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Abstract

One of the most natural and important questions in statistical learning is: how well can a distribution
be approximated from its samples. Surprisingly, this question has so far been resolved for only one
loss, the KL-divergence and even in this case, the estimator used is ad hoc and not well understood.
We study distribution approximations for general loss measures. For £2 we determine the best
approximation possible, for £; and x? we derive tight bounds on the best approximation, and when
the probabilities are bounded away from zero, we resolve the question for all sufficiently smooth
loss measures, thereby providing a coherent understanding of the rate at which distributions can be
approximated from their samples.
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1. Introduction

1.1. Definitions and previous results

Many natural phenomena are believed to be of probabilistic nature. For example, written text,
spoken language, stock prices, genomic composition, disease symptoms, physical characteristics,
communication noise, traffic patterns, and many more, are commonly assumed to be generated
according to some unknown underlying distribution.

It is therefore of practical importance to approximate an underlying distribution from its ob-
served samples. Namely, given samples from an unknown distribution p, to find a distribution ¢ that
approximates p in a suitable sense. Yet surprisingly, despite many years of statistical research, very
little is known about this problem.

The simplest rigorous formulation of this problem may be in terms of min-max performance.

Any distribution p = (p1, ... ,px) over [k] def {1,...,k} corresponds to an element of the simplex
def &
AL = {pk € Réo : Zpi = 1}.
i=1

For two distributions p, ¢ € Ag, let L(p, q) be the loss when the true distribution p is approximated
by the estimate ¢q. The right loss function typically depends on the application. For example, for
compression and investment applications, the relevant loss is often the Kullback Leibeler (KL)
divergence, for classification, the pertinent measure is typically the ¢; loss, and other applications
use /o, Hellinger, chi-squared and other losses.
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Let [k]* be the set of finite sequences over [k]. A distribution estimator is a mapping q : [k]* —
Ay, associating with each observed sample =" € [k]* a distribution ¢(2") = (g1 (z"), ... ,qk(z™))
over [k]. The expected loss of ¢ after observing n samples X" = Xi,...,X,, generated i.i.d.
according to an unknown distribution p € Ay is

E L(p,q(X")).
XTep

The loss of ¢ for the worst distribution is

f
rin(e) = max E - L(p.g(X")).

We are interested in the least worst-case loss achieved by any estimator, also called the min-max

loss,
L def .

re . < minrk, (¢) = minmax E  L(p,¢(X™)).
’ q ’ q pEAR Xn~p
Determining the min-max loss for a given loss function L, and the optimal estimator achieving it,
is of significant practical importance. For example, an estimator with small KL-loss could improve
compression and stock-portfolio selection, while an estimator with a small £; loss could result in
better classification.

Yet as above, very little is know about rlk‘n. The only loss function for which rlk‘n has been

determined even to the first order is KL-divergence',

k
def Di
KL(p,q) < ) pilog . (1)
i=1 v

where after a sequence of papers, Cover (1972); Krichevsky (1998); Braess et al. (2002); Paninski
(2004), just eleven years ago, Braess and Sauer (2004) showed that for fixed k, as n increases,

k—1 1

Even so, their estimator is somewhat impenetrable, and their proof for why their specific estima-
tor works but similar estimators with different parameters do not, relied on automated computer
calculations of the behavior of the loss at the boundaries of the simplex.

1.2. Relation to cumulative loss

The scarcity of results is even more surprising as more complex questions have been studied and
resolved in much more detail. For example, several researchers in statistics, information theory, and
online learning, have studied the more complex min-max cumulative loss that minimizes the sum of
losses over n successive estimates,

n
RE 4 hin max E L(p, q(X%)).
’ q pEAL X"ij:l

1. All logarithms in this paper are natural logarithms.
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Among the many results on the topic, Krichevsky and Trofimov (1981) showed that for KL loss,

k—1
RE’I;Z: 5 logn + o(logn), 3)

and a sequence of papers e.g. Xie and Barron (1997); Drmota and Szpankowski (2004) have subse-
quently determined REI;L up to additive accuracy of O(1/n).

The major difference between the loss r};n and its cumulative counterpart R],;ﬂ is that Tk,n
minimizes the loss for any given number of observed samples, while RI,;n minimizes only the sum
of the losses. Hence R',;}n does not provide a direct insight about rkm, while rlk*m provides a clear
upper bound on RI,;vn. For any loss L, k, and n,

n
L L
Ri, < Z Tk
=1

For example, for KL divergence, this relation and (2) implies that for fixed k, as n increases,

n
Rg';L < Zrk“]“ _k 5 ! logn + o(logn),
j=1
recovering the behavior of the upper bound in (3)

Another difference between the loss rlk‘n and its cumulative counterpart RIE ,, 18 that the loss
has also the meaning of how well one can learn the distribution from n obser\}ations, while the
cumulative loss does not carry that meaning. Furthermore, while for KL divergence, RI,;n can
be interpreted as the redundancy, the additional number of bits required to represent the whole
sequence X" when the distribution is not known, for other loss functions, the cumulative loss R],; n
may not have a clear meaning. 7

A natural question to ask may therefore be why characterizing the simpler quantity TEI;L took
much longer than for the more complex RE%I As described in the next subsection, the reason may
be the simplicity of approaching the optimai cumulative loss.

1.3. Add-constant estimators

Many popular estimators assign to each symbol a probability proportional to its number of occur-
rences plus a positive constant. Let

T € T(X") 3T =)
j=1

denote the number of times symbol i € [k] appeared in a sample X™. The add-/3 estimator ¢, 5 over
[k], assigns to symbol 7 a probability proportional to its number of occurrences plus (3, namely,

def def det Ti +
¢ = (X") = q,i(X") = AL

where as above, we will often abbreviate ¢, , ;(X™) by ¢;(X") and even just ¢;. Well-known add-
constant estimators include the empirical frequency estimator ¢q_,, the Laplace estimator ¢, , and
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the Krichevsky-Trofimov (KT) estimator ¢, /2 Krichevsky and Trofimov (1981). The last one, the
add-half estimator, was the first estimator shown by Krichevsky and Trofimov (1981) to asymptot-
ically achieve the min-max cumulative loss for KL divergence in (3).

Unlike the cumulative loss that is asymptotically achieved by the add-half estimator, as shown
in Section 5, for 7, the asymptotically optimal estimator derived by Braess and Sauer (2004) is
much more involved, perhaps explaining the lag in time it took to derive.

1.4. Results

We first consider three important loss functions and determine their loss either exactly or to the first
order with correct constant. In Section 2, we consider the 3 distance

k

Br.a) E Y (i —a)

i=1

Expected £3 distance of add-constant estimators is closely related to the variance of binomial distri-
butions. This property lets us determine the exact min-max loss for £ distance for every k and n,
and in Theorem 3 we show that

8 _ .8 _ 1y

rk‘,n = 7ﬁk,n(qu\/ﬁ/lc) - (\/ﬁ + 1)27

and that furthermore, ¢ sk has the same expected £3 divergence for every distribution in A;. Note
that unlike min-max cumulative loss for KL-divergence where add-half is nearly optimal, for /3 the
optimal min-max loss is achieved by an estimator that adds a constant that depends on the alphabet
size k and the number of samples n, and can be arbitrarily large.

Observe also that the /3 loss decreases to 0 with n uniformly over all alphabet sizes k. For the
remaining divergences we consider, the rate at which the loss decreases with the sample size n will
depend on the alphabet size k.

In Section 3 we consider the chi-squared loss and analyze one of its several forms

2 def o= (pi — 1)
X (p,q) = E —
— qi
=1
In Lemmas 4 and 5, we show that

k—1  k(k—1)(log(n+1)+1)
n+k+1 dn+k)(n+k+1)

k—1
n+1’

2
X
< Tkn <

where the upper bound is obtained by the Laplace estimator. In particular, this implies that for any

fixed k, as n increases,
v k=1 logn
Ao (k)

One of the most important distances in machine learning is

k
def
t(p,q) = E Ipi — qil-
i=1
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It can be easily shown that if distributions can be estimated to ¢ distance J, then an element can
be classified to one of two unknown distributions with error probability that is at most 26 above
that achievable with prior knowledge of the distributions. In Section 4 we consider the /; distance.

It is part of folklore that riln = O(4/ % ). In Corollary 9 we determine the first-order behavior,
showing that for every fixed k, as n increases,

2(k—1) 1
Va1 — O o
Tk ™ " <ni ) .

In Section 5 we consider the min-max loss with the commonly-used family of f-divergence loss
functions, defined in Csiszdr (1967). Let f : R>¢ — R be convex and satisfy f(1) = 0, then

k
De(plla) = > ai- f (?) :
i=1 ¢

Many important notions of loss are f-divergences. The most important among them are: the relative
entropy from f(z) = xlogz; the x? divergence from f(x) = (x — 1)2; the Hellinger divergence
H(pllq) = Zle (vpi — \/q7)2 from f(z) = (1—+/x)?; the £1 distance (or total variation distance)
from f(x) = |x — 1].

These are of predominant interest in various applications and are frequently the subject of study.
For example, of the ten different notions of loss considered in Gibbs and Su (2002), there are only
five relevant to distributions on discrete alphabets, four of which are f-divergences, being precisely
the four listed above.

We first discuss the difficulty with providing a coherent general formula for all f-divergences
and show that the challenge arises from distributions that are close to the boundary of the simplex
Ay, specifically probability distributions that assign probability roughly % to some elements. In
Theorem 10 we show that under the common assumption that excludes these extreme distributions
and considers only distributions bounded away from the boundary of the simplex, the min-max loss
as well as the optimal estimators have a simple form. Let rf;n denote the min-max f-divergence

for all distributions in Ay, and let 73,{ ,,(0) denote the same for distributions in the simplex interior,
i.e. satisfying p; > 6 > 0, for all 7. We show that under a mild smoothness condition on the convex
function f, namely for all functions f that are sub-exponential and that are thrice differentiable in a
neighborhood of z = 1, the asymptotic loss is determined by the second derivative of f at 1,

e = ity (1)

2n n

This result provides a simple understanding of the min-max loss for a large family of f-divergences,
in a unified fashion.

2. (2 distance

¢2 is the simplest loss to analyze as the calculations resemble those for variance. For the empirical-
frequency estimator, 7; ~ B(p;,n), the binomial distribution with parameters p; and n, hence
E(T;) = np; and V(T;) = np;(1 —p;). The expected loss under the empirical estimator is therefore

k

k 2 k koo 1
EHp—q(X”)H% = E I[Z,(nZ —pi> — § (21) :2 : i (n z) _ Zz 1D < k,
=1 i=1

; n n n
=1
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with equality when all p; are 1/k.

Similar calculations show that the min-max optimal estimator is add-y/n/k, that it improves on
empirical frequency only slightly, increasing the denominator from n to n + 2/n + 1, and that it
has the same loss for each p € Aj. The proofs of Lemmas 1 and 2 below are in Appendix B.

Lemmal Forallk > 2andn > 1,

.2 ( _ .5 _ 1o
rﬁnzl{]lrkm qp) = 7ak,n(q+\/ﬁ/k’) N W .

Furthermore, q has the same expected loss for every distribution p € Ay.

+vn/k
We obtain a matching lower bound.

Lemma?2 Forallk > 2andn > 1,

1
g o 1%

IRV

The two lemmas exactly determine the min-max ¢3 loss and show that it is achieved by the
add-/n/k estimator.

Theorem 3 Forallk > 2andn > 1,

1
e 1—3

Tion = Ten (@ ymyk) = NSk
3. \? divergence

We first upper bound the performance of the Laplace estimator, then show that for n >> k it is near
optimal.

Lemmad Foreveryk > 2andn > 1,

2 2 k—1
Tom < Ten(@) = "
Proof Rewrite
5 5 (pi — ¢i)? Ep?
Clpllg) =) ———=—-1+> =L
i=1 i = i

Then, for the Laplace estimator,

LI i 1
E(x* (plla,. (X™)) = E<—1 +2 Tiil> =-1+ (”+k>zp3E<Ti + 1>'

i=1 n+k =1

Now,

1 "1 (n pi(1— (1 —p)™t) D
2 2 t n—t 1 7 7
A0 — 2 - L1 — s — < .
Pi ( ; > Pi < >p2( Pi) n+1 “n+1
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Hence,
ko k—1
E(y2 X™)) < —1 — = :
OC (plla, (X™M)) < =1+ (n+k) n+l n+l

i=1

This bound holds for any distribution p and equality holds if p assigns a probability of 1 to any
element, and the lemma follows. [ |

We obtain a lower bound on the min-max loss that characterizes the first order term in its behavior
for large n. To obtain this lower bound, we use a uniform prior over the distributions in the simplex
Ay. The calculations are somewhat involved, and presented in Appendix C.

Lemma$5 Foreveryk > 2andn > 1,

R k=1  k(k—1)(log(n+1)+1)
kn = n+k+1 dn+k)(n+k+1)

The next corollary follows.

Corollary 6 As n increases and k = o(n/logn),
E—1 k—1
régn =— + 0( - >,

rizn _ k-1 +O<logn)'

and for fixed k,

n2

The simple evaluation of the Laplace estimator in Lemma 4 may lead one to believe that other
add-constant estimators will also achieve the (k — 1)/n asymptotic min-max loss. This is not
the case. We now show that Laplace is the only add-constant estimator achieving this asymptotic
behavior.

For simplicity consider the binary alphabet k& = 2. Let p = p1, ¢ = g1, and T = Ty, x%(p||q) =

% + % — 1. The expected divergence of the add-3 estimator is therefore

" /n 2 —n)2
E(xC(plla,,(X™M)) =D <t>pt(1 —p)"_t< g+ (}z—tfﬁ) N 1)'

t=0 n+20 n+24

It can be shown that this expected loss behaves as © (%) To capture the behavior of n times the
expected loss for the tiny probability p = Z, define

P (2) © Yim n-E<X2 (%|’q+g(Xn)))

n—oo
n t _ 22 2\2
o ny z st 2 (1-3F)
—nlgﬁ.lo"Z(t)m(l—n) <t+ﬂ tmms
=0 n+23 n+23
0zt 2
e %z z 1
= +t—2z+ =B—2+2°E ) 4
2 (5 t+5> ’ (Yzw) @
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Figure 1: Plots of ®°(z) from (4) for different choices of 3

where Y, ~ Poisson(z). It is easy to show that for any fixed a > 0, the function of z given by
n - E(x*(Zlq,,(X™))) converges uniformly to ®°(z) over z € [0,a] as n — oco. We would
therefore, at the very least need to have ®°(z) < 1, Vz € [0,a] so that our proposed estimator
would be asymptotically optimal, achieving an expected loss of % +o (%) For 5 =1, we can get a
closed form expression for ®7=1(z) = 1 — ze~* which is indeed always bounded above by 1. But
we find numerically that for absolutely any other choice of 3 # 1, we have ®%(z) > 1 for some
z € [0, 10]. See Fig. 1 which plots the function ®?(z) for various choices of 3. Thus, the maximum

expected loss for the add-5 estimator over p € [0, 1] behaves asymptotically as B for g >0,

where B
=1 pg=1,
C(ﬁ){>1 B+1.

Thus, for min-max loss under chi squared loss, the Laplace estimator is uniquely asymptotically
optimal among all add-{ estimators.

4. ¢, distance

We provide non-asymptotic upper and lower bounds on rﬁln. The expected ¢; distance under the

empirical estimator is
k
> \/pi(l_pi)g\/kﬂ’
Z n n
i=1

k
T; Z T;
pi ni| P pi n

k
Ellp — q,o(X™)[l = ZE
=1
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where the last inequality follows from Cauchy-Schwarz. This is a loose calculation though, and can
be improved. If Z ~ N(0, 1), then by the central limit theorem and uniform integrability, we can
see that for large n,

Y ) o Y b i )

™

VnE

1;
pi — —
n

Hence the above analysis loses a constant factor of \/g . Interestingly, the expected absolute devia-
tion of a binomial random variable from its mean has a rich history: De Moivre obtained an explicit
expression for this quantity, see Diaconis and Zabell (1991) for a historical note on this. We prove
our upper bound by providing uniform bounds on this rate of convergence for all p. These uniform
bounds we shall prove will also be non-asymptotic in nature, in that, they will hold for every value
of k and n.

Lemma 7 Foreveryk > 2andn > 1,

20k=1) ARY2 (ke — 1)/

4y
rt <
™ n3/4

kn —

Proof We use the empirical estimator to obtain this upper bound. We use the Berry-Esseen theo-
rem to give quantitative bounds on the approximation presented in (5). The details are provided in
Appendix D. |

We also prove a lower bound on the min-max loss.

Lemma8 Foreveryk > 2andn > 1,

“ 2k—1)(,  k C4kI(k— 1T k(L+kB)
Tin = S0V T <1 2(k - 1)5)

n3/4 n+kf

where the supremum is explicitly attained at

1/4
B*:max{l, n }Nmax 1,n— :
(2mn(k —1)Y4(nk —n — k)V/2 — k k3/4

Proof The lower bound on min-max loss is proved using Bayes loss for the prior Dir(5, 3,. .., 3).
Using the fact that the median and the mean of a beta distribution are close (Lemma 15 in Ap-
pendix D), we obtain the desired lower bound. The full details can be found in Appendix D. |

We note that the expected loss for the empirical estimator is highest at the uniform distribution
and smaller at all other distributions. We also observe that we can get a lower bound that matches
the upper bound (up to the first-order term) in the case when the alphabet size k is held fixed
when 5 = n%, thus placing most of the probability mass around the uniform distribution, where
the expected loss is the highest. This obtains the correct first order term for all values of &k > 2.
Previous results proving lower bounds on ¢; min-max loss such as Han et al. (2014) do not yield the
correct first order term.
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Corollary 9 For fixed k, as n increases,

o 2(k—-1) 1
Ten =\ " TO e )

For additional work on density estimation of various non-parametric classes under ¢; loss,
see Chan et al. (2013).

5. General family of f-divergences

Based on the results so far, one can ask a natural question: For a fixed alphabet size k, is there a
systematic way to understand the asymptotics of min-max loss and asymptotically optimal estima-
tors for all f-divergences as simple properties of the function f? To study this question, let us look
at the several popular f-divergences mentioned in the introduction, where the function f is smooth
and thrice continuously differentiable, i.e. all but the ¢; loss. As we have done for 2, for simplicity,
we consider the binary alphabet {1, 2}, so k& = 2, and the space of probability distributions can be
represented by a single parameter p = P(X =2),0 <p < 1.

X2 f(z) = 22— 1, X%(pllq) = % + 8:{32 — 1. As we saw in Section 3, the Laplace estimator
achieves the asymptotic min-max loss, and no other add-constant estimator does.

KL f(z) = zlogz, KL(p,q) = plog 2 + (1 — p)log {=2. As shown by Krichevsky (1998), no
add-constant estimator can achieve a natural lower bound of rg% > % +o0 (%) . But, Braess
and Sauer (2004) showed that 7"5{% = ﬁ +o0 (%) . and the asymptotically-optimal estimator
is a varying-add-$ estimator described as follows: If a symbol appears exactly  times in n
samples, it is assigned a probability that is proportional to r + 3, where (3, is a fixed sequence

given by
3

50:%, 51:1, 522532...21.

Hellinger f(z) = (1 - V@)%, H(pllg) =2 (1— g — /(1 - p)(1-0)).
We may perform a Bayes lower bound calculation similar to the lower bound of Lemma 5

presented in Appendix C on Hellinger divergence instead of the y? divergence. This yields

the following:
1

1

H . n

= EH X" > — — .
ot = min max BH (X)) > -+ o (1)
(This lower bound may also be seen as a consequence of our Thm. 10 to follow). Suppose we
try to obtain a matching upper bound using an add-$ estimator. The expected loss when the
true distribution parameter is p will be

Flp)= (?)pt(l -p)" "2 (1 - \/p- ntifﬁ - \/(1 -p)- nﬂj;f) :

10
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Figure 2: Plots of o (z) from (6) for different choices of 3. No choice of 3 yields a curve that’s
always under the straight line at 0.25.

Similar to (4) in Sec. 3, we define ®7(2) 4 Yim,, oo nEP (£) . Thus, ®°(2) captures the
behavior of n times the expected loss for the finy probability parameter p = ~. An easy
calculation gives

@5(2):B+2z—2\/§E[\/YZ—I—B} : 6)

where Y, ~ Poisson(z), and that for any fixed @ > 0, the function nkp (%) converges
uniformly to ®7(2) over z € [0,a]. We would therefore, like ®7(2) < %, Vz € [0,q] so
that our proposed estimator would match the lower bound asymptotically. But numerical
calculation shows that no choice of 5 achieves this goal (see Fig. 2). Thus, for the min-
max Hellinger divergence loss, we may have to look for either a) better lower bounds or b)
complicated estimators such as the varying-add-{ estimators which were proposed by Braess

and Sauer (2004) for the KL loss.

The above discussion helps us appreciate the difficulty of giving a coherent answer to the asymp-
totic min-max loss under an arbitrary f-divergence loss function: the erratic behavior of the ex-
pected loss at the boundaries of the simplex, a behavior that depends on the function f and the
estimator in a complex fashion. We note though that in all three examples above, it is easy to show
that the behavior of the expected loss for distributions bounded away from the boundary of the sim-
plex, say 0.1 < p < 0.9 can be shown to match the corresponding lower bounds for any ‘reasonable’
estimator, in particular any add-3 estimator for any 5 > 0. Indeed, note from Fig. 1 and Fig. 2 that

11
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for any 3 > 0, ®%(2) — 1,°(z) — i as z — oo which too is suggestive of being a counterpart

upper bound to the lower bounds r%‘Qn > % + o0 (%) and r%{n > 4 + o0 ( ) We generalize this
observation to our main result in Theorem 10.

Define for any 0 < § < ]i, the d-bounded simplex Ai as the set of probability distributions
that satisfy p; > 0 Vi = 1,2,..., k. Define the min-max loss for the d-bounded simplex under an
f-divergence loss function:

A def
Fin(0) S min max ED; (plla(X")) )
Theorem 10 Ler f be convex and thrice differentiable with f(1) = 0 and f"(1) > 0. Further,

suppose [ is sub-exponential, namely lim sup,,_, ., ‘fe &?' =0, Yc > 0. Fix any alphabet size k and
any 0 < < % Then,

E—1)f"(1 1
#L,(6) = min maxED (pla(X") = =D (n) | ®)

The first-order term in the asymptotic behavior is not affected by 0. Furthermore, any add-f3
estimator with fixed 5 > 0 achieves this asymptotic behavior.

Theorem 10 unifies the three examples of f-divergences we looked at in this section by giving
us forany 0 < § < %:

o f(x)=xlogz, 1) =1, 7%(7];(5):%'*'0(
« flr)=a2—1,  [')=2  #&,0)=Lt+o(l).
o fl@)=(01-va)?, =5 @) =4L+o(l).

Remark 11 The proof will show that Theorem 10 also holds when f is assumed to be thrice differ-
entiable in an open interval (1—6,1+0) for some 6 > 0, instead of thrice differentiable everywhere.

S|

Remark 12 The sub-exponential assumption in Theorem 10 is necessary only to ensure that add-f3
estimators are asymptotically optimal. If the sub-exponential assumption is dropped, the asymptotic
behavior in (8) still holds, but the asymptotically optimal estimators need to be modified. One such

modified estimator may be as follows: We set q; = gﬂfé fori=1,2,... konly if% > gfor all i,
and we set q; = % fori=1,2 ... k, if the stated condition is not true.

Proof The intuition behind the theorem is as follows. If the true distribution is p, then the empirical
distribution of the samples is distributed approximately normally around p within a distance of

(0] (ﬁ) . Furthermore, if p is bounded away from the boundaries of the simplex, then this empirical
distribution has a finite amount of variance. Any add-f3 estimator with a fixed 5 > 0 moves the
empirical distribution around by at most O (%) . The empirical distribution itself is moved by the
randomness to a distance that is about © (ﬁ) . This means that there is not much change in the

f-divergence due to the choice of 5 and a Taylor approximation of f(x) around = 1 captures the
behavior of the min-max loss.
The full proof is placed in Appendix E. |

12
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Appendix A. Properties of Dirichlet prior

Most of the lower bound arguments in the paper use properties of the Dirichlet prior. A standard
argument to lower bound min-max loss is

min max EL(p, ¢) > min E.E,L(p, q), )
q pel, q

where 7 is any prior distribution over probabilities in Ag. A useful prior to use that makes the right
hand side amenable to analysis is the Dirichlet prior. The Dirichlet prior is a density with positive

parameters B’“ (61, yeeyy Br) S

i —1
DII‘Bk = ﬁk sz ,

where B(3*) is a normalization factor ensuring that the probabilities integrate to 1. One of the most
useful properties of Dirichlet prior is that the posterior distribution upon observing a sequence with
types t* is

Dirge (p|T* = t*) = Dirge 1 (p).- (10)

Furthermore, for any 1,
Dlr/jk (pl) = Beta&“z] L ﬁ]( ) (11)

For X distributed as Beta(c, 3),

(12)

a+1)

(a+pB+1)" (13)

9 o
BT = (a+B)

For lower bounding min-max chi-squared loss, the following moment calculations would be useful.

Lemma 13 If p is generated from Dirr. and the type T* is generated from p, then the following
hold.

E(Ty +1) = ”;:k
_(n+k)n+k+1)
_2n+k)(n+Ek+1)

To +1 3
< —

ET1+1 _log(n+1)+2

E L <1

T +1

14
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Proof If p is generated from Diry. and the type T* is generated from p, then it can be shown that

Pr(tF) = /Dirlk(p)p(tk)dp = Diry«((t/n)k). (14)

Since Dir;« is same as uniformly sampling from the simplex, we have

B

T% = (11, Ty, ..., T;) ~ Uniform on {(t1,t,...,t5) = > t; =n,t; >0, Vi}.

i=1
Thus,

(")
(nJrkfl) )
k—1
(")
—_ )
("

P(Ty=a,Ty=0) = for0 < a,b,a+b<n,

P(Ty =a)= for 0 < a < n.

By symmetry, we have ET7 = 7, so

n+k

E(T) +1) = "

Some simple calculations of the combinatorial sums using Mathematica gives:
2n+ k) (n+k+1)
k(k+1) ’

(n+k)(n+k+1)
k(k+ 1)

E(Tl —+ 1)(T1 —+ 2) =

E(Tl —+ 1)(T2 —+ 1) =

Defining H, = > ;_, % and v = 0.5772... as the Euler-Mascheroni constant, and noting that
H, < logn—l—'y—i—%forn > 1,

nnznab+k3)b+l

T2+1

n n a+k 1)

1
_Z n+k1 a-+1

1

a:Oa—l—l

IN

1 3
= Hpt1 glog(n+1)+’y+§§10g(n+1)+§,

and since 77 > 0,

15
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Appendix B. Proofs of Lemma 1 and Lemma 2.

First, we present the proof of Lemma 1.
Proof By definition of variance, E(X?) = V(X) + (E(X))?. Hence,

E(’” - 7?;52:)2 = o BT stk - 1)
= W : (v(ﬂ) + B (kpi — 1)2) = mlﬁk)z

: (npz'(l — pi) + B (kpi — 1)2>-

The loss of the add-3 estimator for a distribution p is therefore,

(2 é T, +8\° 1 2 2,.2 ‘ 2
Bl — 0.y (X = S8 (- 2550 ) = g (- % - 2 002 ).

i=1 =1

The expected /3 loss of an add-3 estimator is therefore determined by just the sum of squares
Zle p% that ranges from 1/k to 1. For 5 < /n/k, the expected loss is maximized when the
square sum is 1/k, and for 5 > /n/k, when the square sum is 1, yielding

2 9 1 n(l—14) for
Tn(s) = max Ellp = g, (X2 = ¢ {

= @

(n+kB)2 | B2k(k—1) for

For 8 < /n/k, the expected loss decreases as 3 increases, and for 5 > \/n/k, it increases as /3
increases, hence the minimum worst-case loss is achieved for 3 = y/n/k. Furthermore, ¢ Rk has
the same expected loss for every underlying distribution p, yielding the lemma.

Now, we present the proof of Lemma 2.
Proof For any prior 7 over distributions in Ay,

L . n : n
r;. = min max [E L(p,q(X > min E L(P,qg(X")).
kn = i max B (p, a(X™)) R (P, q(X™))

For every random variable X, E(X — x)? is minimized by = E(X). Similarly, for every random
pair (X,Y), given Y, E(X — z(Y))? is minimized by z(y) = E(X|y). Hence for /3 loss, for every
prior 7 the right-hand-side above,

k

min E P—qg(X"™ 2 _ min E P —qg(X" 2’
2R, pon B p I T Il = i pw,me;( el

is minimized by the estimator ¢* that assigns to each symbol ¢ its expected probability

g («")= E (Plz").
Prm, X"~ P

As described in equations (10), (11) and (12) in Appendix A, for the Dirichlet prior with param-
eter gF = (B8,...,B), upon observing " of type th = t1,... ty, the posterior distribution of P is

16
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Dirgk 4k, hence

(x™) = Plz™) = E P|\TF = t*
g (") P~Dir6k,X"~P( 112" P~Dirﬁk,X"~P( d )
B+t B+t
P~Dir gy ik KB+ ti B+n

Namely, with Dir g prior, the expected loss is minimized by ¢ ,. If we take 8 = v/n/k, then the
expected loss is minimized by ¢, Sk and Lemma 1 showed that the resulting loss is the same,

_1
(\/1% +’“1)2, for all distributions in Ay, and the lemma follows. [ |

Appendix C. Proof of Lemma 5

2
The non-asymptotic upper bound = < Z;Jr} was shown using the Laplace estimator in Section 3.

2
As stated in Appendix A, to get lower bounds on r,’gn, we use the fact that the Bayes loss for the
uniform prior is a lower bound on the min-max loss. Let m = Diryx. For every estimator g,

k p2
maxE, | —1+ i
@ E,E 1+ zk: F (15)
jatil T — qz

ko

(b) P
=EEE[ -1+ g —
' ( -

X") (16)

© [ k ((Ti+)1()(Ti+2)
é EWE 14 n+k)(n+k+1) (17)
b ; qi
N EFE 1 n+k)(n+k+ 18
- b * Z; V@it (Ti+2) (18)
i Y V(@) (T +2)
L EEYL S VIO DT +2) (G F )T+ 2)
— 1+ (19)
(n+k)n+k+1)
“ (k:]E(T1 +1)(T1 +2) + k(k — DE(T + D(T1 + 2)(T2 + (12 + 2))
= -1+ (20)

(n+k)(n+k+1) ’

where (a) follows from Equation (9), (b) follows from Tower law of expectation, (c) follows from
Equations (10), (11), and (13), (d) follows from a simple Lagrange multiplier calculation which
shows that under the constraint {¢; > 0,7 = 1,2,...k, Zle g; = 1}, the quantity Zle % is
minimized by ¢; « /a;, (e) follows from symmetry which implies that T; fori = 1,2, ... k, have
the same distribution, and (7, 7)) fori,r = 1,2,..., k,i # r also have the same distribution.
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Now, using the Taylor approximation 1 +xz > 1+ 5 — % for x > 0,

Ev/(Ty + 1)(T1 + 2)(Tp + 1)(Ta + 2)

1 1
=E(T} + 1)(Ty + 1)4/1 1
T D)@+ D1+ 14
>E(T+1)(T+1)(1+ ! ! >(1+ ! ! >
= 2 2Ty +1) 8(Ty +1)2 2Ty +1) 8(Ty+1)2
1 1 _ T+1 1, 1 1 1
=E(Ty + 1)(Ty + 1) + E(Ty + 1) + ; — JEZ E

I AT+l 3T+l 6 (Ty +1)(Tp + 1)

1 1.T,+1 1 1
SE(T, + ) (To+ 1) +E(Ty + 1)+ - — -F - SE 21
>E(T+1)(Te+ 1) + (1+>+4 4 Ty+1 8 Ty+1° D

where the last equality used symmetry again: the distribution of 7} and 75 are the same, as are
the distributions of (7, 75) and (7%, T7).
Substituting results from Lemma 13 and Equation (21) to bound chi-squared loss,

2 1 2(n+k)(n+k+1)
Wm2_1+gﬂkmn+k+n[' k(k+1)
+k(k—1)- ((n+1;z]in++1/;;+ 2, nzk + i - i(lOg(n-i‘ 1) + g) - é)}

_ k=1 k(k—1)(log(n+1)+1)
n+k+1 4n+k)(n+k+1)

Appendix D. Proof of Lemmas 7 and 8

In this section, we provide the proofs of lemmas 7 and 8 together.

First, we present the following lemma that establishes a non-asymptotic bound on the rate of
convergence of expected absolute deviations of a binomial random variable from its mean to the
corresponding expected absolute value of a Gaussian random variable.

Lemma 14 Let T' ~ Binomial(n,p). For «, 5 > 0, we have

E T+a 2p(1—p)| _ (A -p)'*  a+p
P Ta+p ™ - n3/4 n+a+f
Proof Let X ~ Bernoulli(p). Then, EX = p,o? 3 (X1 —p)* = p(1 —p) and p e

E|Xi—p|>=p(1—p)(1—2p+2p?). LetY = Z—ffg’ and let Z ~ N(0,1).
By the Berry-Esseen theorem, we have

2
[Pr(]Y] <)~ Pr(|Z] < 1) < ="

o3

S
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Since EY? = EZ? = 1, we have for any R > 0,

Y |2 EY? 1
EYyipr SE=p-lypr< —= = 3

and similarly E[Z|1|z > < +. Thus,
[E[Y| - E[Z]|

/Oo Pr(|Y| > t) — Pr(|Z] > t)dt‘
0

o0

R
< [CIPeY) = 0) < Pa(iz) = lde + [ T Pr(v] = 0+ Pa(|2] = s
0 R

2p
\f

()

We optimize the upper bound by choosing R =

<= =R+EY[lysr +E|Z]lz5r

Vn Thus, we get

p

ElY|-E|Z]| £4 .
Y| -EZ) < 4/ 5

Multiplying both sides by %, we get

T o p O
I RO
Ap' /(1 —p)A(1 = 2p + 2p*)1/2
3/
4p'/4(1 — p)t/t
= 374

Using E|Z| = \/j completes the proof for the case « = 8 = 0. To complete the proof for general
a, 8 > 0, note that

T+« T T T+«
e | B O S s
B T T8+ (T —n)a
P n(n+ o+ f)
<lp_L|y o8
n| nt+a+p
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Using Lemma 14 with «, 8 = 0, we have

k

Y E

i=1

k 1/4
< Z 2p;(1 — ps) n 4291-/ (1 —py)t/4
T = ™ n3/4
P

T;
pi — —
n

2(k — 1) N 4kM2 (k —1)1/4

<
- ™ n3/4

where the last inequality follows by observing that the uniform distribution maximizes both terms.
This shows that the empirical estimator achieves the performance leading to the desired upper bound
on rﬁln. This completes the proof of Lemma 7.

To get the lower bound, we bound the min-max loss by the Bayes loss. Choose a Bayesian prior
on P as Dir(p, 8, ..., ) where 8 > 1 may be chosen later depending on n, k, so 8 = B(n, k) > 1.
Then, the conditional law P|(T}, T3, ..., T}) works out to:

Pl(Ty =t1,...,Tp = tg) ~ Dir(t1 + B, t2 + B, ..., tx + B).

Note that this means P;|(T} = ty,...,T; = t;) ~ Beta(t; + 5,n — t; + (k — 1)3). We will use
the following two lemmas:

Lemma 15 Groeneveld and Meeden (1977) For o, B > 1, the median of the Beta(a, 3) distribu-
tion is sandwiched between the mean aLJrB and the mode —2=1 so that the distance between the

a+p—2
S |B—a]
mean and median is at most @TB) (atF=2)"

Lemma 16 Kershaw (1983) Fory > 2,0 <r <1,

The Bayes loss can then be lower bounded in the following way:
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k
mqinEZ 1P —qi(Th, T, ..., T)|
=1
k
> Z minE|P; — ¢;(T1, 1o, ..., T)| (where ¢; now need not add up to 1)
q

i=1

k
:quln]E[EH]D’L - qi(Tl7T25 CIEaR 7Tk)||T17T2)° .. aTk]]
i=1

k
Y'S™ min E[E[| P, — Median(Beta(8 + T, (k — 1)8 +n — T))|| T4, T, ..., Ty]]
q
i=1

— zk:JE [|P; — Median(Beta(3 + T, (k — 1)8 +n — T;))|]
i=1
O [glp T8 | (k=2)8+n H
= ‘' n+kB (n+kB)(n+ kB —2)
(gg :\/zEpil/Q(l B 13@')1/2 _ ﬁEP;M(l _ Pi)1/4 _ n_lf_ﬁkg B " +(:5_)(i)f_—]:5n— 2)]
- :1 :\/ZEP;ﬂﬂ — R - ﬁEP;M(l — Byt n —]T—Bkﬁ n —|—1k5 ,

where (a) follows because the optimal ¢; is the median of the posterior distribution P; ~ Beta(8 +
T;, (k —1)8 +n — T;), (b) follows from Lemma 15, and (c) follows from Lemma 14.
Now, using the fact that P; ~ Beta(g, (k — 1)), we have for r = %, %,
L(k8)  T(B+mT((k—1)8+7)
(BT ((k—1)8) L(kp + 2r) ’

EF{(1- P =

and using Lemma 16, we obtain
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2(k—1) <1_1>2<1_ 1 )2 Ak (k — 1)1 1
= > 2k — 1 3/ I
™™ B (k=1)8 n (1—ﬁ)
(1+kpB)
n+ kS

Ll
ol

2(k — 1) 1\? 1 \® 4k3(k—1)7 1
- m(l‘%f) <1_2(k—1)6> I ETRY

k(1 +kB)
n+ kg

R () () - it

—M (usingyv1l—x>1—-2,0<z<1)
n+ kG

20k—1) (. k L AkE(k— DT k(1+KB)
™ <1 2(k—1)ﬁ) '

n3/4 n+ kS
This proves the desired lower bound for any chosen 8 > 1. Since § > 1 is arbitrary, this
completes the proof of the lower bound in Lemma 8.

Appendix E. Proof of Theorem 10

In the two subsections that follow, we prove an asymptotic upper bound and the matching asymptotic
lower bound respectively on f,{ L (0).

E.1. Asymptotic upper bound on f-divergence loss

Fix any 8 > 0 and consider any add-3 estimator: ¢; = gﬂ%, i = 1,2,..., k. The expected
f-divergence loss multiplied by n is then:

Tit§ , (piln+ ) 1 g pi(n + kB)
EZ n+ kB3 ( T: + >:1+’“/BZE(E+6)JC< T, + B >

n =1

Let us fix any € > 0 satisfying € < g. By Hoeffding’s inequality, we have
P(|T; — np;i| > en) < 2¢ 2"

We evaluate the quantity E(7; + 3) f (Lfgﬂ)) by breaking the space into two regions {|7; —

np;| < en} and {|T; — np;| > en}. Over the latter, the absolute value of the contribution of the
expectation is upper bounded as
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Di n“‘kﬁ
‘ T +B f > 1\Ti—npi|>en

<(n + B) max

)

)

B
<(n+p) max{ I (n—i—kﬁ) f ((n+kﬁ)) }-26262",
g

(755
F (2 ED[ [ (2 £ EDY) yyne
n+f
(as f is convex, the maximum is attained at 7; = 0 or T; = n)
g n+p
k

<(n+ /a’)max{ f (“ 5) , |f(5)} 2726,
which vanishes, using the sub-exponential property of f. Note that the upper bound has no
dependence on p and converges uniformly to zero over all p satisfying p; > 4, Vi.

. [ . def
Now, to estimate the contribution of the expectation over {|T; — np;| < en}, define g(z) =

f <1+z) so that

1 0 "
o) = g(0) + g0z + L D2 L ITW 5 o some g, y] < Jal,

2 6
/!
M
=9(0) +¢'(0)z + 92(0)332 + éx)fg, where M (z) := sup |¢"(v)],

y:ly| <]

where the notation a = b + ¢ will mean that a is sandwiched between b — ¢ and b + ¢, i.e.
b—c<a<b+e

We observe

o0 =1 (115 o(0) = (1) =0,
/@) = e (1) 70 = ().
'@ = fx)gf’ (1 ! ) ol <1jx) L) =21 () + ),
g"@) = - <1+x>4f () oo (753)

" 1
(1+x)6f <1+x> '
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i k
E(T; + B) f (W) 1|T¢*npi\§€n

(T; — np;) + B(1 — kpi))
- TZ i —NPi|SEN
it ( pi(n +kpB) |T;—npi|<
(Ti —npi) + B(1 — kpi) | ¢"(0) ((Ti —np;) + B(1 kpi)>2
(Ti + ) |9'(0) pi(n +kp) 2 i BB)
iM(1516) (T; — np;) + B(1 — kp;) 3 '
6 pi(n + k‘ﬁ) |T;—npi|<en
(since for all n > %, we have ’ (Tiﬁfiﬁi(/slfk“) < L€ over {|T; — npy| < en}-)

Now, we bound individual terms by using the following standard moments of the binomial
distribution:

ET; —np;i =0,  E(T; —np)®> =npi(1 —pi),  E(T; — np)® = npi(1 — p;) (1 — 2p;).
The first term evaluates to:

(T — npi) + B(1 — kp:)
pi(n+ k,B) |T;—np;|<en
(Ti — npi) + B(1 — kpi)

= E ((,TZ - npi) + (npi + 5)) pi(n ¥ kﬂ) (1 - 1|T¢*np¢\>6n)
Ti — npi)® + (npi + B(2 = kpi)) (T; — npi) + (npi + B)B( — kpi) (1-1 )

pi(n + kpB) ITimnpif>en
np;(1 —pi) + 0+ (np; + B)B(1 — kp;)

pi(n+ kp)
n?+(n+BR2+k)n+ (n+B)B(1+Ek) 9e-2¢n
o(n+ kB)

E(T; + 8)

_ gl

+

The second term evaluates to:

(T; —npi) + B(1 - k}pi)>2
pi(n +kp) | T;—npi|<en
pzz (n + kﬁ)Z |T; —npi|<en

E(Tﬁﬂ)(

= E((T; — np;) + (npi + B))

— El p?(lfizpé;m [(T; — npi)® + (npi + B(3 — 2kp;)) (T; — npi)?
+ (28(1 = kp) (npi + B) + B*(1 — kp:)?) (Ti — npi) + (np; + B)B*(1 — kp;)?]
npi(1 —pi)(1 = 2p;) + (npi + B(3 — 2kp;)) npi(1 — pi) + 0+ (np; + 8)B*(1 — kpi)?
pZ(n+kp)?
n’+ (n+ B3+ 2k))n* + 28(L+ k)(n +5) + B2 (L+ K)")n+ (n+ BB+ K)* ) ey,
82(n + kp)?

+
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The third term may be bounded as:

(T; — npi) + B(1 — kpi) |
E(,—Tz + /8) ‘ - pizn + k,@) : | T —np;|<en
< mipEli= npl® + 3|Ti — np|*B(1 — kpi) + 38(1 — kpi)*|T; — npi| + B°[1 — kpi?
- pi(n+kp)> '
i
By the central limit theorem and uniform integrability, we have E 'T’_g’“) — E|Z|* for
npi(1-p;

i =1,2,3, where Z ~ N(0,1). Thus, the third term vanishes in n at a rate that can be bounded
(using Berry-Eseen theorem) in terms of only k, €, §, 5 without dependence on p;, only using that
pi>0i=1,2,... k.

Thus, the limit as n — oo, of n times the expected f-divergence loss for the add-3 estimator is:

. “ T+ 8, (pin+kB)
nlir%o”Eizlmkﬁf( )

e g"(0)

AR (OES {U
(k= 1)s"(1)

2 )

(k—1)

independent of p and 5 > 0. This proves f’,{n(é) < % +o(1).

E.2. Asymptotic lower bound on f-divergence loss

In the previous subsection, we provided an upper bound on the expected loss for a large class of
f-divergences. We now prove a matching lower bound for this class. Note that we don’t need the
sub-exponential assumption for the lower bound.

The proof consists of two parts. We first strengthen the known lower-bound proof for min-max
loss under /3 loss by showing that essentially the same asymptotic lower bound holds even if we
restrict the distributions to a very small subset of the k-simplex Aj. We then use this result to prove
a tight lower bound for more general f-divergences.

The common technique for lower-bounding expected loss assumes a prior on the collection of
distributions, and lower-bounds the expected loss over this prior. /2 loss has the convenient property
that for any prior IT over the possible distributions, the estimator minimizing the expected £3 loss is
exactly the mean of the posterior distribution given the observations.

The Dirichlet prior is particularly convenient as the posterior distribution is also of Dirichlet
form, and the optimal estimator is an add-constant estimator. For our purpose, the simplest form of
the Dirichlet prior, the uniform distribution, will suffice. Since our distributions are restricted to a
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subset of the simplex, we truncate the uniform distribution to a ball, and approximate the posterior
by the add-constant estimator by showing that posterior distribution for full Dirichlet prior does not
assign much probability outside the truncation with high probability. Following this, we use the
add-constant estimator to lower bound the expected £3 loss between the optimal estimator and a set

_1
of distributions in the ball by 1Tk — 0(%). Then we show that this set of distributions has near full

probability under the truncated prior. And therefore the lower bound of 1; i 0( ) also holds for
the entire ball.

Finally, we relate the loss under general f-divergence with £3 loss by taking a Taylor series
expansion. And then we use the lower bound for £3 loss to obtain a lower bound for the general
f-divergence.

We explain these steps in much broader detail below.

We restrict P to just distributions close to (&4 T ,%) For € > 0, consider the L, ball of
radius € around (1/k,...,1/k),

B (pe Ay |lp - <1/k,...,1/k>uoo<e}:{peak:pz—
B ()

Qdef ’f<nl/ log ),
3def <1/ log )’

4 def
B! Bk<n1 /5>

Denote the min-max f-divergence loss for distributions in B,i by

1
k‘ < eforalli}.

We will use the following nested balls,

1 def

of o def n
T = min max [ D X
by ™ minmas B Dy(plla(X")

E.2.1. LOWER BOUND FOR THE /3-LOSS

First, we state the general result of how to calculate optimal estimator that minimizes expected /3
loss under a prior. Let P be a collection of distributions over a set X’ and let II be a prior over P.
Given an observation =" the posterior distribution over P is

gy def I(p) - p(z")
(p[z™) T

wep () - p/(z™)dp'

II(p|z™) in turn determines a posterior distribution over X',
A def
pi(a") = / I(p|z™) - pidp -
peEP
The following is well-known.
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Lemma 17 Let P be a collection of distributions over k] and let 11 be a prior over P, then for
every observed x", EfiE xn 03 (p, q(X™)) is minimized by p(z™).

2
Bl
number of times symbol 1 appears in 2. After observing z”, the posterior distribution of p is

ko ti(z")
n%mwom{nﬁﬂ%x’ pE B,

0, otherwise,

To lower bound 7 , we use a uniform prior IT' over distributions in B,i. Let ¢;(x™) be the

and the posterior distribution over X is
~1 def 1
P [ ) pid.
pEB}

An explicit expression for p! is hard to find, so instead, we show that p' is very close to optimal
estimator p for uniform prior over full simplex Ay. Then we use p to bound the expected ¢3 loss.
Consider the uniform prior II over Ay. Then the posterior is the Dirichlet distribution,

k tz( ")
I(plz") =T(n+k) - HP () 1) (22)
i=1

Therefore the estimator minimizing the expected ¢2 loss under the prior IT is

k t (x )
pi(z") = / (n+k) —t ———pidp
pEAL ,H F(tl )

L(n+ k)D(t (™) + 2)
L(n+k+ DD (t(z") + 1)
. tz(x”) +1
 on+k

= ti(in) + O(i).

Qde

Let
{n p:peE Bk}

then 2" € nB} iff its type (tl(sn), e ,t’“(sn)> € B?. We show that for 2" € nB2, the posterior

for prior IT! is not much higher than the posterior for II.

Lemma 18 For all sufficiently large n, for every " € nB2,

1
(BHz")=1—of = ).
(Blla") =10 ;)
Proof

To bound the probability outside B}, observe that since 2" € nB,%
Vi,

ti(z") _ ti(=") gn
- n+k—2 S n
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k 1 ti(z™) logn
H<pi—>m")<1_[<pi—l > "
n| = nl/b - n vn
ti(z™) 2logn
<II P — "
- <pz n+k—2 Vn .
t;(z™) _2logn 1

n+k—2 Vn
—/ H(pz'!w")dpﬁ/t.(,n) o (pila")dp.
0 ilr7) 4 2logn

n+k—2 Vn

From integrating (22),

(n +k— 1)' tl(wn)(l _ pi)n—ti(z‘")-l—k—?'

T(p:|2") = ti(z™)(n — ti(z™) + k — 2)!pi

Now, observe that

" t " n—t+k—2 \
pf(l _ pi)n—t+k—2 (v 1> 6—(n+k—2)DKL(m||pi)
n+k—2 n+k—2

t n—t+k—2
< 4 1— ; 6—2(”+k—2)(ﬁ—m)2
“\n+k—-2 n+k—2

t —t+k—2
_ t - t " o~ 2(i=—pi)”
“\n+k-—-2 n+k—2

where the first inequality follows from Pinsker’s inequality. Therefore, using Stirling’s approxima-
tion and bounding Gaussian tail probability,

i ! n—t+k—2 roo
TRV n—t t t / —2nx?
1 — )ty < [ — ) (1 — ;
/0 pi(1—pi) pl—<n+k‘—2> ( P R o © .
un
thn —t+k—2)! n’ 6*810g2n
(n+k—2) 4logny/n
tn—t+k—2) 1
(n+k—11 nt
Hence,
ty(x") _2logn .
n+k—2 vn
(ps|2")dp; < —.
0 n
Similarly,
1 1
T . -
4G | 2logn H(pila")dp; < —7.
n+k—2 vn
Therefore Vi,
k . 9
H(pi_n'>nl/5 x>§n4

Using the union bound,
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Lemma 19 For all sufficiently large n, for every " € nB2, for all p € B},

tple") =10l (140( ) )

Proof Since for p € B}, II(p|z™) and IT! (p|2™) have same expressions except for the normalizing
constant, from Lemma 18 it follows that for p € B},

Mple") =10l - (140( ) )

|
Next we show that p(z|2") and p' (z|2™) are close for 2" € nB}.
Lemma 20 For all sufficiently large n, for ™ € nB2,
Al ~ n 1
) =) 4o 1),
Proof From Lemmas 18 and 19,
pi (@) = pi(a™) = / (I (pla™) — TL(p|™))pidp — / (plz" )pidp
PEA PEAL
1 n 1 1
= T (plz"™)o{ — | pidp + o —
1 1
_plon - -
—itmo( 1) +o(3)
(3)
=ol— ).
n
|

We now lower bound the expected E% loss between p'(X™) and p for any p € B 2

Lemma 21 Forp € B},

2/ A1 1*% 1
Exnls(p,p) > ol )

Proof First we show that 2™ generated according to any p € Bi’ will belong to nB,% with high
probability. Using Union and Chernoff bounds, for p € B3,

p(nBi) >1—k-p(Jti(z") — npi| > 2logny/n)
>1-— 2ke—4log2n
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Next using the above result and Lemma 20, we lower bound the expected ¢2 loss between p' and
p € B}.

((pi = p1)*| X™ € nBR)p(nBy)

pn ()

.

s
I
—

k
E(Z(Pi - ﬁg)2> >

i=1

I
'Pﬁﬁw

-
I
A

X" e nB,%)p(nBi)

I
.ﬁw

I
=
iNngle
~ N -~ N -~ N -~

.
Il
—

WY,
&=
i~
7 N
IS
|
Sl
N————

no
|
Q
7N
SHES
N——

|
]~
IS
—~

—t

|

=

|

e
7 N\

| —
~_

.
Il
—

|
=N
| =
+
QS
N
S|
"
N4
N
—_
—~
[a—y
|
=
N
|
QS
VR
| =
N~~~

|

3| |
=
|

QS
7 N\
S|+
N—

Now, we show that IT' assigns most of the probability to B,Z’.

Lemma 22
IMY(B}) > 1 —o(1).

Proof We relate IT'(p;) to the volume of a set. Then using a property of these kind of sets, we
show that IT!(p;) decreases with increasing ‘ Di — %‘ Thereby, we show that IT! (p;) is concentrated
around % Then using the union bound, we lower bound IT' (B3). First, we define the set and prove
a property of volume of these sets. Let

k
SE8) € {(l, ... ) Vil — o] < eand Y 1; = 8},

i=1
Vi3 (9) X Volume of SE.
Because of symmetry, V*(ka — v) = V%(ka + ) for any v. We then show that V,%(§) increases

in the range [0, ka] and decreases in the range [ka,00). It is easy to see that the claim is true for
k = 1. We now prove that the claim is true for £ assuming that the claim is true for £k — 1. For
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(51 <(52 < ak,

Vi(61) — Vi (62) / Vk 101 —1) =V (62 — ll))dll

51+52 a+e— 2k‘ 1)

(Vka_l(Q(k — 1)(1 — ((51 — ll)) — Vka_1(52 — ll))dll
a+e€

+

(Vka_l((sl - ll) - Vka_1(52 - ll))dll
1+52 a+e— 2 k— 1)

01+02—ate— 2k 1)
| (V1 20k = Da — (61 — 1)) — V402 — 1))

d2—a+e do—a+te
a a
Vk—1<33)d95—/ Vit (z)dx
2(k—1)a+a—e—61 2(k—1)a+a—e—01

=0.

=

(0)

IN

where (b) step follows since forl; € [0;+ds—a+e—2(k—1)a,a+€],01—11 < da—11 < (k—1)a.
Therefore for any &, a and |ka — 61| > |ka — da,

Vi (61) < Vi'(62)-
Now we relate IT' (p;) to volume of a set.

1
pi—% <

1

1 1/k N
I (ps) o< V.2 (1 = py) if 5

Therefore I1!(p;) decreases with increasing |p; — %] Therefore IT! assigns a higher probability to
B3.

' (B}) > 1 — k1T (p

1‘ > 1 _5logn>

A v A
5k logn

>1- n3/10

=1-o0(1).

The following theorem follows.

Theorem 23
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Proof Using Lemmas 21,22,

2
22

"2, > EmEx63(p, p')

> Emn (Exn63(p,p")|p € B! (p € B})

> Em (1;’16 —0(711) peB,§>> (1—o0(1))

1-1 1
()
n n

E.2.2. LOWER BOUND FOR GENERAL f-DIVERGENCE

As previously, we consider that p is from family of distributions B ,i We first show that any optimal
estimator ¢(X™) will assign a distribution from B,‘i because of convexity of f. Then we relate the
loss under general f-divergence to £ loss and lower bound loss under general f-divergence using
the result we proved in previous subsection.

We first prove that the distance between p and ¢ decreases as we move ¢ closer to p.

Lemma 24 For pi > q1,p2 < q2 and d < min(py — q1,q2 — p2),

b1 b2 b1 D2
Q1f<ql> +Q2f(q2) > (q1 + al)f<q1 +d> + (g2 — d)f(q2 = d)'

9(y) = (1 + y)f(qlpjr y) + (2 - y)f<q2pi y>

Then we show that ¢’(y) < 0V 0 < y < d from which the result follows.

/ _ p1 Dk / b1 _ b2 P2 / b2
g(y)f<q1+y> Q1+yf<Q1+y> (f<CJ2—y> Q2—yf<612—y>>'

Now let h(z) = f(z) — xf'(x). We can see that h(z) is a decreasing function since h/(z) =

(@) < 0.

Since qlp—l >1> qu—fy,g’(y) <0 V0 <y <d.Hence for some z € [0, d],

+y
9(d) - 9(0) = ¢'(z)d < 0.

Proof Let

Now, using above lemma we show that optimal q is always from B,‘é.
Lemma 25 The optimal q(X™) that minimizes max,c g1 Bxn Dy (pllg(X™)) will always be from
B

argming xn) max Ex»D;(p|l¢(X™)) € By

pEB}
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Proof We first prove that an optimal estimator ¢ exists such that for any z", either ¢;(z") >
T- 1—/5Vzorqz( M <+ n}ﬁw.

Suppose for some z", ¢;(z") > § + n11/5 and ¢;(2") < } —
for any p € Bi, we decrease D (p||q(z™)) by pushing ¢;(z") and q]( ") closer to the boundaries
of interval [l . %] Let d = min (qi( ny (% n ng/s), Lo L g )). Then
consider ¢’(X™) which is same as ¢(X™) for all X™ # z™. And for 2", ¢, (z") = q(2") Vk # 1, j

and gj(2") = ¢i(z") — d, ¢j(2") = g;(2") + d.
Using Lemma 24, we can show that for any p € B ,};,

it () + 1 (q;fiw) <01 () o (55)

And therefore,

. Then we will show that

Dy (plld'(z")) < Dy(pllg(z")).

And similarly, we can do same process until there exists any [, m such that g;(z") > % + -
and g, (x ”) < % - nll/s. And hence in the end, for any 2", either ¢;(z") > 1 — —
qi( ) < T 1/5 Vi.

If for 2", ¢;(z™) > § — n11/5 Vi, then g;(2") < % + — b Vi. Similarly the other way. Therefore,

for all 2™, q(z") € B}. [

ni/s

We now express D(p||q) in terms of ¢%(p, q) for any p,q € B,‘i.

Lemma 26 For any p,q € B},

Dy(plla) = (5(1) + o(1)) 5 3(p. ).

Proof

We take a taylor series expansion of D¢(p||q). For some «; € [”1/5_1 ”1/5+1]

/5410 ni/5-1 |

k .
Dy(pllg) = Zqiﬂ%)
i=1 ¢

_ z: <qi (z - 1) -+ (“q‘iq"ff”(l) +5 (TYf”’(m))

k

. q:)2 _a.)3
_ Z((pZQQQZ) f//(1)+(pz 2(1%) f///(ai))‘

i=1 : Oq;
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Let M = Hlaxme[n1/5,1 n1/5+1} 1" (x). Then,

nl/5417n1/51

< Z ‘pz o qz Q’L) f/”(ai)

2 2 (pi — %)2
< Z nl/5 Mk 2q;

2Mk2 —qZ
T opl/s Z

k
‘Df (pllg) — Z

=1

Therefore, for any f-divergence,

(]~
—
i
T

|
S
S
N

Dy(pllq) = (f"(1) + o(1))

@
I
—

I
—~
<
/—:
—_
N—
_l_
Q
~—~
=
S—
SN—
oyl
]

X Y
S|F
=)

-~
N—

s
Il
i

(i — @)*(1 + o(1))

-

RS
Ti
()

3(p, q).

1
—
i
/—:
—
N—
+

Q

(1))
n

Now, we lower-bound fébn using the relationship between Dy (p||q) and ¢3(p, ¢) and the fact
that for optimal ¢, ¢(X™) € B}.

Theorem 27 .
gL WE-D (1
Bl"_ 2n nj)

Proof From Lemma 26 and Theorem 23,

f _ n
= mln max IED X

~ min maxE<f”<1> +o(1) 2 3(p, q(x™)
q(z™) peB} 2
k e

= ("(1) + o(1) 574,

> W—o(i)
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1

Since, for any 0 < § < 1,0 < 3 — = for sufficiently high n,
1/
L f L f () —1) 1
rk,n(é) Z TB;;” Z om — 0 E .

35



	Introduction
	Definitions and previous results
	Relation to cumulative loss
	Add-constant estimators
	Results

	22 distance
	2 divergence
	1 distance
	General family of f-divergences
	Properties of Dirichlet prior
	Proofs of Lemma 1 and Lemma 2.
	Proof of Lemma 5
	Proof of Lemmas 7 and 8
	Proof of Theorem 10
	Asymptotic upper bound on f-divergence loss
	Asymptotic lower bound on f-divergence loss
	Lower bound for the 22-loss
	Lower Bound for General f-divergence



