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Abstract

We study the problem of learning the parameters of a mixture of members of a
given distribution family. To do this, we apply the method of moments, dating to
Pearson in the late 1800’s: we directly solve for the parameters in terms of estimated
sample moments. We prove upper and lower bounds on the number of moments that
uniquely determine mixtures for various distribution families. In particular, we show
that 2k — 1 moments are necessary and sufficient to determine a large class of mixtures
of k one-parameter distributions, including Poissons and exponentials, and develop
an efficient algorithm to learn the parameters of these mixtures. Additionally, using
natural exponential families as motivation, we ask which sets of 2k — 1 moments of a
finite distribution uniquely determine its parameters, and show that this question can
be reduced to asking about the zero sets of certain Schur polynomials. We also show
that 4k — 2 moments are necessary for determining a mixture of k¥ Gaussians, matching
a known upper bound shown by Moitra and Valiant, and with this we improve the
existing lower bound on the sample complexity of learning such a mixture. We prove
similarly that 4k — 2 moments are necessary and sufficient to learn a mixture of k£ uni-
form distributions, and conjecture that a similar result holds for general two-parameter
distributions whose moments satisfy certain polynomial dependence conditions on the
parameters. Finally, for a general family of Gaussian-like distributions of the form
p(2)e?® | we derive a bound on the number of moments necessary to uniquely deter-
mine a mixture that is exponential in k.



1. Introduction

Background. A rich area of modern machine learning is the learning of mixture models,
with applications throughout the scientific disciplines, including biology [I], finance [2], and
physics [3, 4], among many others. The first results in the field came over 100 years ago
in 1894, when biostatistician Karl Pearson studied the measurements of what he assumed
was a single crab species and discovered an as-of-yet unseen distribution. His insight was
that he was in fact observing two species, with each having measurements following the
standard Gaussian distribution. This motivated defining a (two) Gaussian Mizture Model
as a distribution F' with density function p; f1+ps fo, where p;+po = 1 and f1, f5 are Gaussian
density functions. To determine the parameters of the mixture from samples (and hence the
data for each crab species), Pearson [0] invented the method of moments, in which he took
the first five moments of a large number of samples drawn from this distribution, and solved
by hand the resulting polynomial system for the means, variances, and probabilities. Getting
finitely many solutions, he then chose the one whose sixth moment most closely matched the
sixth sample moment. His results both demonstrated the effectiveness of learning a mixture
from its moments and the utility of learning the parameters in particular, or parameter
learning, rather than a distribution that is simply close in total variation distance, another
rich area of study.

The problem of learning the parameters of a mixture of an arbitrary number of Gaus-
sians has had a long history, where a mixture of k£ Gaussians is defined as the distribution
k

with density function ) p;fi;, where fi,..., fi are the component Gaussian densities and
=1

P1,- -, Pr are mixing weights satisfying E p; = 1. Many approaches to the problem since

Pearson have involved clustering, startlng Wlth Dasgupta [6] in 1999, who used clustering to
rigorously define a polynomial-time algorithm for separating d-dimensional Gaussians given
a Q(\/E) separation between their means. The separation bound was gradually shrunk by
later authors, including Arora and Kannan [7], Dasgupta and Schulman [§] and Vempala
and Wang [9].

While these clustering results gave efficient algorithms for separated mixtures of Gaus-
sians, they could not deal with even the simplest mixtures with lack of mean separation
and non-negligible overlap of the components. Pearson’s moment-based approach, however,
proved fruitful for these types of mixtures, and in general for arbitrary Gaussian mixtures.
In 2010, Moitra, Valiant, and Kalai [I0] used a robust and rigorous version of Pearson’s
method of moments to give an algorithm that learns mixtures of two Gaussians to within
parameter distance € in time polynomial in €, and in 2015 Hardt and Price [I1] found an
optimal algorithm for the two Gaussian mixture problem with respect to sample complexity,
using an approach directly based on Pearson’s polynomial. Moitra and Valiant [12], later in
2010, extended their result to mixtures of k Gaussians.

Simultaneously, Belkin and Sinha [I3] generalized the moment method to any mixture of
polynomial families, or families of distributions with moments polynomial in the parameters.
Their proof was non-constructive, using the Hilbert basis theorem to show that finitely



many moments determine such mixtures, demonstrating that the method of moments is
indeed a general, powerful strategy for learning mixtures of any polynomial family. However,
the bound on a sufficient number of moments was simply shown to exist, and no effective
bound was presented; the focus of this paper is on this question. Our goal is to establish
effective bounds on the number of sufficient moments for particular families of distributions,
independent of the parameters of the distribution.

Our results. Our work on moment-matching begins with the simplest case of one-parameter
families, which are polynomial families determined by only a single parameter. The simplest
one parameter distributions are the point masses, for which the corresponding mixtures are
finite distributions; in Section 2, we review the classical theory of Gaussian quadrature, which
shows that exactly 2k — 1 moments are required to uniquely determine such a finite distribu-
tion. Then, in Section 3, we study one-parameter distributions where the jth moment is a
degree 7 polynomial in the parameter, and show that the problem of learning the parameters
of a mixture of these distributions can be reduced to determining the finite distribution on
the same parameters, for which we know 2k — 1 moments are sufficient. From these results,
in Section 4 we develop an efficient, robust algorithm for learning mixtures of one-parameter
subexponential distributions with this polynomial dependence on the moment, our first main
result, Algorithm

In Section 5, we review the theory of exponential families and natural exponential families,
which have a particularly simple form for their density functions and comprise a large class
of one-parameter families. By taking the mean as the parameter, these are automatically
polynomial families, and the condition on the degree of the moments roughly corresponds
to having the variance as a function of the mean V(1) be quadratic, which gives the natural
exponential families with quadratic variance functions (NEF-QVF’s), studied in [I4] and
which include many common distribution families. Using the method detailed in Algorithm
[4.1], we therefore can efficiently find the parameters of almost any NEF-QVF mixture.

This discussion motivates us to look at NEF’s with higher-degree polynomial variance
functions, which reduces to the problem of determining finite distributions by certain lin-
ear combinations of their moments. In Section 6, we consider the simplified problem of
determining for which {ay,...ag_1} the moments {M,,,... M,, .} determine a finite dis-
tribution on k points. The main result of this section is that the moments of two distinct
finite distributions differ whenever a certain Schur polynomial in the 2k points is nonzero,
which implies the following result.

Theorem Restated. Let S = {0,a1,as,... a1} where 0 < a; < ay < -+ < ag_1 €
Z,and let A\ = (agr—1— (2k—1),a0,-2—(2k—2),...,a1—1,0). If sx(z1, ..., 29%) is nonzero for
all real 21, ..., 29k, then the moments M,,, ... M,, _, uniquely determine a finite distribution
on k points.

Thus, we can reduce one direction of this question to finding which Schur polynomials
have only trivial zeros, and present some known partial results to that end, as well as the
broader conjecture that this occurs whenever all parts in the partition are even.



In Section 7, we then return to the original problem of Gaussians, and place it in context of
two-parameter distribution families in general. We show that 4k —2 moments are sometimes
necessary to determine a mixture of k& Gaussians, matching the result in [I0] that it is always
sufficient.

Proposition [7.1] There exist two mixtures of k& Gaussians, F, F’, such that F' # F’ and

The example for necessity, however, is a special case where all means are equal, so we
conjecture that in the case of distinct means, only 3k moments are necessary. Along the lines
of the sufficiency proof in [12], we also show that 4k —2 moments are necessary and sufficient
to uniquely determine a mixture of k& uniform distributions, and conjecture that indeed 4k —2
moments are sufficient to determine any mixture of a two-parameter family with moments
that are degree at most k£ in each of the parameters. This conjecture is supported by some
numerical evidence in the case of Gamma and Laplace distributions.

Finally, in Section 8, we consider the problem of learning a mixture of general families of
distributions with an arbitrary number of parameters, in the hope of getting some concrete
upper bound on the number of moments required to determine these mixtures, as opposed to
the ineffective bound in [I3]. We arrive at a result for a specific class of distribution families
D of the form p(z)e?™, when p(x) and ¢(z) are polynomials with degree independent of the
parameters.

Proposition Consider some F' € D with deg(p) = dy — 1, deg(q) = d2 > 0. Then
O(dyd%*) moments suffice to uniquely determine a mixture of k& F-distributions.

This leads us to our last conjecture, which would make explicit the ideas presented by
Belkin and Sinha in [I3] and give some general bound on the number of moments needed
to match any mixture of members of a (not necessarily natural) exponential family, a class
which includes nearly all named distribution families.

Conjecture Let F' be an exponential family. Then there exists a function f(k) inde-
pendent of the parameters such that at most f(k) moments suffice to uniquely determine a
mixture of k F-distributions.

2. Finite Distributions

In this section, we summarize the classical theory of moment matching for finite (i.e. finitely
supported) distributions. In particular, we recall in Proposition and that 2k — 1
moments are both sufficient and necessary to uniquely determine a finite distribution on &
distinct points, and outline an algorithm, whose main idea is given by Claim [2.2] that can
exactly derive these points and weights given the first 2k — 1 moments. All of these results
are well-known, although the construction in Proposition is our own, but are stated for
completeness.

Proposition 2.1. If F' and F' are finite distributions on k distinct points, and M;(F) =
M;(F'") for1 <j <2k —1, then FF = F".



Proof. Let F have points x1, xo, . .., x; with weights p1, po, ..., px, and F” have points yq, o, . . ., Y
with weights q1, o, ..., qr. Suppose first that the distributions differ on at least one point;
without loss of generality y, # x; for all ©. We claim that, in this case, there exists some j
such that 1 < j <2k —1 and M;(F) # M;(F").
2%—1
Define the polynomial P(z) = (x —x1) - - (x —a%)(y—v1) - - (y—yr—1) = > a;a’. Note
j=0
that P(z) evaluates to 0 at all points of the finite distributions except for yx. Thus, we have
k

that Z(pZP(xl) — ¢;P(y;)) = —qP(yx) # 0. But notice that we can also write this as
i=1

S i) — P = > Y (el — )
= 3 (M) b))

For this to be nonzero, one of the moments must differ, as desired, so we have that if all of
the points are not identical between distributions, the first 2k — 1 moments cannot be.

Now, consider the case in which the distributions share all of the same points; without
loss of generality let z; = y; for all 1 < ¢ < k. Letting d; = p; — ¢;, and assuming for
contradiction that all of the moments are equal but F' # F’, we have that

k
> dial =0
=1

for all j <k —1 (in particular, this holds for j < 2k — 1, but all we need is j < k —1). But
this implies that d; = 0 for all ¢ by multiplying each side by the inverse of the Vandermonde
matrix of x1,xs, ..., 2, which exists because the x; are distinct, giving that p; = ¢; for all 4,
a contradiction of the fact that F' # F’. Thus, we are done. ]

Based on 2k —1 moments uniquely determining a finite distribution, we conceivably could
learn a finite distribution by evaluating its first 2k — 1 moments and algorithmically solving
the polynomial system given by these moments to derive its parameters. Note that this is
certainly not the most efficient way to learn a finite distribution, but will become useful in
Section |3| when we talk about learning general one-parameter distributions.

Actually solving this polynomial system in the parameters given by the moments, which
determines the underlying finite distribution, is implicit in the following well-known result
from Gaussian quadrature, which generalizes Proposition [2.1]

Claim 2.2 (Gaussian Quadrature [15]). Given moments p; = fab okdF (z) for1 <j <2k—1
of a distribution F supported on |a,b], there exist distinct (z1, ..., xy), (w1,. .., wg) satisfying
k

k .
a<wz; <b, 0<w; <1 forall i such that > w;x] = p; for all j and Y w; = 1.
i=1 i=1



In particular, these x1,...,x; can be derived by defining the series of orthogonal poly-
nomials {g; }3° defined by the recurrence

go(x) = (b—a) "% qi(z) = 0; Bigi(x) = (z — a;)gj—1(x) — Bj—1gj—2(x),

where a; = fab xq;_1(x)*dF(z) and ; = f; xq;(2)gj—1(x)dF(x), known constants which can
be evaluated in terms of the moments since the polynomials integrated have degree < 2k —1.
The x1,...,xy, then, are just the roots of qox_1. From here, to find the weights, we solve for

w satisfying Vw = M, where

[ 1 1 ... 1
T X9 ce Tp
V= 3 -
xlf_l x';ﬂ—l e xg_lv
is the Vandermonde matrix on xq, ..., xy, and M is the vector containing the first k < 2k —1
moments, an equivalent system to our moment polynomials. Since we are given that the
x; are distinct, det(V) = [[ (z; — ;) is nonzero, which means that we can solve for w

1<i<j<n

simply as V1 M.

Using this, we can learn a finite distribution F on k points given 2k—1 moments as follows:
first, let a = —My(F),b = Ms(F'), so that our range of integration indeed contains all of
the z;. Using the above recurrence, we can derive the sequence of orthogonal polynomials
to F'; our points x1, ...,z are then the roots of the (2k — 1)st orthogonal polynomial, and
our weights can be found by evaluating V=M. Since the first 2k — 1 moments of the finite
distribution defined with these points and weights are exactly those of the finite distribution
we are trying to learn, by Proposition [2.1] our derived finite distribution is correct.

The algorithm above allows us to precisely determine the parameters of a finite distribu-
tion, given the first 2k —1 moments. We will use this as a baseline to develop a robust, general
algorithm in Section 4 for learning mixtures of distributions belonging to one-parameter fam-
ilies. In particular, the described algorithm only works when the moments are known exactly;
for one-parameter families, we will develop a robust algorithm that estimates the parameters
up to some error € when the moments are known up to a specified polynomial in € and a
parameter of the distribution in question. Notice, however, that we cannot do better with
exact moment-matching for finite distributions because of the following well-known result,
whose proof is deferred to the appendix.

Proposition 2.3. There exist two finite distributions F, F', such that F' # F' and M;(F) =
M;(F") for1 <j <2k —2.

3. One Parameter Families

In this section, we use Proposition to show that 2k — 1 moments actually uniquely
determine a mixture of k£ components for a large class of one-parameter distributions, because
we can relate their moments to those of an associated finite distribution.



In particular, let C be a class of one-parameter distribution families whose jth moment
is a degree j polynomial in the parameter for all j > 0.

Definition 3.1. Given parameters A, Ao, ..., A\x and mixing probabilities py, po, ..., Dk, a
(C, k)-mixture is the distribution given by sampling from X; with probability p; for all 1 <
1 < k, where the X; all belong to some C € C.

Given a (C, k)-mixture X, we will denote by IF(z) the finite distribution specified by
atoms at \q,..., \; and weights py, ..., pg.

Proposition 3.2. Let X, X' be (C, k)-miztures with components belonging to the same C' € C.
Then M;(X) = M;(X') for 0 < j <2k —1 if and only if M;(IF(X)) = M;(IF(X")) for all
1<j<2k—1.

Proof. To prove this, we will show that, given a (C, k)-mixtures X, we can solve for moments
of X given the moments of IF(X), and vice versa. This implies the desired result.

k
If the components of X are Xi,..., Xy, then M;(X) = > p;M;(X;). Since X; is a
i=1

J
C-distribution, M;(X;) = > a, A" with a; # 0, so we have that

7
m=0

MJ(X) = sz‘ (Z Oém)\;n) = Z 7% (sz/\;n> = ZamMm(IF(X)>a

so the moments of X can indeed be determined from those of IF(X).

Oppositely, we show by induction that M;(IF(X)) can be expressed as a linear com-
bination of M;(X) for 0 < i < j. The base case is clearly true; now assume it is true

for all ¢ < j that M;(IF(X)) = > oM;(X). Now, notice that, as shown previously,
i=0

J
M;(X) = > anM,(IF(X)) for constants a,, and a; # 0; moving all of the M,,(IF(X))
m=0
terms satisfying m < j to the right-hand side and expressing them as linear combinations of

M;(X) satisfying 0 < i < m, possible by our inductive hypothesis, we are done. O

Note that, by Proposition 2.1, M;(F) = M;(F’) for all 1 < j < 2k — 1 if and only if
F = F', provided the parameters are distinct, which implies that X = X’ because, since
F = F’, they share the same parameters and weights. From this, we have the following:

Corollary 3.3. Given two (C,k)-miztures X, X' of components with distinct parameters,
X = X" if and only if M;(X) = M;(X’) for0 <j <2k —1.

4. A Robust Algorithm for learning (C, k)-mixtures

In this section, based on the results from Section 3, we present an robust, efficient moment-
matching algorithm to learn a (C, k)-mixture. Corollary implies that, once we learn the

6



2k — 1 moments of a (C, k)-mixture, this mixture is uniquely determined. Our first result
makes this result robust by giving us an estimate of how well we need to learn the moments
to determine the mixture up to +e€ in the parameters.

We first show that estimating the moments of a (C, k) mixture well allows to also estimate
the moments of the corresponding finite distribution well. Note that throughout this section
we will assume k is held fixed, so will treat it as a constant.

Proposition 4.1. Given an estimate ]\/I\j(X), 1 <j<2k—1, of the first 2k — 1 moments

of X satisfying \]\Z(X) — M;(X)| < B, Algorithm 4.1 outputs an estimate of J\/J\](IF(X))
satisfying [M(IF(X)) — My(IF(X))| < O(3).

Proof. Following exactly the forward implication of Proposition we can derive an esti-
mate M;(IF(X)) with the following recursive formulation:
1 if7=0
MJ(IF(X)) =\ M;(x)— Zal S(IF(X))

aj

otherwise

We will prove the desired robustness statement by induction. The base case is trivial. Now,
assume, for 0 <4 < j — 1, we know all of the M, (IF(X)) are estimates up to ¢;8 for some

constants ¢;. By assumption, we know M, ;(X) up to S, so we have that, using that the o
are constants (since we are holding k ﬁxed)7

j—1

J

3E,(IF (X)) ~ My(IF(X)| = - ' (A?-oo - ij Z»AZaF(X))) - (Mj(X) =Y aM{IF(X)

1=0

IN

IN
Q|,_u

O%( ‘+J_ i (| (1 (x) - MZ-(IF(X))D>
(@’—I—Za,czﬁ)

= 0(B).
O

Now, similar to as defined by Moitra and Valiant [12], we will show that pairs of finite
distributions satisfying certain separation conditions must have a moment that differs by a
certain amount. This will imply that their corresponding (C, k) mixtures must also have a
similar moment, as desired.

Definition 4.2. We say that a finite distribution F' is e-separated if the following two
conditions hold:

1. |z; —xj| > eforall i # j.

2. p; € [e1].

)



Definition 4.3. A pair of finite distributions F, F’ is said to be (e;,€;)-standard if the
following conditions hold:

1. F and F' are €;-separated.

2. |z, 2] < é

k
3. € < ming <Z |2 — 2oy + 1P — p;r(i)‘>?

i=1
where the above minimization is taken over all permutations 7 : {1,2,... .k} — {1,2,...,k}.

Theorem 4.4. Given a (€1, €3)-standard pair of finite distributions F', F' with €; > €3, there
exists some i satisfying 1 < i < 2k — 1 such that

[Mi(F) = Mi(F')| > Q(e" )

The proof of this theorem is deferred to Appendix A, but the proof idea is a robust
version of that of Proposition 2.1; we construct a polynomial that goes through all but one
or two of the points of F, F’, and show that [ |p(z)f(z)] is at least Q(e;e3* "), which will in

turn give two moments that differ by Q(e1€5¥?), from the upper bound on the ;.

The final step in developing an algorithm to learn mixtures of distributions in C is to
show that we can actually estimate the moments of a (C, k) mixture with a minimal number
of samples. This may not always be true, but it turns out we can estimate the moments
with probability 1 — ¢ given O (6’2 log (%)) samples, as proven in Proposition , when the
distribution is subexponential, defined as follows.

Definition 4.5. A distribution F'is subexponential with parameter X if the kth raw moment
satisfies M, < kFAE.

There are many equivalent definitions of subexponential distributions and the associ-
ated parameter, which serve different purposes. Subexponential distributions intuitively are
meant to be those distributions with an exponential or lighter tail, and encompass many of
the common distributions that we study.

Note that a mixture of subexponential distributions is clearly also subexponential, where
the associated subexponential parameter is at most the maximum among its components.

Proposition 4.6. If a distribution F € C is subexponential with parameter \, then given
t = O(1) there exists an algorithm taking n = O (6_2 log (%)) samples that with probability
1 — 0§ learns the ith moment, for i <t to within e\'.

The proof of this result is deferred to Appendix A, since it is very similar to that of

[11], but note that this result implies the following corollary, where we replace A with the
k

standard deviation o, since o2 > Z p;o? from the law of total variance.

i=1



Corollary 4.7. Given a one-parameter distribution C' € C with parameter A whose variance
o' is quadratic in A and t = O(1), then there exists an algorithm taking n = O (6’2 log (%))
samples that with probability 1 — & learns the ith moment of a mixture F of variance o > 1
of k component C-distributions for i <t to within eo'.

Using all of our results, we can state a robust algorithm, Algorithm [4.1] that learns the
parameters of a (C, k) mixture up to €, given that it is subexponential.

Theorem 4.8. Let X be a (C, k), €1-separated mixture of components Xy, ..., Xy belonging
to some subexponential C' € C with distinct parameters satisfying A\; < é for eg < 1. Then,
gien any €3 > 0 satisfying €; <K €1 and a subexponential parameter v > 1 for C', Algorithm
recovers the \;,w; to ey with probability 1 — 9.

Proof. By Proposition , given n samples, steps 1 and 2 estimate the moments ]\Z(X ), for
1<j5<2k—1,upto

(a€22€411 8k74k 2) 0.5,}/] :(Z_O €o€ 4k: 2,}/1 Qk’}/ <a —-0.5 62641% 2

By Proposition this means that we have estimates ]\/ZJ(IF(X )) of the moments of the
associated finite distribution that are also accurate up to fbeye(* 2, for b a constant. Choos-
ing a suitably given the family C' and k, Theorem - 4.4] gives us that the pair of F' = IF(X)
and the finite distribution F’ on M, ;(IF(X)) are not (e;, €2)-standard, since their moments

are too close, which gives that there exists a permutation = such that |[A\; — Xﬂ(i)\ < €9 and
|w; — Wr(y| < € forall 1 <i <k, as desired.

The remaining steps of the algorithm concern actually deriving F”, the finite distribution
on M, S(IF(X)), the correctness of which was given by Proposition and Claim n and
the steps of which outlined in Section 2. It is worth mentioning that, because our estimates
)\ are correct up to £e; and |\, — A\;| > € by assumption for ¢ # j, V is still invertible.
Furthermore, a and b are chosen such that la,b| > My(IF(X)), which implies that the values
of \; lie in the integration range, as required. O]



Algorithm 4.1: Efficiently learning (C, k) mixtures

Input : An accuracy parameter €q, error d, and a (C, k) mixture, X, of components
Xy, ..., Xy belonging to some C' € C, to which we are provided sample
access, which is €;-separated and has parameters satisfying |\;| < ¢ for
€1 > €9, and parameter v, the subexponential parameter.

Output: Estimates of the 2k parameters of the components of X, (A1, ..., Ag),

(wy, ..., wg) to within +ey; with probability 1 — 6.
1 Draw n = a (e; %€} *y*21log(1/§)) samples z1,...,z, from X, and split them into
log(1/6) groups G; of size s = ae, e} **y*% =2 where a is a constant depending on the

family C' and k.

S
2 For 1 < j <2k — 1, compute the empirical moments M;(G;) = %Z xf of each group
i=1
G, and estimate the moment M;(X) as the median of these empirical moments.
3 Convert these estimated moments into empirical moments of the finite distribution
IF(X) on the parameters from the following recursive formulation:

1 if j=0
M;(IF(X)) = § 7,005 aiff(w(x)
1=0

— otherwise
4 Given that My(Y) = agk? + ayk + ag, My (Y) = k for a distribution Y € C with

parameter k, let b = —a = a%(]\/fg(X) — kag — a1]\/4\1(X) + 2ke). This ensures that all
of the \; are in the correct range for the following step.

5 Derive the first k orthogonal polynomials {¢;}f to this distribution defined by the
recurrence

qo(x) = (b—a)™"% qua(2) = 0y Bigi(2) = (2 = ay)gj-1(2) = Bj-10j-2(),

where a; = f: 2q;1(2)2dIF(2) and S; = [* 2q;(x)q;_1(2)dIF (z).

a

6 Compute the roots of qqx; these are the estimates of the parameters /):1, e 7/):1@-
7 Letting
1 1 . 1 ] -
" X M Mo (F)
~ ~2 ~2 ~2 __ M, (F
7250 DRI Ve vl B ol I
A A ]\//Tk,l(F)
A A SRV

let @ = V~'M. Our estimate of the weight w; is the ith coordinate of this vector.

10



5. Natural Exponential Families

Our result on one-parameter families that satisfy a particular polynomial condition on their
moments may seem unmotivated, since the condition does not obviously correspond to a
particular family of distributions. However, at least a subset of these one-parameter families
belong to a more general class of families of distributions parameterized by some parameter
vector, known as exponential families. In this section, we describe a special case of these,
natural exponential families, and use this case to give examples of distribution families in C.

Definition 5.1. Consider a family of d-dimensional distributions parameterized by 6 € R?,
with probability density functions fx,. We call this an exponential family if we can find
functions h: R? - R,n:R* = R*, T : R? = R*, A: h: R®* — R such that

fx,(z) = h(m)en(G)'T(w)—A(@.

We call n the natural parameter, T the sufficient statistic, and A the log-partition function.

This is an enormous class of parametric families of distributions, including many common
distributions such as Gaussians, Poisson distributions, and Gamma distributions, so we can
restrict a bit and still get a quite rich collection.

Definition 5.2. An exponential family is called a natural exponential family if T and n are
both the identity function.

Specifically, a natural exponential family has a density of the form

fx,(z) = h(x)eg”"_A(e) )

In this case, 6 can be thought of as the parameter, though it is important to keep in
mind that it may not exactly correspond to the standard definition of the parameter for that
particular distribution.

Natural exponential families are especially motivated because they are described com-
pletely by their mean or variance, as shown by the following facts, of which one can find a
fuller discussion in [14].

Fact 5.3. If A is the log-partition function in a natural exponential family, then the rth
cumulant is given by AT (0).

Notice that this gives that A”(6) > 0, so A’ is injective and hence invertible. From this,
we can define the variance function V() as a function of the mean p = A’(#), which implies
the following fact.

Fact 5.4. The variance function V', together with a domain, determines the natural expo-
nential famaly.

It is also true, for a natural exponential family, that writing the variance function allow
for a simple recurrence formula for cumulants of a member of a natural exponential family.

11



Fact 5.5.
Cira(p) = V(n)Ci(p)
where Cy(p) is the kth cumulant of the distribution with mean .

Since we wish to work with families in C, the recurrence above motivates us to work
with natural exponential families with quadratic variance functions (NEF-QVF’s), which are
natural exponential families where the variance is a quadratic polynomial in the mean. By
transforming and considering cases, Morris [14] showed that up to division, convolution, and
affine transformations, there are just 6 NEF-QVEF’s:

1. The Gaussian distribution with fixed variance o2,

2. The Poisson distribution,

3. The Gamma distribution with fixed shape parameter «,

4. The Binomial distribution with fixed number of trials n,

5. The Negative Binomial distribution with fixed failure number 7,

6. The Generalized Hyperbolic Secant distribution with fixed r.

For all of these distributions except for the binomial distribution, the jth moments are
precisely jth degree polynomials in the mean (which can be taken as the defining parameter),
giving that they can be learned efficiently using Algorithm More details on each of the
NEF-QVEF’s are given in Appendix B.

Based on this connection between natural exponential families with quadratic variance
and distribution families in C, we are then encouraged to consider, as a next step, mixtures of
natural exponential families with higher-degree polynomial variance functions, which include
the well-known Wald (Inverse Gaussian) distributions with cubic variance, which, when the
scaling parameter is fixed to 1, has moments M; = u, My = pu + p?, Ms = p® + p* + 12,
which satisfy the recurrence M, 1 = (2n—1)u? M, + p*>M,,_,. These are not (C, k)-mixtures,
so our results do not apply, but perhaps we can alter the same technique to deal with these
cases as well. This is the subject of Section 6.

6. Learning a finite distribution with some 2k — 1 moments

Up to this point, when learning finite distributions and a mixture of one-parameter distri-
butions, we assumed that we would be able to reduce the mixture to the problem of solving
for a finite distribution given its first 2k — 1 moments, which we were able to solve robustly.
However, as the inverse Gaussian shows us, we often encounter situations in which our re-
duction may in fact involve a set of 2k — 1 moments that are not the first 2k — 1 moments,
or a linear combination thereof.

12



A pertinent starting question, then, is: which sets of 2k—1 moments {M,,, M,,, ..., M,,, _,
uniquely determine a finite distribution F' on k points?

To approach this question, we generalize the approach outlined in the proof of Proposition
, in which, given a pair of unequal F, F’, we construct a polynomial p(x) that has roots
at all but one of the points of F, ', thus giving a nonzero integral [ |p(z)(F — F')|. In
Proposition [2.1,, we wanted this polynomial to be of degree 2k — 1, since this implied that
one of the first 2k — 1 moments differs. In this case, we want our polynomial to have at
most 2k — 1 nonzero coefficients, corresponding to x®, x%2, ..., x*-1 We first show that it
is possible to construct such a polynomial from the p(x) given in Proposition .

Lemma 6.1. Let S = {0,a1,as,...,a0_1} where 0 < a1 < ag < -++ < ag_1 € Z. Given
distinct ﬁmte dz’stm’butions F,F" on points x1,...,x, and yi, ...,y , there exists a nonzero
polynomial q(x Z it such that q(x) is divisible by [T5,(z — ) TT= (= — w).

€S

Proof. Let D ={dy,...,d;} ={0,1,... a1} \ S. Let

UEEDILTE | () | ()

and M be the [ x (I + 1) matrix such that M;; = ug,_;. Because the numbers of rows of
M is I, we have that rank(M) < [, which gives that nullity(M) > 1. This means that
there must exist some nonzero vector b = (b, by, ..., b;) satisfying Mb = 0. Then letting
B(zx) = Eli:O bix' gives q(r) = B(x)U(x) to satisfy the desired properties. O

It is useful to know that we can always construct such a polynomial; our goal, however,
is to construct such a polynomial that has exactly 2k — 1 roots in P, since this gives us the
following result.

Proposition 6.2. Let S = {0,a1,a9,...,a96_1} where 0 < a3 < ag < -++ < ag_1 € Z.
Given finite distributions F, F’" on distmct points P ={xy,..., Tk, y1,...,Yx} such that F #
F', there exists a nonzero polynomial q(z chx such that q(z) has shares as roots all

€S
but one of the elements of P. Then the set of moments {M,,, M,,, ...

determines a finite distribution on k points.

} uniquely

a2k 1

Proof. This follows immediately from the fact that the integral [ |q(z)(F — F”)| is nonzero,
implying that there must exist some ¢ € S such that M;(F) # M;(F"), since these correspond
to the nonzero coefficients of q. O

One particular instance in which this polynomial is easy to construct occurs when the
a; are uniformly spaced with an odd difference; in other words, a; = a;_1 + j for some odd
JjELT.

Proposition 6.3. Let S = {aj,as,...,a9,1} ={a,a+j,...,a+ (2k — 2)j} where j is an
odd positive integer and a > 0. Then the set of moments {My,, M, , ... } uniquely
determines a finite distribution on k points.

a2k 1
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Proof. Let F,F’" be two finite distributions on points x1,..., Tk, Y1,...,Ys, Where x, #
Ty, Yo # yYp for all a # b. First, assume that there exists some [ such that y; # x; for
all 1 <7 < k. Without loss of generality, let kK = [, and let y, be nonzero, possible because,
given the above, there also exists some x; which is distinct from all of the y; for 1 < i < k;
without loss of generality we assume that y is nonzero, since we know that z; # y,. With
this established, apply Proposition using the polynomial

0(x) =] (H@: ) [~ yz-g))

=1

- 27
where (; = €', possible because the only real roots of this are 0, z1,...,Zg, Y1,. .., Yr—1.

If there exists no such [, then without loss of generality let x; = y; for all 7. Because
F # F', there must exist some j such that p; # ¢;; without loss of generality, let j = k.
Then, similarly define the polynomial

p(X) =[] (ﬁ@c ) [ - yic;»)

=1 i=1

and apply Proposition[6.2) noting that the integral [ |ga()(F — F')| is still nonzero because
of the difference in weights. m

When the a; are uniformly spaced with an even difference, then it is easy to construct
counterexamples in which two different mixtures share the same set of moments, since either
the moments are all even or all odd. In particular, if all of the moments are even, then given
a mixture [ with component parameters x;,p;, the mixture F’ with parameters —uz;, p;
clearly has the same moments. Oppositely, if all of the moments are even, then, given a
mixture ' with component parameters (x1, —x1, T2, ..., Tk_1), (P1, D01, D2, - -, Pk—1), then the
mixture F’ with component parameters (yi, —y1, 2, ..., Zk_1), (P1,P1,P2, - - -,Pr—1) has the
same moments but is a distinct mixture if we pick y; # x;.

In general, we can also approach this problem as follows: from Proposition 6.1, we know
that it is always possible to extend a polynomial g(z) with roots at all but one of the
points of the two mixtures to another polynomial g*(x) with nonzero coefficients only at
the known moments. If the same cannot be done for h(z) = Hle(x — x;)(z — y;), which
has all of the points as roots, then g*(x) cannot be divisible by h(z), which means that
[, lg*(z)(F — F")] must be nonzero, as desired. Thus, one approach is to determine for which

sets {ay, as, ..., as_1} we can show that h(z) cannot be extended.

It turns out that a sufficient condition involves the Schur polynomials s)(x1, xs, ..., Tk, Y1, ...

where A\ is the partition (A1, Ao, -+, Aog_1,0), A\; = agk_; — (2k — 7). These polynomials have
a number of equivalent definitions; we will present the one most useful for our discussion.

Definition 6.4. A generalized Vandermonde matriz Vy(xy,...,x;) on X = (A, Ag, -+, Ag)

14
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and coordinates x1,xs, ..., x; is defined as

- - A
PR etk
A +k—1 Ao+k—2 Ak
:E2 w2 ... 1’2
A+k—1 Ao+k—2 Ak
xk l‘k . e :L'k
Definition 6.5. Given a partition (Ay, Ag, -+, A,), the Schur polynomial s, is defined as

B det(V)\(‘Tl, <. an))
sx(1, T, w0) = det(Vioy (w1, ..., @)

Using this definition, we can prove the following.

Theorem 6.6. Let S = {0,a1,az,...,a9,1} where 0 < a1 < ag < -+ < agg—1 € Z, and let

A= (agk—1 — (2k — 1), a2 — (2k — 2),...,a1 — 1,0). Given two finite distributions F, F’

on distinct points x1,..., %k, Y1, .., Yk, there exists a nonzero polynomial q(x) = ch-xi
icS

divisible by Hle(x — ;) Hle(:zr — ;) if and only if sx(x1,..., %k, Y1, .., Yx) = 0.

Proof. Consider V)\(z1, ..., %k, y1,- .., Yx), where A, as before, is the partition (A1, Ao, - -+, Aog),
where \; = agr—; — (2k — i) and Mg, = 0. Note that, on distinct z;,y;, we have that
Vo(z1, .- @k, Y1, - - -, Yg) s nonzero, so det(Vy(z1,..., Tk, y1,...,Yx)) is zero if and only if
sx(x1, ..., Tk, Y1, ..., yr) = 0. But this determinant being zero is equivalent to a nontrivial
linear relationship among the rows of M, which gives a g(x) with the desired nonzero coef-
ficients with roots at x1,..., Tk, y1,...,Yr, as desired. Since all of these steps are reversible,
both the forward and reverse implications hold. O]

In a particularly simple case, we can consider A = (m,0,0,...,0) where there are n >
m — 1 zeros in the partition. Then

m
S\ = E lL'l'j
0<iy-<im<n \j=1

which is known as the complete homogeneous symmetric polynomial h,,. Hunter [16] proved
the following;:

Theorem 6.7. The polynomial hs, s positive except at zero.
Corollary 6.8. Let S = {1,2,...,2k — 2,25 + 1}, where j > k. Then the set of moments
Mg uniquely determines a finite distribution on k points.

Proof. This follows from Theorem [6.7] Theorem [6.6, and Proposition [6.2 ]

Notice also that Proposition (6.3 implies that we can perhaps show that, given A\ =
((n—=1)7,...,7,0) for j an even nonnegative integer, we have that s)(zy,...,2,) > 0 for any
choice of real zq,...,2,. In fact, this is indeed the case; the complete proof is omitted for
the sake of space, but it leads us to believe that the following conjecture is true.
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Conjecture 6.9. If \ is a partition with only even parts and last part 0, then sy(x1, ..., Tg, Y1, - - -

s positive away from zero.

7. Two-Parameter Mixtures

Our results to this point have concerned only one-parameter distributions; in this section,
we consider how these techniques extend two-parameter distributions. In particular, Moitra
and Valiant [I2] previously showed that 4k — 2 moments suffice to uniquely determine a
mixture of k& Gaussians; we show that this is a necessary condition.

Proposition 7.1. There exist two mixtures of k Gaussians, F, F’, such that F' # F' and
M;(F) = M;(F") for 1 <j <4k — 3.

Proof. Let the means of F' and F’, respectively, be denoted 1, pia, . . ., pp and mq, ma, . .., My,
and the variances be denoted o%,...,0% and v?,..., v} Let uy = g = -+ = pp = my =
my = --- = my = 0, which causes the odd moments of F and F’ to all be 0, and the

even moments Mo;(F'), Ma;(F”') to be sz o, Zpl v; 2J. in particular, they represent the

moments of finite distributions at pomts o2, v} From Proposmonu 2.3 then, given o7, we can

choose v/? (we can ensure positivity by taklng our interval to be [0, 1], which by Proposition
implies that our 2 fall in that range) to match the first 2k — 2 moments of these finite
distributions, which we implies that we match up to the (4k — 4)th even moment of F, F”.
Since the (4k — 3)rd moment and indeed all of the odd moments are matched by the fact
that they all are zero, we have the desired result. O]

Note that the above construction can actually match 4k — 3 moments for any mixture of
k Gaussians in which the means are all equal. We can see this by the fact that the above
mixtures having equal moments implies they have equal cumulants, and we can shift the
first cumulant, the mean, without changing the later cumulants, implying the desired result.

However, this matching of many moments seems to be specific to the case in which many
of the means are equal; we suspect that as the means are separated, the number of moments
that suffice to determine the distribution becomes smaller:

Conjecture 7.2. Given a mizture of k Gaussians F' such that p; # p; for all i # j, then
3k moments suffice to uniquely determine F.

Other two-parameter distributions also satisfy that 4k — 2 moments are both necessary
and sufficient to uniquely determine a k-distribution mixture.

Proposition 7.3. ]fF and F' are two miztures of k uniform distributiondl], then F = F' if
and only if M;(F) = M;(F') for1 <j <4k —2.

'We define a uniform mixture as a mixture of k uniform distributions on [a;, b;], with b; < a;1; for all 7.
This is to ensure that it is even possible to distinguish mixtures from their density functions.
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The proof of this result is deferred to the appendix; it is very similar to that of Proposition
2.1 in establishing an upper bound by finding a polynomial matching the sign of f(z) = F—F"’
of degree at most 4k — 2, and establishing a lower bound by finding particular settings for
the parameters that make all odd moments 0, as in the Gaussian case.

We suspect the above upper bounds for Gaussians and uniform distributions are similarly
true for Laplace and Gamma distributions; we found numerical evidence with Mathematica
that 6 moments suffice to determine a mixture of two components for each of these distribu-
tions, for example. We conjecture that this is sufficient in the general case of two parameter
distributions whose moments are degree k in each of the parameters.

Conjecture 7.4. Let C be a two-parameter distribution whose moments are degree at most
k in each of the parameters. If X and X' are two mixztures of k C-distributions, then X = X'

8. General Mixtures

All of the results up to this point have shown that the number of moments required to learn
one or two parameter distributions, given some polynomial condition on their moments in
terms of the parameters, is some (linear) function of k independent of the parameters. The
following result extends this to a general family of distributions with an arbitrary number
of parameters and gives a bound on the number of sufficient moments exponential in k.

Definition 8.1. Let D denote the class of distribution families of the form h(#)p(z)e?@n®)
where p(x) and ¢(z) are polynomials whose degrees are independent of 6.

Proposition 8.2. Consider some F € D with deg(p) = dy — 1, deg(q) = dy > 0. Then
O(d,d%) moments suffice to uniquely determine a mizture of k F-distributions.

Proof. Let G be a mixture of k£ F-distributions with parameters 6y,...,60;, and G’ an-
other mixture of k F distributions with parameters 67,...,6,. Let 2k = j, and define

g(x) =G -G = Z pi(2)e%®) where we incorporate the parameters as constants in the

polynomials, since they are fixed for each component. We first prove that g(z) has at
most O(dyd}) by induction on j; it is clear in the base case j = 0. Now, assume it is

2k—1
true for j — 1, and rewrite g(x) = por(2)e®® + 37 pi(2)e% ™. This is 0 if and only if
i=1
2%k—1
go(x) = par(x) + Z pi(2)e®®=%(=) is 0 by quotienting out e®+). Taking d; derivatives of

g2(x) and using the fact that the number of zeroes of a function is at most one more than

the number of zeroes of its derivative, we get that g(z) has at most d; more zeroes than
2%k—1

g3(x) = Z Pl(2)e®@=%(®) where pl(x) = (%(qi(x) — qr(2)))® - p;(x), which has degree at

most dl(d2 — 1) +d; = didy. By our inductive step, gs(z) has at most O(ddy(d5" ")) =
O(d,d%) zeroes, which means that g(x) has at most d; + O(d1d5%) = O(d,d3¥) zeroes.
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Letting the number of zeroes of g(x) be a, we can construct a polynomial h(z) of de-
gree a that matches the sign of g(x), which implies, following our usual argument, that
[ |h(x)g(x)|dz > 0 so one of the first a = O(d1d3*) moments of G and G’ differ. O

This argument only works when d;,dy are constants independent of the parameters, in
which case it gives us an effective upper bound on a sufficient number of moments based
solely on the number of components of the mixture. Examples of well-known families that
satisfy this property include Gaussians, Maxwell-Boltzmann distributions, and Rayleigh
distributions. However, our bound is still not linear or even polynomial in £, unlike all
bounds in previous sections; this is not especially surprising, since the techniques used in
Proposition do not use much about the structure of the distribution, and we suspect that
this bound can be improved in many cases.

We conjecture that an effective bound in terms of k should always exist, independent
of the parameters, in cases in which the distribution family is an exponential family. We
suspect that, for natural exponential families at least, this bound is linear in k.

Conjecture 8.3. Let F' be an exponential family. Then there exists a function f(k) inde-
pendent of the parameters such that at most f(k) moments suffice to uniquely determine a
mixture of k F-distributions.

9. Future Work

Looking to the future, in the one-parameter domain, completely classifying the zero sets
of Schur polynomials is still open, which would help in determining which sets of 2k — 1
moments uniquely determine a mixture. Another question of interest is the number or
properties of additional moments necessary in cases in which a set of 2k — 1 moments do not
uniquely determine a finite distribution. The hope is to be able to eventually generalize this
sufficiency condition involving Schur polynomials to linear combinations of moments, as this
would then allow for the implementation of a moment-matching algorithm for mixtures of
one-parameter distributions not in C, such as natural exponential families with higher-degree
polynomial variance functions.

Furthermore, there is much work to be done with two-parameter families and exponential
families in general. It is still open, in the generic case with means separated, whether only
3k moments suffice to uniquely determine a Gaussian, or whether 4k — 2 moments are still
needed; we conjectured that the former is true. Another possible area of work is generalizing
our upper and lower bound techniques to get an effective bound polynomial or linear in k£ for
general two-parameter mixtures, and in fact any effective bound in terms of k£ in this case
and in the general case of exponential families is still open.

Finally, outside of a single specific result for Gaussians in [I1], almost no work has been
done on establishing sample complexity lower bounds for learning mixtures of a certain
distribution family. We expect that such arguments would follow [I1] and use distance
metrics to turn a condition on the number of moments necessary to uniquely determine a
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distribution into a statistical lower bound, but for which families such an argument holds is
still a largely unexplored question.

10.
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A. Proofs of Results

We prove here those results from the body of the paper whose proofs were deferred to the
appendix for the sake of space.

Proof of Proposition [2.5. Let u be the uniform distribution on [0, 1], and let pg, p1, pe, . .. be
the sequence of orthogonal polynomials to this distribution. Let f = por_1, and notice that
f is orthogonal to any polynomial of degree < 2k — 2, since such a polynomial can always
be written as a linear combination in pg, p1, ..., pax_2. Now, consider the distribution ' on
[0,1] with density g(x) = 1+ €f(z), where € is sufficiently small that g(z) > 0 on [0, 1].
Notice that this is indeed a valid distribution because

1 1 1
/ dy = / dup + 6/ f(x)2 dp =1,
0 0 0

by orthogonality of f. Similarly, by orthogonality, we get that, for j < 2k — 2, the jth
moment of u is

1 1 1 1
Eyp [y] =/0 yfdu’:/O yﬂdu+e/1yff($)du=/0 y'du = Eyu[y'],

as desired. When j = 2k — 1, f(z) is no longer orthogonal to 37, which gives that
€ fol v f(z)du(x) # 0 so Eyuw[y7] # Eyouly’]. Thus, g and u' are two probability distribu-
tions which match on their first 2k — 2 moments but have different (2k — 1)st moments.

From here, we apply Proposition to generate F' = [(u), and F' = (1), the unique
finite distributions that match p and p’ on their first 2k — 1 moments. Since this implies that
F and F are finite distributions that match on their first 2k — 2 moments but have different
(2k — 1)st moments, we are done. O

Proof of Theorem[{.4 Let F have points x1, o, ..., zy with weights py, pa,...,px, F' have
points yi, Yo, - . ., yp with weights q¢1, o, ..., qx, and let f(z) = F — F’ be the difference in
probability densities. We will split our argument into two cases: separation in the points of
the mixture and separation in the weights.

Case 1: Separation in Points

We suppose in this case that there is separation in the points of the mixture; in other words,
that there exists some point a € {z1,..., 2, Y1, ..., yx} such that |a — z;| 2 € for all x; # a,
la — y;| 2 € for all y; # a. Without loss of generality let this point be yx, and consider, as
in Proposition [2.1] the polynomial

Pi(z) = (H(x - l‘z‘)) (ﬁ(x - yz‘)) = i a;z’.

i=1 i=1 =0

We know that this is zero everywhere except for y;, and also that g, = €;. Furthermore,
by €;-separation, there can be at most one point x; such that y, — x; = O(ey); for all other
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points z € {x1, ..., Tk, Y1, Yk} /{®is Uk}, |yx — 2| 2 €1. This gives us that

Case 2: Separation in Weights

= ’CIkPI(yk)’ 2 6% e €2,

as desired.

In the second case, we do not have separation in the points, so each point z; must have a
unique point y; such that |z; — y;| = o(es); there cannot exist more than one such point for
each x; by the €; separation between the points within mixtures. Without loss of generality

let |z; — y;| = o(ey) for all i. Now, we know, because F,F’ are (€1, €2) standard, that
there must be separation in the weights; in other words, there must exist some [ such that
Ipr — 1| = ©(e2); without loss of generality let [ = k, and let a = |z) — yg|-

If we picked a polynomial having one of these points as a root, the value of the polynomial
at the other would be too small to give our desired moment estimation. With this in mind,
consider the point b = z; +¢- (sgn(y; — x;)€ea) where ¢ is chosen such that [b—y;l, |b— ;] 2 €
for all i # k, and |b — yk|, |b — x| 2 €2, possible by the e;-separation of F, F" and the o(es)
closeness of y and x;,. With this established, define the polynomial

Py(z) = (ﬁ(w - x2)> (ﬁ(m -y ) r —b) Z bz’

i=1 =1

Notice that P(x) is zero everywhere except for x5 and y;. We want to evaluate py P(xy) —
qrP(yr), since the absolute value of this is exactly the integral | [ Py(z)f(x)dz|. Without
loss of generality let p, > qi; in particular, we know that py — qx = €. From this, notice

~

that |&| > 1 + €. We now want to show that Péy’“; < 1+ €, which will also us to bound

| [, Po(z) f(z)dz|. Notice that each term of Py(xx) and Py(y;), excepting (x — b), are Q(ey),
and in partlcular differ by a. Thus, the multiplicative factor by which these terms differ

is at most 61?“, so in total, excluding the = — b term, the multiplicative factor is at most

(14 61) = 1+ ka, since €; > a. Finally, notice that because b is chosen to be farther from
x;, (x; —b) is larger than (y; — b), the maximum multiplicative factor that this contributes

to ;yk; is 1. Thus, we have that P(yx) 2 (1 + ka)P(xy), so

P () — e P(yx) Z @ P () (1 + €2) — (1 + ka)) 2 e2q1.P (k).

Since P(xy) = €2¢7%¢, and ¢ > €, this gives that

> egek!

L (@) Pa(a)da| 2

Using Case 1 and Case 2 to find differing moments

)

as in the first case.

From our two cases, we have that, regardless of the closeness of the points, we have that
there exists a polynomial Pj(x) such that | [ Py(z)f(x)dz| 2 e2*1e,. Now, notice that each
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coeflicient a; and b; of P;(z) are O( [2F1) since each polynomial is of degree 2k — 1 and
the z;,y; are bounded above by = o Thus, we have that

/x o f (w)da

~

< 21

/ Py(@) f(x)dz

xT

which gives, by our previous bounds, that

k
/ 2 f(x)dr| = | Mi(F) = My(F')| 2 eF e,
z i=1
This implies that there must exist some i such that |M;(F) — M(F')| > Q(¢}" %), as
desired. []

Proof of Propositz’on [4.6. The proof of this is almost identical to that of Lemma 3.2 in [11].
Let s = W = O( ), and partition the samples x; into groups of size s. Consider

taking the empirical moment of each group. Because F' is sub-exponential, M,(F) < pP\?
by definition, so we have that

Var(x )<IE( P) < (2p)*PA%P

S
Now, consider the empirical pth moment of a group M, = %Z z?; the above bound gives

i=1
that Var <]\/4\p) < w.
By Chebyshev’s inequality, we then have that
— AP (2p)P
p (|77, - | > @)y
Ves
Letting ¢ = and plugging in for s gives
— 1
P (|- )< %
P 4t

By a union bound in each group this gives

P (i, - | <o) 2 3

for all p < t. From this, because there are O(log(1/9)) groups, the probability that more

»| < €] is at most 1 — ¢, which means that,

if we take the median of our estimated moments for each of the groups, it will satisfy the
desired bound, and we are done. O
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Proof of Proposition|[7.3. We first prove that 4k — 2 moments is an upper bound, the if
direction of this proof. To do this, assume F' # F’, and let f(z) = F — F’ be the difference
in probability densities. We will show that there exists a polynomial p(z) of degree at most
4k — 2 such that [ |p(z)f(z)| > 0. To do this, consider the zeroes of f(x); these can only
occur when the value of f(z) changes, which occurs only at the left or right edge of one of
the uniform distributions in one of the mixtures. There are 2k such distributions, so there
are 4k changes in value in total. However, two of these, the right and leftmost, do not entail
a sign change, since past each of these f(x) = 0 for all 2. Let these two boundary points be

a and b, respectively, and, With this in mind, let the set of zeroes of f(z) between a and b be
k=2

T1,72,...,7;, where j < 4k—2. Then, defining p(z) = c(z—ri)(x—rs)--- (x—7;) Z o,

we can pick ¢ € {—1, 1} such that p(z) matches the sign of f(:c) at all . Since we cannot have

f(xz) = 0 for all z because F # F’, we then have that [ |p(z)f(x)| > 0, as desired. This is
k-2

equivalent to saying that Z Q; / |2’ f(x)| > 0, which implies that [ |27 f(z)| # 0 for some

J, or that M;(F) # M; (F’) Thus if ' F’, some pair of the first 4k — 2 moments differs,
so 4k — 2 moments are indeed sufficient to determine a mixture of k uniform distributions.

The only if direction proceeds similarly as in the Gaussian case. Let the uniform distri-
butions of F' have parameters (a1, by), (az, b2), ..., (ar, by) and those of F’ have parameters
(c1,dy), (c2,dg), ..., (ck,di). Now, let a; = —b; and ¢; = —d;. Using that the moments of a
uniform distribution with parameters (a, b) are M,, = %, this makes all odd moments
of the uniform distributions in F, F” to be 0, which means that all odd moments of F, F’
are zero, since they are just convex combinations of their components. The even moments,

in turn, are 2" and d>" and similarly

1) 1)

so the even moments of F' are My, (F) = szb%

=1
for F'. This gives that Ms,(F) is equal to the nth moment of a finite distribution with
points at b? and weights p;; by Proposition we can match the first 2k — 2 moments of this
distribution by picking corresponding positive d? (as in the Gaussian case, we can ensure
positivity by taking our interval to be [0, 1], which by Proposition implies that our d?
fall in that range), implying that the even moments of F, F" match up to 4k — 4; since we
know from our choice of a; that the odd moments match since they are all 0, we have a pair
of F, F' such that the first 4k — 3 moments match, implying our lower bound. O
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B. Natural Exponential Families with Quadratic Variance Functions

In Table below, we give the probability density function, variance function, cumulants, and moment recurrence for (up to
affine transformations, division, and convolution) five of the NEF-QVF’s, omitting the generalized hyperbolic secant distribution
due to its complicated and esoteric nature. Excluding the binomial distribution, these are examples of well-known distribution
whose mixtures that can be learned efficiently by Algorithm

. . . . Cumulants or Moments or
Distribution PDF Variance Function Cumulant Recurrence Moment Recurrence
Gaussian with _@ew? Cy=pu, Cy =02,
fixed variance flz) = \/2;76 2" Vi) = o? ék =0 @k >3 My, = pMi—y + (k — 1)02Mk*2
Poisson distribution P(z) = ’\k—lfe_’\ Vi(p) = p Cr=p Vk>1 My, = pMy_1 + ,ud(]‘g—’;*l)
Gamma Distribution -1 _a 2 1) _ ) k
— =z _u? — k=D & = T1! u
Wlth Fixed Shape f(‘r) ,B’T(r)e s V(/JJ) r Ck r M Mk H]:O (7” + .]) (r)

Binomial Distribution _(m\,x(q1 _ o\n—z 19 s , My, = pMy_1+
with Fixed # of Trials | 2@ = @p"A=p)"" | V() = —p* +u | Ci= ( " ﬂ‘) Cilw) et V()

Negative Binomial
Distribution with Fixed | P(z) = F(HT.) A=p) | V(p) =22 +p | Ce(p) = (202 + 1) Cp_y (1)
Failure Number

My (@) = pMy_1+
(A4 1) M)

Table 1: The probability distribution functions, variance functions, cumulants, and moments of five of the six NEF-QVF’s.
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