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1 Preliminaries

Throughout the paper, we use standard asymptotic notation. For positive sequences {a,} and
{bn}, denote a, = O(b,) or a, < b, if 1/c < a, /b, < ¢ for some universal constant ¢ > 0. Let 14
denote the indicator random variable of an event A. Let Bin(n, p) denote the binomial distribution
with n trials and success probability p and let poi(A) denote the Poisson distribution with mean A.
All logarithms are with respect to the natural base unless otherwise specified.

1.1 The Poisson model

Let p be a probability distribution over a discrete set X, namely p, > 0 for all x € X and
> zex Pz = 1. Recall that for the Poisson model, the sample sizes are Poisson distributed: N ~
poi(n), M ~ poi(m), and t = ™. We abbreviate the number of unseen symbols by

U2 UXN XN,

and denote an estimator by U® £ UP(XN ).
Let N, and N/ denote the multiplicity of a symbol z in the current and future samples, respec-
tively. Let A\, = np,. Then a symbol z appears N, ~ poi(\.) times, and for any i > 0,

Ai
E[ﬂNm:i} = 6_)\95%::.
1!
Hence
NPV
BIO] =B\ ) Ly =2 o

T

A helpful property of Poisson sampling is that the multiplicities of different symbols are independent
of each other. Therefore, for any function f(x,1),

Var <Z f(x, NJC)) = Var(f(z,N,)).

Many of our derivations rely on these three equations. For example,
E[U] =Y E[ln,—o] - E[ln;s0] = > e (1—e ™),
z x

and

Var(U) = Var <Z In,=o0- 1N;>0) = ZVar (Lv.=0 - Livz>0)

<> E[ln,—o- In;so] =E[U].

Note that these equations imply that the standard deviation of U is at most \/E[U] < E[U], hence
U highly concentrates around its expectation, and estimating U and E[U] are essentially the same.



1.2 Properties of the Good-Toulmin estimator

Before proceeding with general estimators, we prove a few properties of U®". Under the Poisson
model, UST is in fact the unique unbiased estimator for U.!

Lemma 3 ((8)). For any distribution,
E[U] = E[U"].
Proof.

EU] =E [Z In,=o0- 1N;>o] => et (1 - e*t’\z>

xT

= (A N, g P
— Y ey . ) :—;(—t) e

=1 T

==Y (-t)"-E[&;] = E[U®"]. N
i=1

Even though U®" is unbiased for all ¢, for ¢ > 1 it has high variance and hence does not estimate
U well even for the simplest distributions.

Lemma 4. For anyt > 1,
lim &,(U°T) = oc.

n—oo

Proof. Let p be the uniform distribution over two symbols a and b, namely, p, = pp = 1/2. First
consider even n. Since (UST — U)? is always nonnegative,

n/2)" ’ "
E[(UT — U)?] > P(N, = Ny = n/2)(2(~)"?)? = <€n/2((ﬁ)2)!2> 2

where we used the fact that k! < (%)k\/ﬁe Hence for any ¢ > 1,
. E[(UST - U)] , 4¢"
lm ————————= > lim ——s =
n—oo (nt)? n—o0 e2n(nt)?

The case of odd n can be shown similarly by considering the event N, = [n/2], N, = [n/2]. O

2 Proofs for the Poisson model

In this section, we provide a performance guarantee for SGT estimators under the Poisson sampling
model. We first prove Lemma 1 and then show that the truncated GT estimators incur a high bias.
We then introduce the class of smoothed GT estimators obtained by averaging several truncated
GT estimators and bound their mean squared error in Theorem 3 for an arbitrary smoothing
distribution. We then apply this result to obtain NMSE bounds for Poisson and Binomial smoothing
in Corollaries 1 and 2 respectively, which imply the main result Theorem 1 for the Poisson model.

ITo establish the uniqueness, suppose U : N¥ — R is an unbiased estimator for U. Then E[U(Nl, Ny =
. e~ A \iw — — — i /\; i e Mz .
2ienx U) [Loen W= 2. € Ye(l-eme) = 2. A ZiZl —(=0)" 5 =2 e 22, O [Lex T - Since

this holds for any A, > 0, we have U (i) = >, — ()%, that is, U is the GT estimator.




2.1 Bounds for general linear estimators

We provide the proof of Lemma 1 in the main article.

Proof of Lemma 1. Note that

o0
—U=Z¢ihi_ZﬂNz=0'ﬂNi>o
_ZZRNI—Z hi —Z]INI =0 1Ing>o0

i=1 x
x =1

For every symbol «z,

E i]l hi — 1 1 —ie_)‘”)\—é-h-—e_A“-(1—e_t)‘””)
Ny=1t 7 N,=0 NZ>0 —‘ il 7

i=1
ALh;
=z ' o —tAe
=e (E i (1—e ))

i=1

— N (h()\m) (1- e_t’\”)> :

from which the bias result follows. For the variance, observe that for every symbol z,

2
oo oo

ar (Z In,=ihi —1n,=0- ILN7’0>O> <E (Z In,=ihi —1n,=0" ILN;E>0>
i=1 i=1

Z Ly, =ih

= ZE[ﬂszi] -h? + E[1n,—o] - E[1n; 0],
i—1

2| +E[Ln,—o] - E[1n750]

where (a) follows as for every i # j, E[1n,—;1n,—;] = 0. Since the variance of a sum of independent
random variables is the sum of their variances,

Var(U ) < ZZE Iy, —i]h? + ZE 1n,=0] - E[1 0]

r =1

Z |- hZ +E[U]

[ 4] suph2+E[U] n



2.2 Negative result for truncated Good-Toulmin estimator

We provide the proof of Lemma 2 in the main article.

Proof of Lemma 2. To rigorously prove an impossibility result for the truncated GT estimator,
we demonstrate a particular distribution under which the bias is large. Consider the uniform
distribution over n/(¢ + 1) symbols, where ¢ is a non-zero even integer. By Lemma 1, for this
distribution the bias is

B - U] = 3D (1= e = b))

¢
_ f + 1
) (et 1)t
z ¢ (1 + Z >

=

> *(€+1) ( t)l>

(;) o (E1) <( e (L+ 1)t >

—l+1 (L — )

o (4 Bt t—1)

— 4+ 1) 6! t

- n #@—U> n  tf(t—1)

S3(0+1)32  t T 3.82pR ¢
where (a) follows from the fact that M fori=1,...,¢is an alternating series with increasing
magnitude of terms. Hence

n (t-1) .t

E[U - U‘] >

3232 & iefran B3

.. . 1 —1)3/2
For ¢ > 2, the above minimum occurs at £ = 2 and hence mingcfo 4y é:’fﬁ > D77 For 1 <

t < 2, using the fact that eV > ey for y > 0 and logt > (t — 1)log2 for 1 < t < 2, we have

minge(oy4,. ) eﬁ% > (%)3/2 > (%)3/2. Thus for any even value of ¢ > 0,

t — 1)5/2

U - vt > =D

[ Iz 6.05¢t

A similar argument holds for odd values of ¢ and ¢ = 0, showing that |E[U — U*]| > M and
hence the desired NMSE bound. O

2.3 Bounds on SGT estimators: arbitrary smoothing

Here we prove Theorem 3 in the main article on the NMSE of SGT estimator for an arbitrary
smoothing distribution. The proof consists of bounds on bias (Lemma 7) and variance (Lemma 5).

Lemma 5. For a random variable L over Zy and t > 1,

Var(U" — U) < E[®,] - E*[t"] + E[U].



Proof. By Lemma 1, to bound the variance it suffices to bound the highest coefficient in A".

hy| <EP(L>d) =t P(L=j)<> P(L=j) <E[t"]. [7]
j=i j=i
The above bound together with Lemma 1 yields the result. O

To bound the bias, we need few definitions. For any random variable L over Z., let
[e.e] .
P(L >1) 4
o) £~ EEZD 5
i=1 ’

Under this definition, h*(y) = g(yt). The following auxiliary lemma bounds the bias.

Lemma 6. For any random variable L over Z.,

o)~ (1= == | "E [“Lﬂ o5 ds.

Proof. Subtracting [8] from the Taylor series expansion of 1 —e™¥ |
[e.9]

o) —(1—emy = Y Dy

7!

By the incomplete Gamma function,

Thus by Fubini’s theorem,

eV [TV .
9<y>—<1—6y>=§j;/0 e TdrP (L = j)




To bound the bias, we need one more definition. For a random variable L over Z, let

E [(_S)L] ‘ e/,

fL(t) e max T

0<s<o0

Lemma 7. For a random variable L over Z,
[E[U" —U]| < (E[®4] +E[U]) - £(2).

Proof. By Lemma 6,

lg(y) —(1—e¥)[<e™?

N
<
&=
=
-

< max
s<y

E '(—S)L]

g [

= max
s<y

For a symbol =z,

Hence,

e (hL(/\ )—(1—e_>“”t)>| <(1—e ™' max e¥ max |E (o)
r - 0<y<oo 0<s<yt L!

S

The lemma follows by summing over all the symbols and substituting >, 1 — e Mot < >l -
e () = E[@, ] 4 E[U]. O

< (=) max
<s<oo

The effectiveness of SGT estimators can also be demonstrated in terms of their approximation
performance. As shown in Figure 5(a), the Poisson and Binomial smoothing have significantly
smaller approximation error compared to the Taylor series approximation, leading to reduced bias.
The coefficients of the resulting estimator is plotted in Figure 5(b). It is easy to see that the
maximum magnitude of the coefficients is also lower for the smoothed estimators, resulting in
smaller variance. In the following sections, we particularize the main theorem for Poisson and
binomial smoothings.

2.4 Poisson smoothing

Corollary 1. Fort > 1, L ~ poi(r) with r = % log (n(t+1)2>7

where 0 < ¢; < 3 and lim;_, o ¢; = 1.
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Figure 5: Comparisons of approximations of h"(-) with E[L] =2 and t = 2. (a) e ¥(1—e ¥ —h"(y))
as a function of y. (b) Coeflicients A as a function of index 1.

Proof. For L ~ poi(r),

gt =y N = e, 9]
=0

Furthermore,

—s)b e (—sr)! .
5| G| = S T = ey,

where Jj is the Bessel function of first order which takes values in [—1, 1] cf. (1, 9.1.60). Therefore

J=0

u(t) <e ™. [10]
Equations [9] and [10] together with Theorem 3 yields
E[(U* —U)Y] <E[@,] - ¥ ("D L E[U] + (E[®,] + E[U])%-e 2.
Since E[@4] < n and E[U] < nt,
E[(U" — U)?] < ne? Y £ nt + (n + nt)?2e™.
n(t+1)2

Choosing r = % log =+,

. 1 t(t—1) o
Ent(UY) < T <(t+1)2) +—

1—t
t

and the lemma with ¢; £ t% : (fii;%%) +

=
|



2.5 Binomial smoothing

We now prove the results when L ~ Bin(k,q). Our analysis holds for all ¢ € [0,2/(2 + ¢)] and in
this range, the performance of the estimator improves as ¢ increases, and hence the NMSE bounds
are strongest for ¢ = 2/(2 + t). Therefore, we consider binomial smoothing for two cases: the
Efron-Thisted suggested value ¢ = 1/(1 + ¢) and the optimized value ¢ = 2/(2 + ¢).

Corollary 2. Fort>1 and L ~ Bin(k,q), if k = E log, %J and g = ——, then

1’

L Ct

EnaU%) < gty

where ¢; satisfies 0 < ¢ <4 and limy_ooc; = 1; if k = E logs %J and q = t_%z, then

/
L Ct

< -t

En(U7) < (nt)logs(1+2/%)

where ¢, satisfies 0 < ¢; <7 and limy_,oo ¢} = 1.

Proof. If L ~ Bin(k, q),

=0
Furthermore,

E [(—Ls')L} _ Zk; (—js!)j <§:> (@ (1= )7 = (1— )L <1Q_5 ) 7
where

k. .
—y) [k
Ly(y) =Z( v) () 11]
is the Laguerre polynomial of degree k. If <1, for any s > 0,

2(1-q)
(]

L!

El

e t

k-2 st k
<(I=g)femrertm0 < (1-¢q)",

where the first inequality follows from the fact cf. (1, 22.14.12) that for all y > 0 and all k£ > 0,
| Li(y)] < 2. [12]
Hence for ¢ < 2/(t + 2),
E[(U" ~U)?| < E[@4]- (1 +q(t = 1))* + E[U] + (E[24] +E[U])* - (1 — ¢)**.
Since E[U] < nt and E[®4] < n,

E[(U* - U) <n-(1+qt—1)%*+nt+ (nt+n)?-(1—q)%. [13]



Substituting the Efron-Thisted suggested g = 1:4%1 results in

£,.(U") < <22k+ (t+1)2> ( t >2k+1.

nt2 12 t+1 nt

Choosing k = B log, %J yields the first result with ¢; £ (i + (%)4> . (%)10g2(1+1/t) + % For

the second result, substituting ¢ = t% in [13] results in
3%k (f41)2 t \* 1
Ent(UM) < | — iy
na(U7) < <nt2 TR i+2) Tm

2
Choosing k = E logs %J yields the result with ¢, = (ﬁ + (t?) (#)2) . (t;—zl)log3(1+2/t)+%. O

In terms of the exponent, the result is strongest for L ~ Bin(k,2/(t + 2)). Hence, we state the
following asymptotic result, which is a direct consequence of Corollary 2:

nt

Corollary 3. For L ~ Bin(k,q), ¢ = p%z’k = Llog3(£)J, and any fixed 0, the maximum t till
which U™ incurs a NMSE of 6 is

max{t : &, (U") < 4} S 2
n—00 logn ~log3-log 3

Proof. By Corollary 2, if t — oo, then

2+0(1)

Ent(U") < (14 0(1))n wroes .

where o(1) = 0,(1) is uniform in n. Consequently, if ¢ = (o + o(1)) logn and n — oo, then

2
limsup &, (U") < e atoes,

n—o0

Thus for any fixed J, the maximum ¢ till which U" incurs a NMSE of § is

max{t : &, (U") < 4} < 2
n—00 logn ~ log3- log%'

Corollaries 1 and 2 imply Theorem 1 for the Poisson model.

3 Extensions to other models

Our results so far have been developed for the Poisson model. Next we extend them to the multi-
nomial model (fixed sample size), the Bernoulli-product model, and the hypergeometric model
(sampling without replacement) (4), for which upper bounds of NMSE for general smoothing dis-
tributions that are analogous to Theorem 3 are presented in Theorem 4, 5 and 6, respectively. Using
these results, we obtain the NMSE for Poisson and Binomial smoothings similar to Corollaries 1
and 2. We remark that up to multiplicative constants, the NMSE under multinomial and Bernoulli-
product model are similar to those of Poisson model; however, the NMSE under hypergeometric
model is slightly larger.

10



3.1 The multinomial model

The multinomial model corresponds to the setting described in the introduction, where upon observ-
ing n i.i.d. samples, the objective is to estimate the expected number of new symbols U (X", X;Z:[{”)
that would be observed if we took m more samples. We can write the expected number of new
symbols as

UX™, X)) = Z In,=0 - In7>0-
x

As before we abbreviate
ULU(X", X5

A

and similarly U® = U®(X™,t) for any estimator F. The difficulty in handling multinomial distri-
butions is that, unlike the Poisson model, the number of occurrences of symbols are correlated; in
particular, they sum up to n. This dependence renders the analysis cumbersome. In the multino-
mial setting each symbol is distributed according to Bin(n,p,) and hence

n . o
Bl = ()1 = o)
As an immediate consequence,

E[®;] = E

xT

3 m:i] =3 (D)si

We now bound the bias and variance of an arbitrary linear estimator U®. We first show that the
bias E[U" — U] under the multinomial model is close to that under the Poisson model, which is
S e (h(Ay) — (1 — e =) as given in Lemma 1.

Lemma 8. The bias of U" = > 2, ®;h; satisfies

EU" U]~y e (h()\x) (- e_t)‘z))

T

< 2sup |h;| + 2.
i

Proof. First we recall a result on Poisson approximation: For X ~ Bin(n,p) and Y ~ poi(np),
[E[f(X)] = E[f(Y)]] < 2psup |f(i)], [14]
2

(2, Theorem 1) and the

which follows from the total variation bound drv(Bin(n,p), poi(np)) < p
g f(z) = Ny=o gives

fact that dpy(u,v) = %sup”waSl J fdu — [ fdv. In particular, takin
0<e™—(1-p)" < 2p.

Note that the linear estimator can be expressed as U" =) hy,. Under the multinomial model,

E[U" — U] = En,ogintp) v, — > (1= pa)™(1 = (1= pa)™).

T

Under the Poisson model,

D e (h(Ax) —(1- @ftAz)) = S By poitupny[hne] = 3 7P (1 — e=me),

xT

11



Then
14]
Z IENggrvl_%ln(n,pgg) hN Z IENI/\me(np )[hN ] <2 sup ‘hZ’ pr =2 sup ‘hz|

Furthermore,

Y (—p)" (1= (1—p)" Ze npr(] — emMPe)
[14]26 wegp, < 2.

Similarly, >, (1 —pg)"(1 — (1 —pg)™) — >, e "P*(1 — e ™P=) > —2. Assembling the above proves
the lemma. 0

< Ze—npz (e7mPe — (1 — )"

The next result bounds the variance.

Lemma 9. For any linear estimator U",

Var(U" — U) < 8nmax {sup hZ, 1} + 8m.

i>1

Proof. Recognizing that U" — U is a function of n + m independent random variables, namely,
X1, ..., Xptm drawn i.i.d. from p, we apply Steele’s variance inequality (11) to bound its variance.
Similar to [3.1],

Ur—U = Z hn, + 1In,=01n:>0
X

Changing the value of any one of the first n samples changes the multiplicities of two symbols, and
hence the value of U" — U can change by at most 4 max(max;>1 |h;|,1). Similarly, changing any one
of the last m samples changes the value of U™ — U by at most four. Applying Steele’s inequality
gives the lemma. O

Lemmas 8 and 9 are analogous to Lemma 1. Together with [7] and Lemma 7, we obtain the
main result for the multinomial model.

Theorem 4. Fort > 1 and any random variable L over Z.,
E[(U" — U)2] < 8nE2[t] + 8m + ((n(t + 1)EL(t) + 2E[tF] + 2)°.

Similar to Corollaries 1 and 2, one can compute the NMSE for Binomial and Poisson smoothings.
We remark that up to multiplicative constants the results are identical to those for the Poisson
model.

3.2 Bernoulli-product model

Consider the following species assemblage model. There are k distinct species and each one can
be found in one of n independent sampling units. Thus every species can be present in multiple
sampling units simultaneously and each sampling unit can capture multiple species. For example
species x can be found in sampling units 1,3 and 5 and species y can be found in units 2, 3, and 4.

12



Given the data collected from n sampling units, the objective is to estimate the expected number
of new species that would be observed if we placed m more units.

The aforementioned problem is typically modeled as by the Bernoulli-product model. Since, in
this model each sample only has presence-absence data, it is often referred to as incidence model (6).
For notational simplicity, we use the same notation as the other three models. In Bernoulli-
product model, for a symbol x, N, denotes the number of sampling units in which z appears
and @; denotes the number of symbols that appeared in ¢ sampling units. Given a set of distinct
symbols (potentially infinite), each symbol x is observed in each sampling unit independently with
probability p, and the observations from each sampling unit are independent of each other. To
distinguish from the multinomial and Poisson sampling models where each sample can be only one
symbol, we refer to samples here as sampling units. Given the results of n sampling units, the
goal is to estimate the expected number of new symbols that would appear in the next m sampling
units. Let pg = Y _ p,. Note that pg is also the expected number of symbols that we observe for
each sampling unit and need not sum to 1. For example, in the species application, probability of
catching bumble bee can be 0.5 and honey bee be 0.7.

This model is significantly different from the multinomial model in two ways. Firstly, here given
n sampling units the number of occurrences of symbols are independent of each other. Secondly,
Dg = > . Pz need not be 1. In the Bernoulli-product model, the probability observing each symbol
at a particular sample is p, and hence in n samples, the number of occurrences is distributed
Bin(n, p,). Therefore the probability that z is be observed in ¢ sampling units is

E[ln,=] = (?)pi(l —pa)",

and an immediate consequence on the number of distinct symbols that appear ¢ sampling units is

St =X (F)otar o

xT

E[®] =E

Furthermore, the expected total number of symbols is np, and hence

n
Z E[®;]i = npy.
i=1

Under the Bernoulli-product model the objective is to estimate the number of new symbols that
we observe in m more sampling units and is

UX"™, X = Z In,=0- 1nz>0-
xr

As before, we abbreviate

UL UK, X

A

and similarly U® = U®(X™,t) for any estimator E. Since the probabilities need not add up to 1,
we redefine our definition of &, ;(U") as

U—UE>2

Ent(U®) £ maxE, ( nip

13



Under this model, the SGT estimator satisfy similar results to that of Corollaries 1 and 2, up to
multiplicative constants. The main ingredient is to bound the bias and variance (like Lemma 1).
We note that since the marginal of NV, is Bin(n, p;) under both the multinomial and the Bernoulli-
product model, the bias bound follows entirely analogously as in Lemma 8. The proof of variance
bound is very similar to that of Lemma 1 and hence is omitted.

Lemma 10. The linear estimator U* has bias

EU" U] -3 e (h()\z) (1- e_t)‘“))

< 2pg (Sup |hil + 1> :
K2

and the variance
Var(U" —U) < npy - <t+ suph%) )

i>1
The above lemma together with [7] and Lemma 7 yields the main result for the Bernoulli-product
model.

Theorem 5. For any random variable L over Z and t > 1,
E[(U" = U)’] < npg - (t +E*[t"]) + (n(t + V)pgr(t) + 25 (E[t"] + 1))

Similar to Corollaries 1 and 2, one can compute the normalized mean squared loss for Binomial
and Poisson smoothings. We remark that up to multiplicative constants the results would be similar
to that for the Poisson model.

3.3 The hypergeometric model

The hypergeometric model considers the population estimation problem with samples drawn with-
out replacement. Given n samples drawn uniformly at random, without replacement from a set
{y1,...,yr} of R symbols, the objective is to estimate the number of new symbols that would be
observed if we had access to m more random samples without replacement, where n + m < R.
Unlike the Poisson, multinomial, and Bernoulli-product models we have considered so far, where
the samples are independently and identically distributed, in the hypergeometric model the samples
are dependent hence a modified analysis is needed.

Let 7, £ Zf; 1 1y,=z be the number of occurrences of symbol = in the R symbols, which
satisfies ) r, = R. Denote by N, the number of times x appears in the n samples drawn without
replacements, which is distributed according to the hypergeometric distribution Hyp(R, r,, n) with
the following probability mass function:?

T R—ry
(7) (%)
= .
(n)
We also denote the joint distribution of { NV, }, which is multivariate hypergeometric, by Hyp({r;}, n).
Consequently,

P(N, = i) =

E[d] =Y P(N,=i)=) (Glens) ((%Tiz).

2We adopt the convention that (Z) =0 for all kK < 0 and k > n throughout.

14



Furthermore, conditioned on N, = 0, N/ is distributed as Hyp(R — n,r,, m) and hence

_ e e o~ ) )
E[U] =Y E[lx,—o] - E[ln;0/Tn,—0] = @ 1 o ) [15]

As before, we abbreviate
U£UX", X0

which we want to estimate and similarly for any estimator U® £ U®(X",t). We now bound the

variance and bias of a linear estimator U" under the hypergeometric model.

Lemma 11. For any linear estimator U",

Var(U" — U) < 12nsup h? 4 6n + 3m.

Proof. We first note that for a random variable Y that lies in the interval [a, b],

(a —b)?

Var(Y) <
ar(Y) < ~—,

For notational convenience define hg = 0. Then U" = > hn,. Let Z =) 1y,—0 and Z’' =
> 1n,—n:—o denote the number of unobserved symbols in the first n samples and the total n +m
samples, respectively. Then U = Z — Z’'. Since the collection of random variables 1y, indexed
by x are negatively correlated, we have

Var(Z) <) Var(In,—o) = > E[ly,—o(1 = 1n,=0)] < > _E[ln,>0] < n.

Analogously, Var(Z') < n + m and hence
Var(U" —U) = Var(U" — Z + Z') < 3Var(U") + 3Var(Z') + 3Var(Z) < 3Var(U") + 6n + 3m.

Thus it remains to show
Var(U") < 4nsup h?. [16]
i

By induction on n, we show that for any n € N, any set of nonnegative integers {r,} and any
function (x, k) — f(z, k) with k € Z satisfying f(z,0) =0,

Var (Z f(x,Nx>> < dn| fl%, [17)

where {N;} ~ Hyp({rz},n) and || f|cc = sup, |f(z,k)|. Then the desired Equation [16] follows
from [17] with f(z, k) = hg.
We first prove [17] for n = 1, in which case exactly one of N,’s is one and the rest are zero.

Hence, | 3, f(2, Na)| < || flloo and Var(3Z, f(z, Na)) < || fII3-
_ Next assume the induction hypothesis holds for n — 1. Let X; denote the first sample and let
N, denote the number of occurrences of symbol x in samples Xs, ..., X,,. Then N; = Ny + 1x,—5.
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Furthermore, conditioned on X1 =y, {N,} ~ Hyp({#;},n — 1), where 7, = r, — 1,—,. By the law
of total variance, we have

Var (Z f(x, N@) =E[V(X1)] + Var (9(X1)). 18]

where
V(y) £ Var (Z f(x, N,)

For the first term in [18], note that

X1=y>, g(y) = E

X1=y]

X = y) = Var (Z fy(x,]vx) X = y) .

where we defined fy(z,k) £ f(x,k + 1,—,). Hence, by the induction hypothesis, V(y) < 4(n —
DI fyl% < 4(n = D] f1I5 and E[V(X1)] < 4(n — D[ f]]%.
For the second term in [18], observe that for any y # z

V(y) = Var (Z f(x, Ny + Tpmy)

9(y) = E[f(y, Ny + D[ X1 = y) + E[f (2, No)| X1 = y] + B | Y fl2, No)| X1 =y,
_:p;ﬁy,z

and

9(z) = E[f(z, N. + D|X1 = 2] + E[f(y, Ny)[ X1 = 2] + E | Y (&, No)| X1 = 2|,
_:c;éy,z

Observe that {Nx}m;,gy’ » have the same joint distribution conditioned on either X; = y or X; = z and

hence E[YS, o, f(x, Np)| X1 = y] = B[X,, . f(z, No)| X1 = z]. Therefore |g(y) — g(2)| < 4 f[l
for any y # z. This implies that the function g takes values in an interval of length at most 4|| f||so-

Therefore Var(g(X1)) < 1(4]/flls)? = 4|/ f||%. This completes the proof of [17] and hence the
lemma. O

Let

i 235 () () 0 2 () (- ().

To bound the bias, we first prove an auxiliary result.

Lemma 12. For any linear estimator U",

2R
R—n’

E[U" - U] =Y B(h,rs)

< 4max (sup |hil, 1) +
i

Proof. Recall that N, ~ Hyp(R,r,,n). Let N, be a random variable distributed as Bin(r,, n/R).
Since Hyp(R, r;,n) coincides with Hyp(R, n,r;), we have

21y
dTV(Bin(rwa n/R)v Hyp(Ra Tz, n)) = dTV(Bin(TZa n/R)v Hyp(Ra n, Tz)) < %a

16



where the last inequality follows from (7, Theorem 4). Since dpv(p,v) = %Sup\\f\\mﬁl [ fdp —
[ fdv = supg p(E) — v(E), we have

ary

[ (N)] -~ EF(V))| < =

i ()

Define f(i) = hi — Li=o (1 - (1 — %)Tm) In view of [15] and the fact that )" 7, = R, we have

sup | £ ()], [19]

and

27y

R—n’

< dypy(Bin(rg,m/(R —n)),Hyp(R —n,m,r;)) < [20]

2R
R—n’

<

E[U" — U] = > E[fo(N,)]

Applying [19] yields

3 [BLf (8] — ELfa(No)

< dsup | fo(i)] < 4max <sup\m~|,1> |
7 7

The above equation together with [20] results in the lemma since B(h,75) = E[f.(N,)]. O

Note that to upper bound the bias, we need to bound Y. B(h,ry). It is easy to verify for the
GT coefficients h{" = — (—t)" with t = m/n, B(h®",r;) = 0. Therefore, if we choose h = h" based
on the tail of random variable L with h} = AP (L > i) as defined in [6], we have

B(h*, 1) = z; (r;) (%) (1- %)TH (—t)'P(L < i)
= (1- %> ; <:x> <—R"_l n)iIP’(L <9). 21]

Similar to Lemma 6, our strategy is to find an integral presentation of the bias. This is done in
the following lemma.

Lemma 13. For anyy > 0 and any k € N,

Zk: <I;> (—y)'P(L < i) = k(1 —y)* /OyE Kk ; 1) (_S)L:| (1—s)*1ds. 29)

=1

Remark 1. For the special case of y = 1, [22] is understood in the limiting sense: Letting d = 1—vy
and B8 = %, we can rewrite the right-hand side as

—k/le [(k s 1) (85 — 1)L] kB 1dB.

17



For all [6] <1 and hence 0 <1 — 36 < 2, we have

| (" )e-vr||= e |(F] ) e - vt [ < 4

By dominated convergence theorem, as § — 0, the right-hand side converges to —E (kzl)(—l)L]

and coincides with the left-hand side, which can be easily obtained by applying (f) = (kfl) + (kil).

7 1—1

Proof. Denote the left-hand side of [22] by F(y). Using z(’:) = k:(]::%), we have

= kY (’;:i) (—y) "P(L <i—1)— sz: (f:i) (g 'P(L=i—1). [23]

The second term is simply —kE [(kzl) (—y)L] G(y). For the first term, since L > 0 almost surely
and (];) = (k_.l) + (l?_l), we have

[ i—1

k:zk: (l:: 11> (=) 'B(L <i—1) = kzk: (’“ - 1) (—y)B(L < i)

Combining [23] and [24] yields the following ordinary differential equation:
F'(y)(1 —y) + kF(y) = G(y), F(0) =0,

whose solution is readily obtained as F(y) fo —k- 'G(s)ds, i.e., the desired Equa-
tion [22]. O

Combining Lemma 12-13 yields the following bias bound:
Lemma 14. For any random variable L over Z4 and t =m/n > 1,

2R

L
— < . [E—
|E[U" —U]| < nt [Mhax —

e[

Proof. Recall the coefficient bound [7] that sup, |h;| < E[t*]. By Lemma 12 and the assumption

that t > 1,
ZB

+ 4E[tF] +

2R
R—n’

< 4R[t1] +

18



Thus it suffices to bound ) B(h",r;). For every z, using [21] and applying Lemma 13 with
y = g% and k = r;, we obtain

B(h",ry) = — <1 _n ;m> /ORT E [<”L_ 1) (—s)L] re(1 — )" e 1ds.

Since 0 < 5™ < 1, letting K = maxop<s<1 }E[(TIL_l)(—s)L]

, we have

Ty %
n+m) K/[" ro(1 —s) "= lds,

0
(O (R R

where the last inequality follows from the convexity of  — (1 — z)™. Summing over all symbols x
results in the lemma. O

|B(h",1y)| < <1 —

Combining Lemma 14 and Lemma 11 gives the following NMSE bound:

e, )]

As before, we can choose various smoothing distribution and obtain upper bounds on the mean
squared error.

Theorem 6. Under the assumption of Lemma 14,

12R? ?
2 21, L 2
E[(U* - U)%] <12(n+ 1)E*[t"] 4+ 6n + 3m + R—n)? +3m Jpax,

Corollary 4. If L ~ poi(r) and R —n > m > n, then
E[(U" = U)?] < 12(n + 1)V 4+ 3m2e™" 4 9m + 48.
Furthermore, if r = 51— - log(nt?),

27 Int + 48
(nt?) T (nt)?2

gn,t<UL) S

Proof. For L ~ poi(r), E[t] = e"®=1 and

#|(7 )

where L, 1 is the Laguerre polynomial of degree r, — 1 defined in [11] and the last equality follows
the bound [12]. Furthermore, R/(R—n)=1+n/(R—n) <1+4+n/m < 2 and n < m, and hence
the first part of the lemma. The second part follows by substituting the value of r. O

— T < —7"/2
e ax |Lr,1(ar)| < e,

max
0<a<l
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4 Lower bounds

Under the multinomial model (i.i.d. sampling), we lower bound the risk &, ((U") for any estimator
UF using the support size estimation lower bound in (15). Since the lower bound in (15) also holds
for the Poisson model, so does our lower bound.

Recall that S(p) = >, 1,,>0 denotes the support size of a distribution p. It is shown that given
n i.i.d. samples drawn from a distribution p whose minimum non-zero mass p$in is at least 1/k,
the minimax mean-square error for estimating S(p) satisfies

min  max E[(S — S(p))?] > k% - exp | —cmax [ 4/ nlng, ). [25]
S ppt >1/k k k

min—

where ¢, ¢’ are universal positive constants with ¢ > 1. We prove Theorem 2 under the multinomial
model with ¢ being the universal constant from [25].

Suppose there is an estimator U for U that can accurately predict the number of new symbols
arising in the next m samples, we can then produce a support size estimator by adding the number
of symbols observed, @, in the current n samples, namely,

S=U+a,. [26]

Note that U = >, In,=0lNn:>0. For m = oo, U is the total number of unseen symbols and we

have S(p) = U + &,. Consequently, if U can foresee far into the future (i.e., for too large an m),
then [26] will constitute a support size estimator that is too good to be true.

Combining Theorem 2 with the positive result (Corollary 1 or 2) yields the following character-
ization of the minimax risk:

Corollary 5. For allt > c,

. 1
1(}1Ef<‘fn,t(UE) = exp <—(9 <max {Ofn, 1}))

Consequently, as n — oo, the minimaz risk infye £, ((UP) — 0 if and only if t = o(logn).

Proof of Theorem 2. Recall that m = nt. Let U be an arbitrary estimator for U. The support size
estimator S = U + @ defined in [26] must obey the lower bound [25]. Hence for some p satisfying

pr—;in > 1/k7
. , nlogk n
E[(S(p) — 5)%] > 'k? - exp (cmax (\/ ’ ’k)) . [27]

Let S = S(p) denote the support size, which is at most k. Let U £ ]Ean:In [U] be the ex-

pectation of U over the unseen samples X;;”]:{” conditioned on the available samples X7'. Then

U= > In,—0 (1 —(1- px)”t). Since U is independent of Xgi{”, by convexity,

Exnim[(U = U)?] 2 Exp[(Exnim U = U])) = E[(U - U)?]. 28]

n+1

Notice that with probability one,

1S —U — &, | < Se ™/k < e /k [29]
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which follows from

U+ oy = Z In,=o (1= (1= pz)™) + 1n,50 < S,

T:pgs >0
and, on the other hand,

U + ¢+ — Z HN:C:() (1 - (1 _px)nt) + ]le>0
T:pz>1/k

2 Z In,—o (1= (1—1/k)™) + 1n,50 = S(1— (1 = 1/k)™) > S(1 — e "/k).
Expanding the left hand side of [27],

E[(S—S5)Y =E [(s ~U -, +U - (7)2] < 2E[(S — U — &)%) + 2E[(U — U))?]

[29] . [28] .
< 22Tk L OR[(U — U))?] < 2k%e 2"k L 9R[(U — 1))

. nt? nt
k = min
c? log log

dk? - exp (—cmax {U nl(;g k, Z}) > af2e 2tk [30]

Let

which ensures that

Then R
E[(U _ U)2] > k2 72nt/k
establishes the following lower bound with a = 0(24 7 and £
4t2 28/t
min &, +(U¥) > min{ o, ————— B .
E ’ /82 ]0g2 nt2 \ nt?
To verify [30], since ¢ > ¢ by assumption, we have exp(%—" — <) > exp(%) > 4. Similarly, since

??‘

klogk < ’Z—t; by definition, we have % > 2 nlzgk and hence exp (%—"—c\/ "lj’c ) > exp(%) > 4

c
completing the proof of [30].
Thus we have shown that there exist universal positive constants «, 8 such that

4t2 26/t
méngn’t(UE)Zmin{a’gw<€2> '
f?log” == \n

, then

28/t
Let y = (%2)

1
min &, +(U*) > min {a, 16 5 } .
B ylog™y
Since y > 1, y3 > ylog?y and hence for some constants ¢;, o > 0,

. . ) 1 . B\ . 1)/t c1
méngn,t(U ) > mm{a, 16y3} > min < «a, <nt2> > cimin< 1, <n> > eyl O
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5 Connections to support size estimation

Approximation-theoretic techniques for estimating norms and other properties such as support size
and entropy have been successfully used in statistics. For example, estimating the L, norms in
Gaussian models (10, 5) and estimating entropy (14, 9) and support size (15) of discrete distri-
butions. Among the aforementioned problems, support size estimation is closest to ours. Hence,
we now discuss the difference between the approximation technique we use and the those used for
support size estimation.

The support size of a discrete distribution p is

S(p) = Lp.>0- [31]

At first glance, estimating S(p) may appear similar to species estimation as one can convert a
support size estimator S to U by
(o.9]
U=5-) &.
i=1

However, without any assumption on the distribution it is impossible to estimate the support size.
For example, regardless of the number of samples collected, there could be infinitely many symbols
with arbitrarily small combined probabilities that have not been observed. A possible assumption
is therefore that the lowest non-zero probability of the underlying distribution p, denoted by p:gm,
is at least 1/k, for some known k. Under this assumption (12) applied a linear programming
estimator similar to the one in (8), to estimate the support size within an additive error of ke with
constant probability using €(; O’; ke%) samples. Based on best polynomial approximations, recently

(15) showed that the minimax risk of support size estimation satisfies

min = max E,[(S — S(p))?] = k* exp (—@ (max {\/ M, E, 1})) ,
S ppr. >1/k n n

min=—

and therefore the optimal sample complexity of for estimating S(p) within an additive error of ke
with constant probability is 9(% log? %) Note that the assumption p. > 1/k is crucial for this
result to hold as otherwise estimation is impossible. By contrast, we show later that for species
estimation no such assumptions are necessary. The intuition is that if there exist a large number
of very improbable symbols, most likely they will not appear in the new samples either.

To estimate the support size, in view of [31] and the assumption p;. > 1/k, the technique of
(15) is to approximate the indicator function y + 1,5/, in the range {0} U [1/k,logk/n] using
Chebyshev polynomials. Since by assumption no p, lies in (0, %), the approximation error in this
interval is irrelevant. For example, in Figure 6(a), the red curve is a useful approximation for S(p),
even though it behaves badly over (0,1/k). To estimate the average number of unseen symbols
U, in view of Lemma 1, we need to approximate y — 1 — e over the entire [0,00) as in, e.g.,
Figure 6(b). Concurrent to this work, (13) proposed a linear programming algorithm to estimate
U. However, their NMSE is O(loén) compared to the optimal result O(n~'/*) in Theorem 1, thus
exponentially weaker for t = o(logn). Furthermore, the computational cost far exceeds those of

our linear estimators.
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Figure 6: (a) a good approximation for support size; (b) a good approximation for species estima-
tion.

6 Monotone-concave modification

As argued in (3), it is often useful for species estimators to be nonnegative as well as monotone
and concave in the range of extrapolation m;> however, linear estimators including Good-Toulmin
and SGT need not satisfy these properties. To address this issue, we can apply to any estimator
sequence {U} }m>0 the following transform: for m = 0, let U(‘)E =0, form=1

UE = max ((75:, Uf)) ,

and for every m > 0,

UE = min(max(UE_,,

UrEr:L)72Uv7EL—1 - Uy )7

m—2
resulting in U® that is always non-negative. Furthermore it is both monotone and concave in m.

Lemma 15. U} is always non-negative and it is both monotone and concave in m.

Proof. For concavity, observe that

' TE 'TE _ . 'TE E ' TE ' TE ' TE
Um " Ym-1— mln(max( m—1> Um)? 2Umfl - m72) — Ym-1
'TE 'TE 'TE
S2Up1 — Uy — Uy
__T7E 'TE
- Um—l —Ym-2»

since the difference between consecutive terms is decreasing the sequence is concave in m.
The proof of monotonicity is by induction. Observe that Uy > Uj by construction. For any
m > 2, we prove by induction that U}, > U _,. Suppose U} _| > U;" _,), then

o) > min(max(UE_,,UE),UE_ ) > UE_,,

[A’]?];:PL = min(maX( N;;:Z_l, ng)? 2071;31—1 - U’V];:l

where the first inequality follows by the inductive hypothesis.
Finally, since the sequence is monotone and U} = 0, it is always nonnegative. 0

3A sequence a, is said to be concave if the successive difference is non-increasing, i.e., Gm+1 — @m < Gm — Gm—1
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In Figure 7, we compare the performance of the SGT estimator (with Binomial smoothing of
parameter ¢ = 2/(2 + t)) and its monotone-concave version on the premise as Fig. 3 in the main
paper. As before, the true value is shown in black, and the estimators are colored, with the solid
line representing their means and the shaded band corresponding to one standard deviation. For
computational purposes we apply a variation of this transform, relating estimates that are 0.2n
apart instead of 1 apart. Note that the performance of the original and modified versions are
similar.
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Figure 7: Comparisons of the estimated number of unseen species as a function of . All experiments
have distribution support size 106, n = 5 - 10°, and are averaged over 100 iterations.
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