linear and both f and —f satisfy (4), that is, lim 3>, E[fi(p,(i))] =
> fi(p(i)), then {F } is asymptotically unbmsed Moreover, if g and all the f;
are linear, then F is unbiased, that is, E(F )=

Lemma 7. (Here f is not necessarily nonnegative.) Assume that g and all the f; are
continuous, and that L = 3"; || filloc < 00. Then {F,} is strongly universally consistent,
and also L? consistent for any p > 0, that is,

lim F,=F a.s. and lim E{|F, — F|’} =0.
n—oo

n—00

In particular, these hold if g and all the f; are continuous, and the support of X is
finite.

Proof of Lemma 4. Note that if g is concave on &%, then it is also continuous. Using
Jensen’s inequality, the concavity, continuity, and monotonicity of g, and (4), we get

lim sup E(F,) < lim sup g(Z E[ fl(pn(l))])

n—oo n—o0o

< ¢ fim sup S EL (7, (0]

< ¢( S Ap)) = F .
Note that the proof essentially remains the same if instead of f > 0 we assume
f < 0. Therefore, if g is convex and monotone increasing, and — f satisfies (4), then

liminf, . E(F,) > F.

Proof of Lemma 5. Noting that, by the strong law of large numbers, for each
i,lim,_,  p,(i) = p(i) a.s., continuity and Fatou’s Lemma imply

timinf 3 £,(p,() = Ylimint £,(p, (1)) = 3 fi(p(0)) as.
Since g is monotone increasing and continuous on (0, co)

imint 7, =timint (1,7, ) = ¢ (Himint /(7))

zg(;fi(p(i))) _Fas.
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Finally, by the monotonicity of g, fn > g(0) for all n, hence by Fatou’s Lemma,
liminf E(F,) > E{liminf F,} > F. n
n—>00 n—>00
Proof of Lemma 6. Obvious from Lemma 4 and 5. [ |

Proof of Lemma 7. Noting that for each i, lim,,_, ., p,(i) = p(i) a.s., continuity and
the dominated convergence theorem (using L < co) imply

lim Zﬁ(pn(l)) = Z lim £,(p,(i)) = Zfl(P(l)) as.

n—oo

Since g is continuous
tim F, = lim ¢S fi(p0) ) =5 fim 3 7ipa(0) ) =6 S0 ) =F s

Observing that |F| and the functions |fn| are all bounded (all taking values in
the bounded set g([—L, L])), the consistency in L? follows from the dominated
convergence theorem.

The continuity of all the f; and the finiteness of the support imply L < oo. ]

Next, we give the proofs of four results that were stated and used earlier without
a proof.

Proof of Corollary 3. Observe that n"A(a) > i(np,(i))* satisfies Proposition 3
with
GY(xy, ..., %, 1) = Z (rijl{szi}) ,
i \j=
because
0< n“f,(la)(xl, o Xy) — G (xy, s X Xy e Xy)
= Y (a0 = (i) = L)) = (npa(x)))" = (1p, () = 1)°
1 “ 1
= (np,(x)*" < 1,
and so

> (n“ﬂa)(xl, X)) — GO(xy, .., Xj1s Xjf1snes xn))
j=1

n

< Z npy ()" Z(npno))“ = n“Fy".
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This implies that, for any € > 0,
P{|ﬁ,§“) _E[F"] = e} - P[|n“A,£“) — nE[F\V]] = n“e}

<2 o€/ CEIF"+2¢/3) -

Proof of Lemma 1. 1t is well known (see, e.g., [22, p. 137]) that the ath moment
of a binomial random variable can be expressed as

n! n!
E{Bin‘(n, p)} = Z (k)( _k)!Pk T a),P < Z s nk p* 4 n pe

)

where the o are Stirling numbers of the second kind. This implies that

D E{pi(0)} = L E{Bin'(n, p()/n"} < T3 et “+ 3P0

k=1 i

=0(1/n) + Zp“(i). [

Proof of Lemma 2. We use randomization such that u is replaced by a sequence
U = (Uy, Uy, Us, ...) of i.i.d. Bernoulli(1/2) random variables, independent of the
samples (X1, ..., X,). Let UX and UX denote the sequence U with the difference
that U 4"_ forces the kth bit to be 1 and U* forces the kth bit to be 0. Introduce the
notation

rn(u) = P{|Fn(Dn(u)) - F(u)| > an}'

Now for n, k e ¥

E{r,(U)} = E{P{|F,,(D,(U)) = F(U)| > a,|U}}
= P{|F,(D,(U)) = F(U)| > a,}
> E{P{|F,(D,(U)) = F(U)| > a,|D,(U)}p,)ea, }}-

Conditioning on D, (U) in A, ,,

P{|F,(D,(V)) - F(U)| > a,|D,(U)}
= P{|F,(D,(U)) - F(U")| > a,, U, = 0|D,(U)}
+P{|F,(D,(U)) - F(UY)| > a,, U, = 1|D,(U)}
= P{|F,(D,(U)) — F(U")| > a,|D,(U)}P{U; = 0|D,(U)}
+P{|F,(D,(U)) — F(U})| > a,|D,(U)}P{U; = 1|D,(V)},

because (9) implies that P{U, = 1|U*, D, (U)} = 1/2 for every possible U* and
D,(U) € A, , and thus U* and U, (or similarly UX and U,) are conditionally
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independent given D, (U) € A4, 4. Moreover, P{U, = 1|D,(U)} = 1/2for D,(U) €
A, k> SO

P{|F,(D,(U)) = F(U%)| > a,|D,(U)}P{U; = 0|D,(U)}
+P{|F,(D,(U)) = F(UY)| > a,|D,(U)}P{U = 1|D,(U)}

= SP{ED(U)) ~ F(UY)| > 4,D,(U)}

+3P{E(D,(U)) ~ FUD| > a,|D,(0)}

v

%P{an(Dn(U)) — F(UY)| +|F,(D,(U)) = F(UY)| > 24,|D,(U)}

v

SPUE(US) —~ F(US)| > 24,ID,(U))

I >Za
> % (using (10)).

Therefore, taking the expectation of this chain of inequalities on 4, ;, we have for
any n,k e ;¥

dy>2a, dy>2a, n
E(,(U)} = "5, (U) € 4, ) = 152 ing uP 4, ).
and in particular, for k € &/ and n = n,
I{dk 2a, } . (ny)
E{r,, (U)} 2~ inf ulf (4, ).
Since r,,(U) < 1, by Fatou’s Lemma
sup limsup r,(u) > E{hm sup r,,(U)}
> lim sup E{r,(U)}
> limsup E{r,, (U)}
k—o0
1
> Ellm sup(I{dk>2a }mf T k)(Ank k)) [

k—o00

Proof of Lemma 3. (i) Let u =sup; p(i) < 1. By Markov’s inequality,
P{ log,[R,p" ()] = evl¥}} < E{R, |¥}}p"(x)2 ",
and by Kac’s Lemma (see, e.g., [26]) this is exactly equal to
[+ 1/p"(x)]p" ()27 < [1 4 np" 2~ < 277

where C = 1+ sup, {nu"} < oo.
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(ii) Write K, =27<V"/p"(x"). By a simple union bound,
P{ log,[21p"(x])] = logy[R,p"(x})] < —e/ml}}
- P{zn <R, < Kn|x7}

<Zﬂ e = X71XT = 21
j=2n

< |K,]p"(x})
< eV,

(iii) By an application of the union bound as above, P{n +1 < R, <2n—1}is
bounded above by

n—1 [n/3] -1
Selxii=xi|= Y p{xli=xil+ ¥ plxii=xj
j=1 =1 j=ln/3]+1
[n/3] . S n—1
n
= Y LA GDR{X T =xi1X]=xl ]+ %
j=1 x]]. j=n/3]+1
+
X Z Pj(xn /+1)P{ /J+f—Xn| /+1—xn /+1}
Xn— J+1
[n/3] ) ) ) n—1
R P I Tt
j=1 =[n/3]+1

With u as in (i), we can bound both p/(X] ] ) and p/(X"
expression is at most

n_j+1) by w/ so that the above

[n/3]
Z I-Ln 2j + Z /-L
=ln/3]+
Summing these two geometric series we get an upper bound of the order of

(const)u"? = a27P",

for appropriately chosen constants «, 8 > 0. ]
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