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Abstract: Mixtures of regression are useful for regression learning with
respect to an uncertain and heterogeneous response variable of interest. In
addition to being a rich predictive model for the response given some co-
variates, the model parameters provide meaningful information about the
heterogeneity in the data population, which is represented by the condi-
tional distributions for the response given the covariates associated with
a number of distinct but latent subpopulations. In this paper, we inves-
tigate conditions of strong identifiability, MLE rates of convergence for
the conditional density and model parameters, and the Bayesian posterior
contraction behavior arising in finite mixture of regression models, under
exact-fitted and over-fitted settings and when the number of components is
unknown. This theory is applicable to common choices of link functions and
families of conditional distributions employed by practitioners. We provide
simulation studies and data illustrations, which shed some light on the
parameter learning behavior found in several popular regression mixture
models reported in the literature.
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1. Introduction

Regression is often associated with the task of curve fitting — given data samples
for pairs of random variables (X,Y), find a function y = F'(x) that captures the
relationship between X and Y as well as possible. As the underlying population
for the (X,Y) pairs becomes increasingly complex, much effort has been devoted
to learning more complex models for the regression function F. In many data
domains, however, due to the heterogeneity of the behavior of the response
variable Y with respect to covariate X, no single function F' can fit the data
pairs well, no matter how complex F'is. Many authors noticed this challenge and
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adopted a mixture modeling framework into the regression problem, going back
to [11, 35], and continuing with more recent applications, e.g., [1, 4, 28, 33, 32].

To capture the uncertain and highly heterogeneous behavior of response vari-
able Y given covariate X, one needs more than one single regression model.
Suppose that there are k different regression behaviors, one can represent the
conditional distribution of Y given X by a mixture of k conditional density
functions associated with & underlying (latent) subpopulations. One can draw
from modeling tools of conditional densities such as generalized linear models
or more complex components to increase model fitness for the regression task
[22, 16]. Making inferences in regression mixtures can be achieved in a frequen-
tist framework (e.g., maximum conditional likelihood estimation (MLE) [3]), or
a Bayesian framework [21]. In addition to enhanced predictability for the re-
sponse variable given the covariate, a key benefit of regression mixture models
is that the model parameters may be used to explicate the relationship between
these variables more accurately and meaningfully.

Despite the aforementioned long history of applications, a satisfactory level
of understanding of several key issues concerning model parameters’ identifia-
bility and a large sample theory of regression mixture models remains far from
being complete. This is perhaps due to the somewhat unusual position where
regression mixture model based methods sit — like any regression problem one
is interested in prediction performance, but unlike the traditional viewpoint of a
single curve-fitting task one must come to terms with the multi-modality of the
response variable due to the underlying data population’s latent heterogeneity.
Thus, one must also be interested in the quality of parameter estimates repre-
senting such heterogeneity. There is a slowly growing theoretical literature, but
most existing works are limited to the questions of consistency of estimation for
the mixture of generalized linear models with some specific classes of conditional
densities and link functions, or simulation-based methods [15, 24, 23, 40, 12, 39].
In particular, [15] investigates the identifiability of the mixture of Gaussian re-
gression models with linear link functions. [24] generalizes the results for the
exponential families. [40] further extends the identifiability results to more gen-
eral link functions, but no analysis of parameter estimation. [39] shows the
consistency for density learning of this model under the Bayesian setting. On
parameter estimation behavior, more recently [25] proposed a penalized MLE
method for model selection for the class of identifiable mixture of regression
models with linear link functions and established rates of parameter estimation.
[20] investigated the parameter estimation behavior for the Gaussian mixture
of regression models.

In this paper, we study parameter identifiability, parameter estimation be-
havior, and prediction performance arising from the finite mixture of regression
models. We work with general conditional density kernels and link functions,
investigate both an MLE approach and a Bayesian approach for estimation.
Consider a regression mixture model in the following form:

ko

fao(yl) =D p)f(ylha (2,68)), ha(x, 65,)), (1)

=1
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where x € X C RP? is a vector including the explanatory variables, y € ) is the
response variable. The conditional density function fg,(y|z) take the mixture
form, where the discrete probability measure Gy = Zfozl p?é(g(fj,ggj) encapsu-
lates all unknown parameters in the model, with (p?)fozl being the mixing pro-

portion, and (9%)?‘):1 and (9%)?021 being parameters in a compact subspace O
of R% and ©4 of R%, respectively. We call Gy the latent mixing measure asso-
ciated with the regression mixture model. The link functions h; : X x ©7 — H;
and hg : X X Oy — Hy are known, where H;, Hy are compact subsets of R. The
family of densities {f(y|p, @) : p € Hy,¢ € Ha} is given, where all of them are
dominated by a common distribution v on ) which can be either a counting or
continuous measure. In many applications, the family f is a dispersion exponen-
tial family distribution with parameter p = hy(x,6;) is modeled as the mean,
and ¢ = ha(x,03) is modeled as the variance of f(y|hi(x,61), ha(z,02)) so that
the mixture of regression models can capture the average trends and dispersion
of subpopulations in the data. We are interested assessing the quality of the
conditional density estimates, as well as that of parameters (p?)?“zl, (9?]-)?“:1,
and (9%)?‘;1 from i.i.d. samples (x;,y;)" ;, where distribution of y; given x; is
given in the model (1) and z; follows some (unknown) marginal distribution Px
on X.

Our parameter estimation theory inherits from and generalizes several recent
developments in the finite mixture models literature. [2] initiated the theoretical
investigation of parameter estimation in a univariate finite mixture model by
introducing a notion of strong identifiability. [31] developed a theory for both
finite and infinite mixture models in a multivariate setting using optimal trans-
port distances. [17] studied convergence rates in various families of vector-matrix
distributions. A central concept in these papers is the notion of strong identifi-
ability of (unconditional) mixtures of density functions. This is a condition on
a parametrized family of density function f of y, as there is no covariate = here.
At a high level, it requires that the family of function f, along with their partial
derivatives with respect to the parameters up to a certain order, are linearly
independent. Once this condition is satisfied, one can establish a lower bound
on the distance between mixture distributions in terms of the optimal transport
distances between the corresponding latent mixing parameters. Such a bound
is called an inverse bound, which plays a crucial role in deriving the rates of
parameter estimates.

With regression mixture modeling, we move from the unconditional mixtures
described above to conditional mixture models. Thus, there are several fun-
damental distinctions. First, one works with the family of conditional density
functions in the form f(y|h(z,0)), which involves both the conditional density
kernel f and the link function h. A strong identifiability condition for condi-
tional distributions that we develop will inevitably involve both variables x and
y. The focus of inference is on the conditional distribution of Y given covari-
ate X, while the marginal distribution of X is assumed unknown and of little
interest. Accordingly, the identifiability condition must ideally require as little
information from the marginal distribution of the covariate as possible. More-
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over, given that the identifiability condition holds, the inverse bound that we
establish will be a lower bound on the expected distance of the conditional den-
sities, where the expectation is taken with respect to the marginal distribution
of the covariate. This is also crucial because we will obtain rates of conditional
density estimation in terms of the mentioned expected distance and use the
inverse bound to derive the rates of convergence for the corresponding mixing
parameters of interest.

Another interesting feature that distinguishes conditional mixtures from un-
conditional mixtures is that the former tends to satisfy strong identifiability
conditions more easily than the latter. This is because of the role the covariate
z plays in providing more constraints that prevent the violation of the linear
independence condition. For instance, it is trivial that an unconditional mixture
of Bernoulli distributions is not identifiable, but it will be shown (not so easily)
that the mixture of conditional distributions using the Bernoulli kernel is not
only identifiable but also strongly identifiable. There are situations where there
is a lack of strong identifiability, such as in the case of negative binomial regres-
sion mixtures, a model extensively employed in practice (e.g., see [33, 32]), but
we shall show that such situations occur precisely only in a Lebesgue measure
zero subset of the parameter space.

To summarize, there are several contributions made in this paper. First, we
develop a rigorous notion of strong identifiability for general regression mix-
ture models. We provide a characterization of such a notion in terms of simple
conditions on the conditional density kernel f and link function A and show
that they are satisfied by a broad range of density kernels and link functions
often employed in practice. Second, we study several examples of regression mix-
tures when strong identifiability is violated and investigate the consequences.
Third, we establish convergence rates for regression mixtures given strong iden-
tifiability, under both Bayesian estimation and MLE frameworks. We consider
three different learning scenarios: when the number of mixture components kg
is known (i.e., exact-fitted setting), when only an upper bound is known (i.e.,
overfitted setting), and when even such an upper bound is unknown. Finally, we
conduct a series of simulation studies to support the theory and discuss the con-
nections with empirical findings in the regression mixture literature [23, 33, 34].

In this paper we shall focus primarily on the “point-wise” convergence pa-
rameter estimation rate, i.e., assume that there is a fixed true set of parameters
in the mixture model, instead of allowing them to vary and overlap arbitrarily
as in a minimax setting, e.g., [14, 44, 41]. The uniform convergence rates arising
in the latter asymptotic setting are known to be extremely slow as the level of
over-fitting increases and generally challenging to establish. In theory, the dis-
tinction between the minimax and pointwise convergence rates within the finite
mixture framework deserves careful attention; see the recent paper [41] for the
sharpest and general treatment in the finite and multivariate mixture setting. In
practice, the slow minimax convergence rates do not reflect the meaningful ap-
plicability of mixture modeling based methods. For instance, for many realistic
data distributions, such as in the crash data analysis [32] (to be demonstrated
in Section 5), the fixed true parameters assumption is arguably more applicable
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since the modeler knows that there are only some heterogeneous but unchanged
sources that lead to car crashes. Furthermore, unlike vanilla mixtures, previous
theoretical investigation for regression mixture models only mentioned identifi-
ability and consistency [15, 24, 39]. Hence, the investigation of the point-wise
parameter estimation behavior can be valuable and the technique we study may
be useful for a more delicate analysis of this model class.

The rest of this paper is organized as follows. Section 2 provides prelimi-
naries on the mixture of regression models. In Section 3, we present notions
of strong identifiability and associated characterization for regression mixtures,
followed by a set of inverse bounds. Building upon this strong identifiability
theory, in Section 4, we establish the rates of conditional density estimation and
parameter estimation. In Section 5, we carry out simulation studies and data
illustrations to support our theory and discuss the empirical findings in the lit-
erature. Finally, Section 6 discusses future directions. All proofs are deferred to
the Supplementary material.

. . .. k .
Notation Given a mixing measure G = ijl Pj0(0,;,0.,), the mixture of re-

gression model with respect to G is denoted by fa(y|z) = Z§=1 P f(ylhi(z, 61;),
ha(z,02;)). The joint distribution of (z,y) is dP¢(z,y) = dPx (x) % fa(y|x)dv(y),
where Px is an unknown distribution of covariate X. Ex denotes the expec-
tation w.r.t. Px. We write f;(ylx) = f(ylhi(x,61;), ha(z, 02;)) for short, for
j = 1,...,k, if there is no confusion. Denote ©® = ©; x O3, H = H; X Hs.
Let &£;(©) be the space of mixing measures with exactly k& atoms in O, and
Or(0) = UF_,£,.(0) the space of mixing measures with no more than k atoms
in ©. If there is no confusion, we write & (©) and Ok (0) as & and O for short.
For two sequence (a,)52; and (b,)52, we write a,, < by, if there is a constant
C' such that a,, < Cb, for all n. We also write a,, >= b, if b, < a,, and a,, < b,
if we have both a, < b, and a, % b,. The multiplicative constants in those
inequalities will be specified in the main results for clarity. We use dg,drv,
and K for the Hellinger distance, total variation distance, and Kullback-Leibler
(KL) divergence between densities, respectively.

2. Preliminaries

Regression mixture models A mixture of regression model may be applied
with many different family distributions and link functions to fit a large range
of data distributions. For example, when the response variable y is continuous,
we can choose the family of (conditional) density to be normal {N(y|u,®) :
p € R¢ € Ry}, and parametrize p; and ¢; via two link functions p; =
hi(x,6015), ¢; = ha(x,02;), for j = 1,..., k. These functions can be represented
by polynomials or trigonometric polynomials with variable z and coefficients
01j,02;. Alternatively, when y is a counting variable, one can use the Binomial
distribution {Bin(y|NV,q) : ¢ € [0,1]} if y is bounded and the Poisson distri-
bution {Poi(y|u) : p € Ry} otherwise. If one wishes to take into account the
dispersion of y, Negative Binomial distribution {NB(y|u, ¢) : i, ¢ € R4}, where
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Y ¢
NB(y|u, ¢) = Lo +y) < K ) ( ¢ ) may be used. If the values of u or

L(@)y! \o+p ¢+ p
¢ need to be non-negative or belong to a compact set, one may apply functions

such as exponential functions or the sigmoid (inverse logit) function composit-
ing with a polynomial or trigonometric polynomial parametrized by 6, 65. The
general theory to be presented will be applicable to all these models, and others.

Wasserstein distances As discussed in the Introduction, all parameters in
the mixture model for the conditional distribution fg(y|x) of the response y
given covariate x are encapsulated by the latent mixing measure G = Z?zl Dj
(6,,,00,;)- In order to characterize identifiability and learning rates of parameter
learning, one needs a suitable metric for the mixing measure G. Wasserstein
distances have become a useful tool to quantify the convergence of latent mixing
measures in mixture models [31]. Given two discrete measures G = Zle P00,

and G’ = 25:1 pj0¢; on a normed space © endowed with a norm || - ||, the W,

Wasserstein metric, in which r > 1, is defined as:

ok’ 1/r
W, ") = |i i |16: — 05"
.6 = |int 3 -l |
3,7=1
where the infimum is taken over all joint distribution on [1,...,k] X [1,..., k]

such that Zf;l aij = j, Z?Zl gi; = pi- Note that for Gy = 250:1 p?égg € ke,

if G = Z?lejégj varies on Oy such that W,.(G,Gy) — 0 and O is compact,
then
ko

ko
WG, Go) =D | > mi=p|+ > > bl —6f|", (2)

i=10;€V; i=10;€V;

where V; = {6 : |0 — 62| < ||0 —6%|| Vi’ # i} is the Voronoi cell of Y in ©
(see, e.g., [19]). Hence, for every atom of Gy, there is a subset of atoms of G
converging to it at the same rate as W,.(G, Gp) — 0. Therefore, the convergence
in a Wasserstein metric W,. implies the convergence of parameters in mixture
models. In this paper, unless noted otherwise the space ©® = ©; x 05 is chosen
to be a compact subset of R%+42 and |-|| is the usual ¢? distance.

Mixtures of conditional densities In a regression mixture model, a focus
of inference will be on the conditional density fg(y|z), while there will be as
little assumption as possible on the marginal distribution of covariate X. It is
clear from the representation of fo(y|z) that the identifiability and parameter
learning behavior of the regression problem will repose upon suitable conditions
specified by f, h and the unknown parameter G. The analysis of conditional
density estimation requires us to control how large the conditional density family
{f(ylh1(z,61), ha(z,02)) : 61 € ©1,02 € Oz} is. This can be accomplished by
assuming Lipschitz conditions on f, hy and hs. In particular, we say that f is
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uniformly Lipschitz if there exists ¢y > 0 such that for all p, 4’ € Hq, ¢, ¢’ € Ho:

sup |f(yli, @) = Flyle's @) < cplp— 1’| + ¢ — ¢')). (3)

The link functions hy and hy are called uniformly Lipschitz if there are c¢1,¢co > 0
such that for all ;1,607 € ©1,05,0, € Oa:

sup |hy(z, 01)—hi(x,01)| < e [|61—01]], Sug|h2($792)—h2($79§)| < o [|62—-65]] -
xre

zeX
(4)
In a regression problem, one is interested in prediction error guarantee in
addition to assessing the quality of parameter estimates. For a standard (single
component) regression model, we often model f(y|z) = f(y|hi(x,01), ha(z, 02)),
where hj(x,0) is the mean parameter, i.e., E[Y|X = z] = hy(z, §). After estimat-
ing 6, from the data, the prediction error is customarily taken to be the mean
square error Ex (hi(X,09) — hi(X,0,))2, where 69 is the true parameter. For
a regression mixture, let the true latent mixing measure be Zf“zl p?é(ggjﬂgj)

for which an estimate is denoted by E?Zl ﬁj6(é1j b,)" In this setting, due to
the heterogeneous nature of the kresponse, the predicted Valuekfor y at any x
may be taken by the quantity > _, ﬁjéhl(m’éu), or its mean > _, pihi(z,01;).
As a result, the prediction error for the mean estimate can be written as
k ko oA s . -
Ex W3 (Zjozlpgéhl(x,g?), ijlpjéhl(x)élj)). If one is interested in describing
the prediction error in terms of both the mean trend and dispersion, one can

k ks
use Ex W3 (Ejozl p?‘s(hl(Xﬂ?,-)yhz(XﬂSj))7Ejzlpj‘s(hl(x,élj),hg(x,é%)) .

Key inequalities The following basic inequality controls the expected total
variation distance between conditional densities by a Wasserstein distance be-
tween the corresponding parameters:

Lemma 1. Assume conditions (3) and (4) hold. Then for every G € Ok (O)
and K > 1, we have

EX[dTV(fG(|X)7fG0(|X))] < Wl(Ga GO)a (5)

where the multiplicative constant in this inequality only depends on cy,c1, and
Co.

The inequality established in the above lemma quantifies the impact of pa-
rameter estimation on the quality of conditional density estimation: if G is well
estimated, then so is the conditional distribution represented by the conditional
densities fo(Y|X). In order to quantify the identifiability and convergence of
the unknown parameter G, we will need to establish inequalities of the following
type:

]EX[dTV(fG(|X)vfG0(|X))} = W’:(G7 GO)? (6)
for all G in some space of latent mixing measures, and r depends on that space.
Following [31, 42, 6], we refer to this as inverse bounds, because in our set-
ting, they allow us to lower bound the distance between conditional probability
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models (f¢ and fg,) by the distance between the parameters of inferential in-
terest (G and Gg). Unlike prior works, our inverse bounds control the expected
total variational distance under the marginal distribution of the covariate X.
A simple observation is that these inverse bounds are quantitative versions of
the classical identifiability condition [37] for the regression problem, because if
fa = fg, for a.e. x,y, then the bound (6) entails that G = Gy. Moreover, the
inverse bounds play an important role in establishing the convergence rate for
parameter estimation. They allow us to translate convergence rates for density
estimation (left-hand side of Eq. (6)) into that of parameter estimation (right-
hand side of Eq. (6)). The technique to prove inverse bounds is to rely on a
notion of strong identifiability to be developed for regression mixture models in
the following section.

3. Strong identifiability and inverse bounds
3.1. Conditions of strong identifiability

Identifiability and strong identifiability conditions play important roles in the
theoretical analysis of mixture models [37, 2, 17]. They provide a finer char-
acterization of the non-singularity of the Fisher information for mixtures of
distributions [19]. In plain words, these conditions require that the kernel den-
sity function of interest and its derivatives up to a certain order with respect to
all relevant parameters be linearly independent. For the mixture of regression
model (1), the kernel density function is that of the conditional probability of
variable y given covariate x. The following definition is our formulation of strong
identifiability for the conditional density functions:

Definition 1. The family of conditional densities {f(ylh1(z,01), ha(x,62)) :
01 € ©1,02 € O} (orin short, f(-|h1, ha)) is identifiable in order r, wherer =1
(resp., r = 2) with complexity level k, if f(y|h1(z,01), ha(x,02)) is differentiable
up to order r with respect to (61,602), and (A1.) (resp., (A2.)) holds.

(A1.) (First order identifiable) For any given k distinct elements (011,621), ...,
(011, 02) € ©1 X Og, if there exist a; € R, B; € RM v, € R® g5 j =
., k such that for almost all x,y (w.r.t. Px X v)

0
Za]fj (ylz) + j 89 (y|$) +7]—r87(92f](y|x) =0,

then aj =0,8j =0€RY v, =0€R® forj=1,... k;

(A2.) (Second order identifiable) For any given k distinct elements (011,021), - ..,
(O1k,02k) € ©1 X Oy and s1,...,5, > 1, if there exist o € R, 3; €
Rdl,'yj € R%, and pjt € Rdl,yjt € R® gsj =1,....kt =1,...,s
such that for almost all x,y (w.r.t. Px xv)

Z%fg (ylz) + 8] ae filyle) +~f 89 filylz) +Z(pﬁ602fg y|$)PJt>
t=1



Identifiability and parameter learning in regression mizture models 139

S5 8 s 8
T - B
2 <”ﬁ8_9§f j(y'x’””> > (”J‘tmmywm) ~o,

thenaj:0,[3j:pjt:O€Rd1,’yj:Vjt:OGRd2 fort=1,...,8;,7=
1,...,k.

When we speak of strong identifiability without specifying the complexity
level, it should be understood that the condition is satisfied for any complex-
ity level k > 1. These strong identifiability conditions for conditional density
functions are useful in deriving rates of convergence for the regression mixture
model’s parameters even when the associated Fisher information matrices are
singular, e.g., when the model has redundant parameters. Indeed, when showing
the convergence rate of an estimator G to the true mixing measure Gy in the
over-fitted setting, there might exist several redundant atoms of G' converge to a
common atom of G. The customary technique of applying the first-order Taylor
expansion around fg,(-|X) may fail because the coefficients of these redundant
components can be combined and canceled out. Instead, one needs to perform
a Taylor expansion up to the second order around fg,(-|X), necessitating the
second-order identifiability condition developed here. It will be shown in the
sequel that the strong identifiability conditions hold for most popular mixtures
of regression models. There are notable exceptions which shall be discussed sep-
arately. For instance, a mixture of binomial regression models generally satisfies
strong identifiability only up to a finite complexity level.

Since our model (1) is hierarchical with two levels of parameters:

kO ko kO
Go= ZP%(QU,@%) — Zp?f;(hl(x,elj),hz(x,ozj)) > Z P) f(ylh(z,015), h(z,625)),
Jj=1 j=1 j=1
(7)

it is difficult to directly verify conditions (Al.) and (A2.). We will show in
the following that they can be deduced from the identifiability conditions of a
family of (unconditional) distribution {f(y|u, @) : u, ¢} and family of functions
(h1,ha). Recall from [17, 31]:

Definition 2. The family of (unconditional) distributions {f(y|u, ®) : (i, @) €
H} (or in short, f) is identifiable in order r with complexity level k, for some
r k>0, if f(ylp, d) is differentiable up to order v in (u,d) and the following
holds:

(A3.) For any given k distinct elements (p1,é1), ..., (tk, dx) € H, if for each
() ¢

pair of n := (n1,mn2), where ny > ns > 0,n1 +ny < 7, we have oy
such that

Z > Z 53)3 nla¢n2(yluj,¢z)=

=0 ny1+ns=Il j=1

for almost all y, then oY) =0 for all 1 < j <k and pair n = (n1,n2).
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Condition (A3.) for r = 0 simply ensures that the mixture of f distributions
model uniquely identifies the mixture components. The strong identifiability
conditions (r > 1) are required to establish the convergence rates [2, 31]. In
particular, we only need to consider r = 1 and 2 (first and second-order identi-
fiability) in this article. In the model (1), there is a hierarchically higher level of
parameters (f1,05) that we want to learn, and it connects to the observations
through the link functions hi, hg as = hy(x,61),d = ha(z,02). To ensure that
f, and 65 can be learned efficiently, we also need suitable conditions for h; and
hs.

Definition 3. The family of functions {(h1(xz,01),ha(x,02)) : 61 € ©1,05 €
©2} is called identifiable with complexity level k respect to Px if the following
conditions hold:

(A4.) For every set of k + 1 distinct elements (011,021), ..., (01(k+1), O2(k+1)) €
O1 X Oy, there exists a subset A C X, Px(A) > 0 such that
(h1(,011), ho(,021)), ..., (h1(x, O1(k+1)), ha(®, O2(141))) are distinct for ev-
eryx € A;

(A5.) Moreover, if there are vector B; € R4, By € R such that

51T£h1(m,91j):0, p ha(z,025)=0 Vo€ A\N, j=1,....k+1,
1

2 54,
where N is a zero-measure set (i.e., Px(N) =0), then 81 =0 and 52 = 0.

Remark 1. 1. Condition (A4.) is necessary for identifying regression mix-
ture components. Indeed, for two distinct pairs (61,62) and (61,0%) in ©1 %
Oq, there may exists some point x € X so that hi(x,601) = hi(z,0}), ha(z,
02) = ha(x, 0}). If we only observe data (x,y) at such x, it is not possible
to distinguish between (61, 62) and (0',65).

2. In linear models, condition (A5.) reads that there is no multicollinearity:
If we model hy(x,0) = 611 (x)+- - -+04,%4, (x), where 1p;’s are pre-defined
functions, then by substitute this into condition (A5.), we have ¥, ..., Yq,
must be linearly independent as functions of x. Otherwise, the model is not
identifiable with respect to parameters 0;’s.

3. (A4.) and (A5.) can be viewed as generalization (to non-linear) and popu-
lation versions of condition (1b) and (2) in [13] (or condition in Theorem
2.2 in [15]).

Hence, the two conditions in Definition 3 are necessary for learning parame-
ters of the mixture of regression models. The following result shows that Defi-
nition 2 and Definition 3 give sufficient conditions to deduce the strong identi-
fiability given by Definition 1, where the chain rule plays an essential role in its
proof.

Theorem 1. For any complexity level k, if the family of distributions f is
strongly identifiable in order v (via (AS3.)) and the family of functions h is
identifiable (via (A4.) and (A5.)), then the family of conditional density f(y|z)
is strongly identifiable in order r, where r =1,2.
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3.2. Characterization of strong identifiability

Theorem 1 provides a simple recipe for establishing the strong identifiability of
the conditional densities arising in regression mixture models (1) by checking the
identifiability conditions of family f and family h. In the following, we provide
specific examples.

Proposition 1. (a) The family of location normal distribution {N (y|u,c?) :
p € R} with fized variance o? is identifiable in the second order, for N'(y|u, 0?) =
exp(—(y — w)?/20?). The location-scale family {N (y|p,0?) : p € R,0% € Ry} is
identifiable in the first order;

(b) The Poisson family {Poi(y|\) : A € Rt} is identifiable in the second order;
(c) The family of Binomial distributions {Bin(y|N,q) : ¢ € [0,1]} with fized
number of trials N is identifiable in the first order with complezity level k if
2k < N + 1, and is identifiable in the second order with complexity level k if
3k < N +1;

(d) The family of negative binomial distributions {NB(y|u, ) : p} with fized
¢ € Ry is identifiable in the second order.

The identifiability conditions (A4.) and (A5.) usually hold for parametric
models, as we see below. We first define a general class of functions:

Definition 4. We say a family of functions {h(z,0) : 6 € O} is completely
identifiable if for any 0 # ¢ € ©, we have h(x,0) # h(x,0") almost surely in
Px.

Proposition 2. If hy and ho are both completely identifiable, then the family
of functions {(hi,hs)} satisfies condition (A4.).

Most functions used in parametric regression mixture models are completely
identifiable.

Proposition 3. Suppose that Px has a density with respect to Lebesque mea-
sure on X, then the following families of functions are completely identifiable
and satisfy condition (A5.):

(a) Polynomial of finite dimensions h(x,0)= Zd1+...+dp§d,di20 Q(dh.__’dp)x’lil
mg”, where d € Ny and 0 = (0(q,.....q,) : di >0, P di <d);

(b) Trigonometric polynomials in R: h(z,0) = ag + 22:1 by, sin(nz) + 22:1 Cn
cos(nx), where 8 = (ag,b1,...,bq,¢1,...,¢q);

(¢) Miztures of polynomials and trigonometric polynomials as in (a) and (b):
h(z,0)= Ei:o anx"+ 22:1 by, sin(nx)-+ 2221 cn cos(nx), where 0=(ao, . .. , aq,
bl,...,bd,cl,...,cd);

(d) h(z,0) = g(p(x,0)), where g is a diffeomorphism, i.e., a continuously dif-
ferentiable bijective function, and p(z,0) is completely identifiable and satisfies

condition (A5.).

Remark 2. In a general linear model, h(z,0) = exp(0'z) € Ry or h(z,0) =
o(0Tz) € [0,1], where o is the sigmoid (inverse logit) function. Both the expo-
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nential function and sigmoid function are one-to-one, and 0" x is a first-order
polynomial, so the above results apply.

3.3. Inverse bounds for mizture of regression models

At the heart of our convergence theory for parameter learning in regression
mixture models lies a set of inverse bounds, which are given as follows.

Theorem 2. (a) (Ezact-fitted) Given Gy € & (©) for kg € N. Suppose
that the family of conditional densities {f(-|h1,h2)} is identifiable in the
first order, and the family of functions (hi,hs) is identifiable (with the
complexity level ko). Then for all G € &, (O), there holds

Exdrv(fo(1X), fa, (-1X)) = Wi(G, Go), (8)

where the constant in this inequality depends only on Gg, h1, ho, f,Px, and
v (but not on G).

(b) (Over-fitted) Given Go € Ex,(0) for ko € Ny and kg < K for some natural
number K. Suppose that the family of conditional densities {f(-|h1,h2)}
is identifiable in the second order, and the family of functions (h1,hs) is
identifiable (with the complexity level K ). Then for all G € Ox(©), there
holds

EXdTV(fG('|X)7ng('|X)) = WZZ(G7G0) (9)

where the constant in this inequality depends only on Gy, h1, ho, f,Px, and
v (but not on G).

If the true number of components kg is known, then Theorem 2 entails that
the convergence rate for parameter estimations can be as fast as the convergence
rate for conditional densities under the total variation distance. However, in
practice, we may not know kg and fit the system by a large number K. In this
over-fitted regime, provided that the identifiability conditions for distribution
f and function h are satisfied in the second order, the convergence rate for
parameter estimation may be twice as slow as that of the conditional densities.

Based on the convergence behavior of the regression mixture model’s pa-
rameters, we can establish guarantees on the prediction error for the response
variable. The following bounds will be useful for deducing the prediction error
bounds from that of parameter estimates.

Proposition 4. Suppose that the density f and link functions hi, ho are uni-
formly Lipschitz, then for all G € Ox(0),G = Z]K:l Pj0(0,;,0.;) and r > 1, we
have
K ko
Wi (G, Go) = ExW, Zpﬂ(m(x,elj),hz(x,ezj)),Zp%(hl(x,eg)j),hg(x,ogj)) )

j=1 j=1
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and
K ko
Wi (G, Go) = Ex | > pjha(X,0u5) = > p0hu(X,600,)|  Vu=1,2,
j=1 i=1

where the constants in those inequalities only depend on Lipschitz constants of
h1 and hg.

3.4. Consequences of lack of strong identifiability

Strong identifiability notions characterize the favorable conditions under which
efficient regression learning is possible in the mixture setting. Next, we turn
our attention to the consequence of the lack of strong identifiability. Firstly,
W62 note that the normal distributions satisfy the well-known heat equation:
aa—/ﬂf\/'(y|u,a2) = %N(ym,ﬁ), Vi € R,0? € Ry, so the mixture of nor-
mal regression model no longer satisfies the strong identifiability condition in
the second order. This (Fisher information matrix’s) singularity structure is
universal (i.e., holds for all u,o?). Therefore, the inverse bounds presented in
Theorem 2 for the over-fitted setting may not hold and potentially lead to slow
convergence rates for the mixture of regression with normal kernel, which can
be seen in some recent work [20, 30, 29]. However, this kernel does satisfy the
strong identifiability in the first order, so the parameter estimation rate in the
mixture of normal regression is as fast as the density estimation rate in the
exact-fitted setting, as established by Theorem 1 and 2.

Another interesting example arises in negative binomial regression mixture
models, which have been utilized in the traffic analysis of heterogeneous en-
vironments [33, 32]. These authors observed via many empirical experiments
that the quality of parameter estimates and the prediction performance may
be affected by the (overlapped) sample-mean values obtained from the data.
However, there was a lack of precise theoretical understanding. Our theoretical
framework can be applied to shed light on the behavior of this class of regres-
sion mixture model. It starts with the observation that the mixture of negative
binomial distributions does not even satisfy the first-order strongly identifiable
condition. Moreover, we can identify precisely the instances where strong iden-
tifiability fails to hold and investigate the impact on the quality of parameter
estimates and the prediction performance in such instances.

First, we note that the mean-dispersion negative binomial conditional density
{NB(y|p, d) : p € Ry, ¢ € Ry} satisfies the following equation:

0 @ ( p+1 ) o
2 NB — YNB - —NB Yy € N.
m (ylp, b) . ylp p ,o+1 p (ylp, ¢), Yy € (10)

Thus, a 2-mixture of negative binomial distributions NB(y|u1,¢1) and NB

(y|pe, ¢2) such that
M1 H2
—=—" and =y +1 1
¢ P2 o1 =92 (11)
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does not satisfy the strong identifiability condition in the first order. As a result,
the inverse bounds of the general type (6) cannot hold, even in the exact-fitted
setting. The following proposition makes this clear.

Proposition 5. Consider a mixture of negative binomial regression model with
link functions h(z,01) = exp(fi0 + (61) ), h(x,02) = Oy for 01 = [010,601] €
RPHL gnd 6, € R.. For any kg > 2 and r > 1, there exists Gy and a sequence
Gy € &, such that W,.(Gp,Gp) — 0 and

Edrv (fa, (1X), fa, (1X)) < W (G, Go). (12)

As a consequence of (12), for any measurable estimate G, of the mizing measure
G, the following holds for any r > 1:

Cinf  sup Ep, W, (G, G) = n~ YU, (13)
GTLEEkO Gesko

Remark 3. By plugging r = 1 into (12), it is clear that the inverse bound (8)
for the exact-fitted setting no longer holds for the negative binomial regression
mixture family. Part of the reason for the slow minimazx rate is due to the use
of W,.. For a general finite mizture, it is not difficult to show a minimax lower
bound n=Y ") under W,, provided that the number of mizture components is
known. Here, a non-trivial minimaz rate n=Y ") twice as slow arises due to
the wviolation of strong identifiability for the negative binomial miztures. The
sharpest minimazx rate remains unknown for this model setting.

Nonetheless, we will show that non-identifiability occurs only in a Lebesgue
measure zero subset of the parameter space.

Proposition 6. Given k distinct pairs (pu1,¢1), ..., (ug, dr) € Ry X Ry such

that there does not exist two indices © # j satisfying % — 1 o lp; — @] =1,
i J

then the mizture of negative binomials (NB (s, ¢:))5_, is strongly identifiable in

the first order. If we further assume that there does not exist two indices i # j

satisfying % = % and |¢; —¢;| € {1,2}, then the mizture of negative binomials
i J
(NB(ps, ¢i))E_, is strongly identifiable in the second order.

Finally, we note that the theory established earlier (Theorem 1 and The-
orem 2) represent sufficient conditions. There still may exist non-identifiable
or non-strongly identifiable families f and (hy, hs) that lead to strong iden-
tifiable f(:|h1,h2). As an example, the mixture of two Binomial distributions
p(y) = p1Bin(y|1, 1) + p2Bin(y|1, ¢2), with parameter (p1,p2, g1, ¢2) is not even
identifiable: e.g., the model is the same with (p1, p2,q1,¢2) = (.5,.5,.3,.7) and
(p1,p2,q1,92) = (.5,.5,.2,.8). However, the mixture of two logistic regression
models fo(y|z) = p1Bin(y|1,0(6] z)) + poBin(y|1, (05 ))) is strongly identi-
fiable and enjoys the inverse bound as well as standard convergence rates, as
shown in the following proposition.
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Proposition 7. Suppose that the link function h(x,0) = o(0z) := 1/(1+e%%) for
0,z € R, and the density kernel f(y) = Bin(y|1, q), where ¢ = h(x,8). Moreover,
the support of Px contains an open set in R. Then, the mizture of two binomial
regression components associated with the mizing measure G = p1dp, + p26o,,
where 01 + 05 # 0, is strongly identifiable in the first order.

The proof of such a result involves some specific analytical properties of kernel
f and function A and is difficult to generalize. This again highlights our general
theory developed in this section, which is applicable to a vast range of kernels
f and link functions (hy,hs). The pathological phenomena described will be
revisited in Section 5 via simulations.

4. Statistical efficiency in learning regression mixtures

Building on the previous section, we are ready to present convergence rates of
the maximum likelihood estimator, and a Bayesian posterior contraction theory
for the quantities of interest.

4.1. Mazimum (conditional) likelihood estimation

Given n ii.d. observations (z1,y1), ..., (Tn,Yn), where z; " Py and yilz; ~
fao(ylx),7 =1,...,n, for Gy = Zfil p%(@?j,egj)- Denote the maximum likeli-
hood estimate by

n
G, := argmax Zlog fa(yjlz;),

GEEry (0) i

in the exact-fitted setting, and we change the &, (©) in the above formula to
Ok (©), where K > kg in the over-fitted setting. It is implicitly assumed in this
section that G, is measurable, otherwise a standard treatment using an outer
measure of P, instead of P, can be invoked. To obtain the rate of convergence
of én to Gg, we combine the inverse bounds above with the convergence of
density estimates based on the standard theory of M-estimation for regression
problems [38]. For conditional density estimation, the convergence behavior of
f@n to fa, is evaluated in the sense of the expected Hellinger distance:

d(fe for) = Exd (fo(|X), fer (1X))
= %/}{/y(%fc(ny) —Vfo (ylz))2dv(y)dPx (z),

for all G,G" € U2 0k(©). To this end, recall several basic notions related to
the entropy numbers of a class of functions. For any k € N| set

7i®) ~{ satl): G e o)}, FLHO) {1 ulole) G € o)},
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and the Hellinger ball centered around fg,:

—1/2 —1/2 —1/2 -

Fi (6)=F,/7(8,6) :{f1/2 e 720 1 du(f, fao) < 5}.

The complexity (richness) of this set is characterized by the following entropy
integral:

)
J(5) :—J@,fi”(@m)—( / HY?(u, F%(6), La(Px x v))du | V4,
52 /213

(14)
where Hp is the bracketing entropy number, Lo distance between two con-
ditional densities f and g is defined as | f —gll,, = ([dPx [dv(f(ylz) —
g(y|z))?)'/2, and the constant 2'3 appears due to the chaining technique in
bounding supremum of empirical processes [38, 10]. A useful tool for establish-
ing the rate of convergence under expected conditional density estimation by
the MLE is given by the following theorem, which is an adaptation of Theorem
7.4. in [38] or Theorem 7.2.1. in [10]).

Theorem 3. Take V(§) > J(9, .7'116/2(5)) in such a way that W(5)/62 is a non-
increasing function of 6. Then, for a universal constant ¢ and for

Vnd > e¥(3,), (15)

2
we have for all § > 6, that Pe,(du(fa , fa,) > 0) < cexp (‘%)
n C

Combining Theorem 3 with the inverse bounds established in Section 3, we
readily arrive at the following concentration inequalities for the MLE’s parame-
ter estimates based on the bracketing entropy numbers and its entropy integral
given by Eq. (14).

Theorem 4. (a) (Ezact-fitted) Suppose that ko is known, the entropy condi-
tion (15) holds, the family of conditional densities f(-|h1, ha) is identifiable
in the first order, and (hi, he) is identifiable. Then, for any Gy € &k, (©),
there exist a constant C' depending on Gy and universal constant ¢ such
that for all § > d,,:

Pa, (Wl(@n,Go) > Cd) < cexp(—nd?/c?).

(b) (Over-fitted) Suppose that ko is unknown but kg < K known, the en-
tropy condition (15) holds, the family of conditional densities f(:|h1, ho)
is identifiable in the second order, and (hy,hs) is identifiable. Then, for
any Go € &, (0), there exist a constant C' depending on Gy and K and
universal constant ¢ such that for all § > d,,:

Pq, (Wf(én,Go) > C’é) < cexp(—nd?/c?).
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From the definition and condition of the entropy integral (Eq. (14)), we see
that the key to establishing convergence rate d, is by controlling the bracket-
ing entropy number H B(u,?,lcm, Ls). Generally, under some conditions on the
smoothness and boundedness of the model, we can show that the bracketing en-
tropy number of the model space is in the same order as that of the parameter
space, which then yields the parametric convergence rates for finite-dimensional
models. By generalizing the proof technique for bounding entropy number of
Gaussian mixture models in [9], in the following, we shall present a set of mild
assumptions for general classes of regression mixture models and obtain rates
of convergence under these assumptions.

(B1.) (Assumptions on kernel densities) For the family of distribution
{fylp,®)|lp € Hi, ¢ € Ha}, || f(-|pt, )|l is uniformly bounded and uni-
formly light tail probability, i.e., there exist constant ¢,¢ and constant
dy,ds,ds > 0 such that f(y|u, ) < di exp(—da|y|?), forally >Cory < c
and p € Hy,¢ € Ho.

(B2.) (Lipschitz assumptions) Both the kernel densities {f(y|u, ®)|n € Hi,¢ €
Hy} and link functions h; and he are uniformly Lipschitz in the sense of
(3) and (4).

We note that:

Proposition 8. The families of Normal, Poisson, Binomial, and negative bi-
nomial distribution satisfy condition (B1.).

The predictive performance of MLE for the regression mixture model is given
as follows.

Theorem 5. Given assumptions (B1.) and (B2.), and the dominating measure
v is Lebesgue over R or counting measure on Z. Then, there exists a constant
C depending on ©, f,hy, ho, and a universal constant ¢ such that

logn

n

Pa, (3H(f@n, fa,) > C ) < cexp(—logn/c?).
Combining Theorem 2 and Theorem 5, we arrive at the convergence rates for
the maximum (conditional) likelihood estimates for the model parameters:

Theorem 6. (a) (Ezact-fitted) Suppose that kg is known, the family of condi-
tional densities f(-|h1, ha) is identifiable in the first order, and the family
of functions (hy, ha) is identifiable. Furthermore, assume (B1.) and (B2.)
hold, then for any Gy € &, (O), there exist constant C' depending on
Go, 0, f,h1,he and a universal constant ¢ such that

Pg, (Wl(@n,Go) > C(logn/n)1/2> < cexp(—logn/c?).

(b) (Over-fitted) Suppose that kg is unknown and is upper bounded by a known
number K < +oo, the family of conditional densities f(-|h1,ho) is iden-
tifiable in the second order, and the family of functions (hy, hs) is identi-
fiable. Furthermore, assume (B1.) and (B2.) hold, there exist constant C
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depending on Go, K, O, f,hi, hy and a universal constant ¢ such that
Pq, (Wg(én,Go) > C(logn/n)1/4) < cexp(—logn/c?).

Remark 4. The tail bounds in Theorem 6 can simply imply the convergence
in expectation EWy (G, Go) < C(logn/n)*/? (in part (a)) and EWy(G,,, Go) <
C(logn/n)* (in part (b)), where constant C' depends on Gy, by using Markov’s
inequality. We present a proof in Appendix A.2.

We have established that in the over-fitted setting, a standard application of
the MLE yields a parameter estimation rate that is twice as slow compared to the
exact-fitted setting. This rate is not optimal in the pointwise sense. However,
the established convergence behavior motivate the following model selection
procedure that can asymptotically choose the correct k, which in turns yields
the optimal estimation rate, modulo a logarithmic factor, for the parameters.

Proposition 9. Let @Sli) € Oy, be the MLE estimated from data with at most
k atoms, for k=1,...,K. For a sequence (a,) C Ry, let

kn = inf{k : Wo(G*),GF 1) < a, V' > k}.
If (logn/n)'/* < a, < 1, there exist a constant C' depending on ©, hy, hy, f, K,

and a universal constant ¢ such that for all sufficiently large n depending on Gy
and (ay),

Pe, (kn = ko) > 1 —cn™ Y, (16)
and
Ak logn 1/2 —1/e
]PGO Wl(Gn " ,Go) >C " < 2cn . (17)

4.2. Bayesian posterior contraction theorems for parameter
inference

Given i.i.d. pairs (z1,91),.- ., (s, yn) such that y;|x; ~ fg,(y|z) for some true
latent mixing measure Gy = 25021 p?é(egjﬁgj), and z; "X Py. In the Bayesian
regime, we model the data as y;|x; ~ fa(y|z), where G ~ II with II being some
prior distribution on the space mixing measures. Let G denote the support of
the prior II on the mixing measure G. The nature of the prior distribution II
depends on the several different settings that we will consider. In the exact-
fitted setting, we assume K = ko < -+oo is known, whereas the over-fitted
setting means that the upper bound kg < K < 400 is given, but kg unknown.
In both cases, G = O so II is in effect a prior distribution on (O, B(Og)).
Later, we shall assume that neither ko nor an upper bound K is given; instead,
a random variable K is used to represent the number of mixture components
and endowed with a prior distribution.



Identifiability and parameter learning in regression mizture models 149

By the Bayes’ rule, the posterior distribution of the parameter G is given by

— JpIlisy fo(yilz:)dIl(G)
fok [Tz, fo(yilz:)dI(G)

for any measurable set B C G. Now, we want to study the posterior contraction
rate of TI(-|zl™ y[") to the true latent mixing measure Gy as n — oo. We
proceed to describe several standard assumptions on the prior often employed
in practice.

(G € Bz, yl")

The case of known upper bound K

(B3.) (Prior assumption) Prior II on space O is induced by prior II,, x Hgg X

Hég on {(pla PR 9117' .. 791}_{7 0215 .. 3021_()|p’b Zpa Zfilg)l == 1301_7 €
©1,62; € ©2}, where II,, is a prior distribution of (pj)szl on AK=1 Tl isa
prior distribution of #;; on ©1, and Ily, is a prior distribution of f5; on ©,,
independently for i = 1,..., K. We further assume that I1,,, Iy, , ITg, have
a density with respect to Lebesgue measure on AK~1 0, 05, respectively,
which are bounded away from zero and infinity.

(B4.) There exists ey > 0 such that for all G € Oz (0) satisfying W1 (G, Gy) <
€0, we have Ep,, (fao/fa) < My for My only depends on ¢, Gy, K, ©.

The posterior contraction behavior for conditional densities is given as fol-
lows.

Theorem 7. Assume that (B2.)-(B4.) hold. For any Gy € G, there exists con-
stant C depending on ©, f, hy, ho such that as n — oo,

H<G13H(fc(y|X)7fGo(y|X))ZC 10%

:c["hy["]) —0 in ®"_,Pg, -probability.

(18)

Combining the above result with the inverse bounds developed in Section 3
leads to the contraction rates of the posterior distribution in the exact-fitted
and over-fitted settings.

Theorem 8. Suppose that assumptions (A1.)-(A3.) and (B2.)-(B4.) hold. Fix
any Gog € G.

(a) (Bzact-fitted) If K = ko, there exists some constant Cy depending on
Go, 0, f, h1, ha such that
logn 1/ [n] . [n] | P2 - n ..
II| G:W1(G,Go)>Ch - ™y — 0 in ®_Pg, -probability.

(b) (Over-fitted) If K > ko, there exists some constant Cy depending on
Go, K,0O, f, hy, hy such that

logn

1/4
I <G:W2(G, Go)>Cs ( ) ‘x["],y[”]> "0 in @1, Pg, -probability.
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The case of unknown K

Finally, when the number of components K and its upper bound are unknown,
there are various approaches for prior specification. Here, we adopt the widely
utilized “mixture-of-finite-mixtures” prior [27]. In particular, the prior distribu-
tion IT on the space G of mixing measures is induced by the following specifica-
tion. We show that the optimal rate of parameter estimation, up to a logarithmic
factor, is achieved.

(B5.) A prior distribution ITx on K with support in N, i.e., [T (K = k) > 0 for
all £ € N.
(B6.) Foreach k € N, given the event K = k, the conditional prior distribution of

the mixing measure G = 25:1 Dj0(6,;,6.,;) € €k is induced by the following

015,
specification: II,, ><H’g1 xH’gz on{(p1,-. ,0k,011,- -, 01k, O21,...,002)|p;i >
0, Zlepi = 1,61, € ©1,02; € O}, where II, is a prior distribution of
(pj)é“:1 on AF~1 Ty, is a prior distribution of 01; on ©1, and Iy, is a
prior distribution of f2; on O, independently for ¢ = 1,...,k. Assume
that II,,1Is,,IIp, have a density with respect to Lebesgue measure on
AF=1 01, O4, respectively, which are bounded away from zero and infinity.

(B7.) For each k € N, there exists ¢y > 0 such that for all G € &,(O) satisfying
Wi (G, Gyp) < €, we have EPGO(fGO/fg) < My for My only depends on
€0, G07 /ﬂ, @

Theorem 9. Assume that (A1.)-(A3.), (B2.), and (B5.)-(B7.) hold. There ex-
ists a subset Go C G, where I1(Gy) = 1 such that for all kg € N and Gy € GoNEy,,
there hold as n — oo

(a) (K = ko2, yI™) — 1 a.s. under @1, Pg,;
(b) there is a constant C depending on Go, O, f, hi, ha such that

logn 1/2
IT | GW4(G,Gp)>C (T) ’x["],y["] — 0in ®;_; Pg, probability.

5. Simulations and data illustrations

Parameter estimation in exact-fitted and over-fitted settings We first
illustrate the parameter estimation rates of the mixture of regression models
under general settings. Consider a mixture of normal regression model with a
polynomial link function and fixed variance: fg(y|z) = Zle piN (y|h(x,0;),0?),
where z € R,G = Zle pide,,0; € R3 h(x,0;) = 0;1 + Oinx + 0;32%. We simulate
data (z;)!_; from an uniform distribution on [—3, 3] and then generated y; given
x; from this model using Gy = p(l)ée? +p8598, where o = 1,09 = (1,-5,1),609 =
(2,5,2),p) = pJ = 0.5. Because the variances of both components are known,
and the link function is a polynomial, this model is strongly identifiable in the
second order (by Theorem 1). The maximum (conditional) likelihood estimate

~

G, of Gy is obtained by the Expectation-Maximization (EM) algorithm. We
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Fic 1. Convergence rates of parameters estimation in the exact-fitted and over-fitted setting.

considered two cases where the number of components of Gy is known to be
2 for the exact-fitted setting and set £ = 3 for the over-fitted setting. For
each setting, we consider the logarithm of the sample sizes log;,(n) ranging
from 2 to 4 (so that n ranges from 100 to 10,000) and generate n samples
from the true distribution. Each experiment is repeated 16 times, and we plot
the average (with quartile bar) of the logarithm of the error in Figure 1 and
perform a simple linear regression against logn (best to see with color). It
can be seen that the convergence rate of the exact-fitted mixing measures is
n~1/2 (in Wasserstein-1 distance), and the over-fitted mixing measures is n /4
(in Wasserstein-2 distance). These results are compatible with the theoretical
results established in Theorem 4.

Regression mixtures vs unconditional mixtures The characterization
results (Theorem 1 and propositions in Section 3.2) provide easy-to-check suf-
ficient conditions for strong identifiability (in the sense of Def. 1) and lead to
the parameter estimation rate as we see above. Part of the sufficient conditions
requires that the kernel density f be strongly identifiable up to a certain or-
der, a standard condition considered in the asymptotic theory for finite (and
unconditional) mixture models [31, 18, 19]. It is noteworthy that the strong
identifiability condition of a mixture of regression model given in Def. 1 is typi-
cally a weaker condition than that of a standard unconditional mixture model,
because the presence of the covariate & makes the conditional mixture model
more constrained. Hence, it is possible that for an unconditional mixture of
kernel densities f strong identifiability and hence the inverse bound V = W
may not hold, but when f is utilized in a regression mixture model instead, the
strong identifiability and hence the inverse bound still holds.

We demonstrate this observation by a theoretical result given in Proposi-
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Fic 2. Impact of identifiability on inverse bounds: unconditional miztures with binomial kernel
are not identifiable (left) while regression miztures with the same kernel are strongly identi-
fiable (right).

tion 7 for the mixture of binomial regression models. To illustrate this result
by a simulation study, let pg(y) := ZlepiBin(mN, q;), for G = Zlepic?qi €
Ok([0,1]), where N is a fixed natural number. From the discussion in Sec-
tion 3, we know that this model is only strongly identifiable in the first order if
2k < N + 1. It means the inverse bound may not hold when 2k > N + 1. Let
k=2, N =1sothat 2k > N + 1, and Gy = 0.509.3 + 0.5d¢.7, and then uni-
formly generate 2000 random samples of G around Gy. We compare W1 (G, Gy)
against drv (pa,pe,) to see if the inverse bound drv (pg,pa,) = Wi(G,Go)
holds or not. It can be seen in Fig. 2(a) that such an inverse bound does not
hold. In contrast, for the mixture of binomial regression model under the same
setting k = 2, N = 1 (ak.a. mixture of two logistic regression): fg(ylz) =
p1Bin(y|1, 0(61x)) + p2Bin(y|1, o(02x)) for G = p1dg, + P20y, and o being the
sigmoid function, the inverse bound as established by Theorem 2 still holds.
We uniformly sample 2000 measure G around Go = 0.50g.5 + 0.505 and plot
W1 (G, Go) against Exdry (fa(y|X), fa, (y| X)), for X ~ Uniform([—6,6]). The
relationship Exdrv (fa(y|X), fa,(y|X)) = Wi(G,Go) holds in this scenario
(Fig. 2(b)). As a consequence, the mixture of logistic regression model still en-
joys the convergence rate of n~!/2 for parameter estimation in the exact-fitted
setting.

Investigating the lack of strong identifiability In Section 3.4, we dis-
cussed the lack of strong identifiability in the mixture of negative binomial
regression models. Here, we conduct an experiment to show the posterior con-
traction rate of parameter estimation where the true model is not strongly
identifiable (cf. Eq. (11) holds). A dataset is drawn from a negative bino-
mial regression mixture model: fg(y|z) = Z?lejNB(ym(x,Hj),d)j), where
the covariate, z;, is randomly generated from a uniform distribution over the
interval [3,6]; the component means are h(z;,61) = exp(X;61), h(z;,02) =
exp(X;62), where X; = (1,2;),i¢ = 1,...,n. The true latent mixing measure
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Fic 3. Convergence rate in exact-fitted case where the model is non-strongly-identifiable.

is Gg = p?é{gg,d,g} +p85{937¢g}, where the regression coefficients are 69 = (0,1)’,
09 = (log 3,1)’, the dispersion parameters are ¢{ = 0.5, ¢3 = 1.5 and the mixing
proportions are p{ = 0.4, pJ = 0.6. Under this simulation, Eq. (11) is satisfied.
The simulated dataset is illustrated in Figure 3(a). This model is not strongly
identifiable.

For model fitting, we adopt the Bayesian approach and consider the exact-
fitted case. Similar to [32], we choose the prior p to be Beta(1, 1), 8; ~ N (0, I5)
(normal distribution with identity covariance matrix), and ¢j—1 ~ Gamma
(0.01,0.01) (a non-informative gamma distribution) for j = 1,2. The full pos-
terior distribution is approximated using a Gibbs MCMC algorithm with a
Metropolis-Hasting step for ¢; due to the non-conjugate prior. Details are given
in Appendix E.1. For each different sample size n, we run the experiment 8
times. For each time running, we produce 2500 MCMC samples, discard the
first 500, and use the remaining samples to estimate the expected Wasserstein
distances to Gy. The logarithm of estimation error averaged over the 8 runs
(with quartile error bars) is reported in Fig 3(b). By performing a simple linear
regression, we can see that W error is of order n~/4, suggesting a slow rate of
pointwise convergence even in the exact-fitted setting. We note that this slow
convergence behavior is hinted (but not proved) by the inequality and minimax
bound in Proposition 5.

Analysis of crash data To validate the applicability of the proposed theoret-
ical result in Section 3.2 illustrated via the simulation study above, we use the
dataset collected in 1995 at urban 4-legged signalized intersections in Toronto,
Canada. The same data has been explored and fitted by a mixture of negative
binomial regression models by [32], where they showed the good quality of the
dataset as well as the best-fitted model for it. This crash data set contains 868
intersections, which have a total of 10,030 reported crashes. In their paper,
the authors explicated the heterogeneity in the dataset which came from the
existence of several different sub-populations (i.e., the data collected from the
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Fic 4. The impact of Crash data being near pathological cases of non-strong identifiability.

different business environments, contains a mix of fixed and actuated traffic sig-
nals, and so on). Accordingly, the mean functional form has been used for each
component as below:

fji = h(Fy,0;) = 0;0F F9? for j=1,2and i = 1,..,868,  (19)

where 1, is the jth component’s estimated number of crashes for intersec-
tion 4; Fy; counts the entering flows in vehicles/day from the major approaches
at intersection i; Fy; the entering flows in vehicles/day from the minor ap-
proaches at intersection ¢; and 6; = (log(6,,0),6,,1,0;,2) the estimated regres-
sion for component j. According to [32], the best model for describing the
dataset is a two-mixture of negative binomial regression where ¢; = 9.3692,
¢y = 8.2437, py = 0.43,ps = 0.57,0; = (—10.9407,0.8588,0.5056)", 05 =
(—9.7842,0.3987,0.8703)".

It can be seen that the two values of ¢; and ¢- nearly satisfy the second
condition of the pathological case mentioned in Section 3.2 (i.e., ¢1 =~ ¢2 + 1).
If the first condition holds (i.e., 52 = £2), then we would be in a singular

é1

situation. To verify this, we calculate Hii _ K2

1 2
The histogram of this difference can be seen in Fig. 4(a). By the Anderson-
Darling test, we see that this distribution is significantly different from the
degenerate distribution at 0, with the calculated p-value for this test being 1.28 x
10713, Hence, we are quite far from the pathological situations of non-strong
identifiability. In theory, the method should still enjoy the n~=!/2 convergence
rate if the model is well-specified and exact-fitted. We further subsample this
data and calculate the error of the estimator from the subsampled dataset to
that of the whole dataset. For each sample size, we replicate the experiment
8 times and report the average error (in red) and the interquartile error bar
(in orange) in Fig. 4(b). We can see that the error is approximate of the order

n

) for all samples (F;)858.
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Finally, we conduct another subsampling experiment to focus on the data

corresponding to | £+ — %’ < 0.3. This data subset (with sample size 502)
represents a data population that is closer to the pathological cases of non-strong
identifiability than that of the previous experiment. A noteworthy observation
is that the closer the data population is to a pathological situation, the slower
the actual convergence to the true parameters will be. In particular, the blue
dashed line in Fig. 4(b) represents the average errors in this case after an 8-time
running of the experiment. This result provides an interesting demonstration of
the population theory given in the previous section.

6. Conclusion

We developed a strong identifiability theory for general finite mixture of re-
gression models and derived rates of convergence for density estimation and
parameter estimation in both Bayesian and MLE frameworks. This theory was
shown to be applicable to a wide range of models employed in practice. It also
invites interesting new questions. First, in our models mixture weights p;’s do
not vary with covarate x. It would be interesting to extend the theory to the
situation of co-varying weights. Second, while our theory is applicable to the
case of unknown but finite number of mixture components, it remains challeng-
ing to extend such a theory for infinite conditional mixtures motivated from
Bayesian nonparametrics [31, 16]. Finally, as demonstrated with the negative
binomial mixtures, although the singularity situation (i.e., strong identifiability
is violated) is rare, being in the vicinity of a singular model can be a far more
common scenario. We would like to investigate more precisely the impact on pa-
rameter estimates when the true model is in the vicinity of a singular model, and
to provide suitable statistical methods to overcome the inefficiency of inference
in such situations.

Supplementary material

In the supplementary material, we collect the proofs and additional information
deferred from the main text. Section A includes the proofs for all main theoret-
ical results. Section B includes the proofs for all remaining theoretical results.
Section C and Section D provide a general theory of M-estimators convergence
rates and posterior contraction rates in the regression setting, respectively. The
EM algorithms for mixtures of regression are described in Section E.

Appendix A: Proofs of main results
A.1. Identifiablity conditions and inverse bounds

Proof of Theorem 1. We will divide the proof into first order and second order
identifiability cases.
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The case r = 1: For some k € N, suppose that there exist k distinct elements
(9117921)7---7(91k792k) € 0; x @2, and a; € R,ﬁj c Rdl,’)/j c R as j =
1,..., K such that for almost all z,y (w.r.t. Px x v)

1o}
T _
E a; fi(yle) + B} 59 fi(ylz) +; 7892fj(y|93) =0,

then we want to show that a; =0,8; =0 € Rdl,*yj =0eR®2forj=1,... k.
Indeed, by the chain rule, the left-hand side of the above expression is equal to

S o fy4le) + o7 PR Dy 0,017, i, )
Jj=1

1 Oha(z,025) O

o g, g (@ 01), el 02)

Because of the identifiability of (h1, ha) (condition (A4.)), there exists a set A
with Px (A) > 0 such that (hi(x,01;), ha(z, 02])) _, are distinct. Therefore, by
the first order identifiability of f, we have

T Ohl(x 91)

T 8h2 (Z‘, 02)
bi 00,

= 07 ’y.] 802

:0,

for all x € A (possibly except a Px zero-measure set). Hence, by condition
(A5.), we have §; =0,7; =0 for all j =1,...,k. This concludes the first-order
identifiability of the family of conditional densities f(-|h1, ha).

The case r = 2: For any k,s > 1, given k distinct elements (611,621),...,
(01, 02k) € O1 x Oy, if there exist a; € R,B8; € R4 v, € R%, and pj; €
R v,y € R2 ast =1,...,s; and j = 1,...,k such that for almost all z,y
(wr.t. Px x v)

o il o
T T T
3" o lols) + 7 )+ a0+ 3 (g 0l

Jj=1
Ej Vit f(y‘m)yt Ej Pt 7 (y‘x)yt =0
J 802 J J J 80 (90 J J ’

then we want to show that a; = 0,8; = pjy =0 € R4, y; = vy =0 € R% for
j=1,...,k,t=1,...,s. Indeed, again, by the chain rule, the expression above
is equivalent to

- Ohy(x,0 . 9%hy (x, 01, B
Z%fg (ylz) + ( ¥+ P;%Pﬁ) @fj(y\x)

t=1

+Z( et} 0 )
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S

Oho(x, 0 0°ha(x, 60
. (”a‘T Pt S e, ) 2 bl

t=1

T+ Ohy(z,025)\° 92
+Z< ”2 2”) 53 (012

Sj + 82 ‘ 4 8 | B
+2; (pjtmfj (ylx)ujt) mf] (ylz) =0.  (20)

Because of the identifiability of (h1,hs) (condition (A4.)), there exists a set A
with Px (A) > 0 such that (hi(z,01;), ha(z, 92j))§?:1 are distinct. By the second-
order identifiability of f, then we have

Olj = 0,
Oh1(x,01) =~ + 0%hy(z,01;) > Ohy(z,01;)\°
T 1 1 T 1 » Vly T 1 s Vlj
B] o + 2. Pjt 69% Pjt ) ;:1 Pjt 96, )
Oho(1,02) o~ 1 0%hy(x,0s5) il Oha(,604;)\ >
T 2\4, U2 T 2\, U2 o T ) _
T, ”ft849§]yjt =0 > ”ﬂ'tT] =0
t=1 t=1

8

32
E T_ Y . —
« <pjt891892 f](y|x)y.7t> 07

t=

for all z € A, possibly except a Px zero-measure set. Hence, by condition (A5.),
from the third and fifth equation above, we have a; = 0, pjs = 0,v;;, = 0 for all
t=1,...,55,7=1,...,k These together with the second and fourth equation
further imply that 3; = 0,v; =0 for all j =1,..., k. We arrive at the second-
order identifiability of family of conditional densities f(y|z) as desired. |

Proof of Theorem 2. In order to prove part (a) of the theorem, we divide it into
two regimes, local and global, and establish two following claims: for any € > 0,

Exdrv(fa(1X), fa, (X))

inf > 0, 21
Ge£k0(®):ll/rll/1(G,G0)>e/ W1 (G, Gy) @)

. . Exdryv (fa(-1X), fa,(1X))
1 f : < . 22
EE;% Gegclo(@) { Wl (G7 GO) Wl(G, GO) =6 0 ( )

Proof of claim (21): Suppose that this is not true, that is, there exists a
sequence Gy € E(O) such that Wi(Gy, Go) > € for all n and as n — oo,

Exdrv(fa,(-|X), fa,(-]1X))

— 0.
Wl(G€7 GO)

This implies Exdrv (fo,(-|X), fa,(-| X)) — 0. Since A*0—1 ©; and O, are com-
pact, there exists a subsequence of (Gy), (which is assumed to be (Gy), itself

without loss of generality) that converges weakly to some G’ = Zf/ 1 Pj 001 05,) €

15>
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O, (01 % 03), where (011,605,), ..., (0,05 ) are distinct. Hence, W1 (G, Go) >
6/, and ExdTv(fgl(~|X), fG0(|X)) = 0. Because dT\/(f(;/('|I), fGO('|I)) Z 0 for
all z, this implies

far(ylz) = fa,(y|lz) as. in z,y,
which means

k' ko

Zp}f(ylhl(w»t‘)ij% h2(x70/2j)) = Zp?f(ylhl(x, agj)a ho(z, 9(2)]‘)) a.s. in z,y.
j=1 j=1

By the zero-order identifiability of f, we conclude that

K’ ko

D P00t ha(05,) = D PO ha (@00, ha(wg,))  AS- T (23)

j=1 j=1
If family (hi,hs) is identifiable, then we argue that the set {(67;,0%),--.,
(014,07,)} must equal {(69,,69),..., (Q?ko,Hng)}. Otherwise, we can assume
(without loss of generality) that (67;,65,) & {(671,65), ..., (6%,,09,)}, which
means there exists a set A with Py (A) > 0 such that (hy(z,0],), ha(z,05)) is
distinct from any pair among (hy (2, 09,), ha(x,09,)) . .., (ha(x,09, ), ha(x, 05, ))
for all x € A. But this contradicts (23), because the left-hand side put a posi-
tive weight to the atom (h(x,0};), h(x,0%,)), which the right-hand side does not
have. Hence, we have the set {(6];,65;),...,(01,,015,)} equals {(69;,69,),...,
(0%%,+ 0%, ) }- Now, without loss of generality, we can assign (61, 65,) = (69,,69,),
oy (00 O5,) = (09,,09,,)- Because (691,63,),...,(69,, .09, ) are distinct,
there exists ' such that

(hl(x/a 0?1)’ hQ(xlv 031))) EERE) (hl(xlv o?ko)a hg((t’, egko))

are distinct, which together with Eq. (23) entail that p, = pQ for all i €
{1,...,ko}. Thus, G' = Gy, while W1(G’',Gy) > €, a contradiction. Hence,
claim (21) is proved.

Proof of claim (22): Suppose this does not hold. Then there exists a sequence
Gy € &k, (©) such that

EXdTV(sz('|X)7 fG0(|X))
W1 (Gy, Go)

Wl(Gg, Go) — O, — 0. (24)

We can relabel the atoms and weights of G, such that it admits the following
form:

ko
Gy = Zpﬁé(%ﬁéj)’ (25)
j=1

where p? — pg-), F)f — 99 and 95]» — ng for all i € [ko]. To ease the ensuing
: 0. .7 ¢ ._ pt ( ._pt
presentation, we denote Ap§ := p% —p), AbY; := 0], — 67, and AG5; := 05, — 69,
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for i € [ko]. Then, using the coupling between G, and Gy such that it put mass
min{p?, p} on 5((92 05,),(09,,02,)) We can verify that

ko
Wi(Ge,Go) < Y |ApE| +pl(]| A6, + [|A65;|) = Di(Ge, Go).  (26)

i=1

The remainder of the proof is composed of three steps.

Step 1 (Taylor expansion) To ease the notation, we write for short

f]o(ylx) = f(y|h1 (@, e(l)j)’ hg(ﬂ?, egj))?

and

f]z(y|x) = f(y|h1(z79fj)7h2(z795j))7

for all j = 1,...,ko. Because f(y|hi(z,01),ha(z,02)) is differentiable with re-
spect to 6 for all x,y, by applying Taylor expansion up to the first order and
the chain rule, we find that for all j =1,..., kg,

FH0lo) = F2(010) = (30%)T - F2(ule) + (A0%,)T o 19ule) + B (o),

where R;(z) is Taylor remainder such that R;(x,y) = O(HAH%H + HA%J-H) for
i € [ko]. Combine the above expression for j =1,..., ko, we have

ko
0
fa,(yl) — fa,(ylx) = g Ap) £ (ylz) +p](A9fj)T8f91ff(ylx)
+p§(A9§j)Ta—esz(y|x) + R(z,y), (27)

where R(z,y) = ZZ | DiRi(z,y) = O(Zfilpﬁ (HAQ@H—FHAG%H)). From
Eq. (26), we have R(x,y)/D1(G¢,Go) — 0 as £ — oo for all z, y.

Step 2 (Extracting non-vanishing coefficients) From Eq. (24) and (26), we

M gy U, (1), Sy (1))
XOTVAJGe\" y JGo U
D1 (G, Go) =0 (£— o00). (28)
We can write
fa,(ylz) — fao (y|o) ' ) vt 0
D1 (G, Go) Za £ ylz) + (857" a—alff(y\x)+(%) 8—92f;)(y|$)
R(wyy) 29)

D1(Gy, Go)’
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¢ N
oo (BR) g PIAK)
" Di(Ge, Go) "7t Di(Ge, Go)
R%. From the definition of D1 (Gy, Gy), we have

p?(Aaéj)

c R4 and yf — 4D1(G5 o)

where «

ko ko ko
Do ladl+ D B+ D il =1,
i=1 i=1 i=1

therefore (af) is in [—1,1], (8¢) is in [~1,1]% and (7¢) is in [—1,1]%2, by the

K3
compactness of those sets, there exist subsequences of (af), 4¢ and ~¢ (without

loss of generality, we assume it is the whole sequence itself) such that af —

a; € [-1,1],8f = i€ [-1,1]¢ as £ — oo for all s = 1,...,ko. As Zfil || +
221 18:ll + Efil |lvi]l = 1, at least one of them is not zero.

Step 3 (Deriving contradiction via Fatou’s lemma) By Fatou’s lemma, we
have

lim inf 2EXdTV(fGe (‘X)a fGo (|X))
s D1 (G, Go)

= lim inf /X dPx (z) /y dv(y)

> /X dPx (z) /y dv(y) (nnrgigf fo(i’)'f()G_e JE@;” D

[t o Sl
X y

{—00 Dl(Gg,Go)
ko
- /X dPx (z) /y du(y) ;ajfﬂym+<ﬂj>Ta%ff<y|x>+<%>Ta%f;?<ym> .

fa.(lz) — fa, (ylz)
D1 (Gy, Go)

~

Exdry (fa,(-|1X), fa,(-|X))
D1 (Gy, Go)

Since lim,, o

=0, we have

ko 5 )
; a; [} (ylz) + (5j)Ta_91ij(y|x) + (%)Ta_ezf]o(mx) =0, as. inz,y, (30)

where at least one of ay, 3;,7; are not 0. But by the identifiability of family
of conditional densities f (condition (Al.)), we have oy = -+ = ay, = 0,
f1=--+=pr, =0and y; =--- =y, = 0. Hence, we arrive at a contradiction
and conclude claim (22).

For part (b) of the theorem, in a similar spirit we can achieve the conclusion
by proving the following claims:

in EXdTV(fG('|X)7fG0('|X))
GEOK (0):Wa(G,Go)>¢ W3 (G, Go)

>0, (31)
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for any ¢ > 0, and

{]EXdTV(fG('|X)a fGo('X))
W2(G, Gy)

li inf : Wa(G,Gp) < > 0. 32
eg%c;eglx(@) 2(G, Go) _6} (32)
The proof of claim (31) is similar to that of claim (21) and is omitted. Now
we proceed to prove claim (32). Suppose this does not hold. So there exists a

sequence Gy € Ok (0©) such that

Exdry (pa,(-|X), pa, (-] X))

Wo(Gp, Gg) — 0,
2( 4 0) WQQ(GE,GO)

- 0. (33)

We can assume that all Gy have the same number of atoms (by extracting a
subsequence if needed) and relabel the atoms and weights of G, such that it
admits the following form:

ko+r Sj

Ge= YD b, 05,,): (34)

j=1 t=1

where Zf;lpft — p?, ijt — 9% and ngt — ng for all j € [ko + 7], p? =0
for all j > ko, and (691,05,), ..., (094, 1> 05k, 4r)) are distinct. For all j,t, we
denote A0, := 01;, — 09, A0S, = 05;, — 09, and Ap§ =377, pf, — pf. We
have

ko+r 8j
W2(Gp,Go) < Y (yAp§| + >0l (11208 + HAGéthQ)) —: Dy (G, Go)

Jj=1 t=1

(35)

As in part (a) the remainder of the proof is divided into three steps.

Step 1 (Taylor expansion) To ease the notation, we write for short

fyla) = flylha(z,09;), ha(,65))),  fio(yle) = f(ylha (@, 0550), ha(z, 055,)),

forallt=1,...,s;,5 =1,...,ko +r. Because f(ylhi(x,01), ho(z,02)) is differ-
entiable up to the second order with respect to 61,6 for all z,y, by applying
Taylor expansion up to the second order and the chain rule, we find that

0 0
Jiylz) = £} (ylz) = (A87;,) T a—elff(y\x) + (Abg;) 8—92f§)(y\x)

1 02 1 0?
+ E(Aaf]‘t)TTH%f;}(mx)(AGfﬁ) + i(Aeéjt)T@ff(y|x)(A0§jt)

62
+ (Aefjt)Tmff(y|z)(A9§jt) + Ri(z,y)
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where R;(x,y) is Taylor remainder such that R;;(z,y) = o (HAG{thZ) for i €
[ko + 7]. Therefore,

ko+r ko+r Sj
fe,(ylx) — fa,(ylz) = (Ap%) fwlx) + YD ol (f(wle) — £ (ylz))
Jj=1 j=1 t=1
ko+r ko+r Sj a
SHOIILTEED ol  SEAEC g FV R
=1 =1 \i=1 1
ko+r

0
prg Aeé]t ) a—%ff(y\l‘)

i 0 2

+Y (Z D (0], 5 £ ule) (8))
p” 0T 0 ‘

£ (5@ 892f ()} (A0,,))

57 pt. 2

( Dij 3 )T 80889 fO(ylx)(A(%ﬂ)) + R(z,y),

(36)

where R(z,y) = Z]kt pftwjt(x,y) =0 (Zj,t pft (HA@{thQ + HAegthQ)). From
the expression in Eq. (35), we have R(x,y)/D2(G¢,Go) — 0 as { — oo for all
x,y.

Step 2 (Extracting non-vanishing coefficients) From Eq. (33) and (35), we

have that
Exdrv (fa.(|X), fa, (X))

Dy (Gr. Go) =0 (= o0). (37)

We can write

_ ko+r ko+r ko+r 9
oy Ao S i) + >0 o 10le) + Y o f2le)
’ i=1 j=1

kotr  8; kotr  8;
+2 (z;(w 6szo yla)(wly)) + Z (Z aggfo ylo)(v],))

ko+r  8j

+2 ; (;(“}ft ao 65 ——— [} (ylx) (v} )) + R(z,y), (38)

where

ol = (Apf) bt — 2?21 p?t(AQ{jt) 0 Z:J:I pﬁt(A%jt)

sy Y5 — y 6= T~ A
7 Dy(Gy,Go)” Y Dy (G, Go) / D5 (Ge, Go)
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\/pgt(AQ{jt) ¢ \/Pﬁt(A%g‘t)

Wiy = y Ujp = )
2D2(G€7 GO) 2D2(G€7 GO)
for all j € [ko + {]. From the definition of D2(Gy, Gy), we have

and

ko+r ko+r s; ko+r s;
Z a3l +2 3 D el 2 >0 DIl =
Jj=1 t=1 7j=1 t=1

so that M, := max; {|a§|, |07, [l I], lwh,|I%, 05,17} is always bounded below

1
by 7 for all n, and does not converge to 0. Denote

Oé _aZ/M Be _bé/va 7] _CZ/M& p]t _wjt/\/ £ t _,th/v

forallt =1,...,s;,7 =1,...,ko + r. By compactness and subsequence argu-
ment, we can have that o} — «; € [ 1 A, 87— B € [-1 ,1]4 and fyj .= €
[~1,1]%2, and P?t — Pt E [—1,1]%, ]t — vj € R% as ¢ — oo for all ¢, j, and

at least one of those limits is not zero.

Step 3 (Deriving contradiction via Fatou’s lemma) By Fatou’s lemma, we
have

2 Exdrv(fa,(1X), fe,(1X))

lim inf 7= D5(Gy, Go)
=i f— P
miat [ st [t [P T
1 | falyle) — fa (ylw>)
> [ ap d lim inf —— | == X
7/X X(m)/y v(y) <lnn_l>1£ M@ Dy(Ge, Go)

fa,(ylx) = fa, (y|x)

> /X dPx () /y dv(y) lgglggfm Ds(Gy, Go)
ko+l1 0 T 0 0 0
/XdIP’x(x)/de(y) ;ajfj(mx)Jr(ﬂj) 8791f (ylz) + ()" 7f (ylz)

Sj a Sj a
+ Z(Pjt)waf(ym(ﬂjt) + Z(Vjt)waf(y\x)(Vjt)
t=1 1 t=1 2

T 9 _
"‘2;(:0;0 891602fj (ylx)(vje) |-

1 Exdrv(fe,(1X), fa,(1X))
M, Ds(Gy, Go)

hand side of the above display is 0 for almost all z,y. By the second order
identifiability of f(y|z), all the coefficients are 0, which contradicts with the
fact derived in the end of Step 2. We arrive at the conclusion of claim (32). O

Since lim,,— oo = 0, the integrand in the right
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Proof of Proposition 2. We want to prove that for h; and hs being completely
identifiable, then for any k¥ > 1 and distinct pairs (611,021), ..., (01, 02x) we
have

(h1($7911), hz(x,egl)), ey (hl(x,elk)7 hg(w,egk))

are distinct almost surely. For any ¢ # j, because (61,,62;) # (015,62;), we have
either 61; # 615 or Oy; # 02;. By the complete identifiability of hy and ho, we
have either

Px({l‘ : hl(l‘,eli) = h1($,91j)}) = 0,

or

Px({x : hg(l‘,egi) = h2($,92j)}) =0.
Hence,
Px({z : (hi(z,015), ha(z,02)) = (ha(z,015), ha(z,02;))})
= PX({CC : hl(x,Hli) = h1(1'7 91]'), hz(l’,ggi) = hQ(ZL', GQJ)})
S min{lP’X({x . hl(l‘,ou‘) = hl(x,ﬂlj)}),]P’X({x . hg(l‘,ogi) = h2($,02j)})}
=0.
Now consider the set
A =Uicici<i{r: (ha(z,01:), ha(x,00:)) = (ha(z,015), ha(z, 025))},
we have
Px(A) < > Px({z: (ha(x,01), ha(,02:)) = (ha(x,01), ha(x,055))}) = 0,
1<i<j<k

ThCI‘CfOI‘C, (hl(.i?, 911), hz(l‘, 921)), ceey (hl (1‘, le), hg(l‘, ng)) are distinct on Ac,
where Py (A°) = 1. O
Proof of Proposition /4. (a) This comes directly from the fact that if by and hy
are Lipschitz. For any Gg = 250:1 p?(i(g?j,ggj) € &, (0),G = ZZK:1 Di6(6,,,00:) €
Ex(©), we have

|hi(z,609;) = hy(x,00)] < c1 ||69; — 61|,

and

|ha(x,05;) — ha(x,02:)] < c2 ||609; — 0|,
forany j=1,...,ko,i=1,...,K and all z € X, where ¢; and co are constants
which only depend on h; and hy. Hence, for any coupling (qij)fj’iol of (pz)ZK= 1
and (p?)?ozl, we have

> s (|01 = 03| + [162: — 65;)
5]

> C1) aij(hl, 01) — b, 67))] + [h(x, 61:) — h(z, 63))))

.3
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for Cy = 1/ max{cy,c2} and for all z € X. Taking infimum with respect to the
LHS, we have

K
W, (G,Go) > ijé(hl(;ce )hQ(x,ng)pZpj5(h1(x,elj),hQ(z,agj)) ;

Jj=1

Taking the expectation with respect to Px we obtain

ko K
Wi(G,Go) = CLEx Wi | D 038(n,(x,00,) ha(x.08,))» D PiS(hs (X015, (X.02,))
: =
(b) For any coupling (qij)ZKJ’ 2 of (p))K | and (pg)?ozl we have
K ko K,k‘o
Ex sz‘hl(X, 01:) — ZP?}M(Xv 07;)| < Z qij b1 (X, 013) — ha (X, 60))]
i=1 Jj=1 ,j=1
K, ko
< > ager [|0ni =65
ij=1

Taking infimum of all feasible (g;;);,;, this implies

K
Ex |y piln(X,01:) Zpohl (X,609,)| < i WA (G, G).
i=1

Doing similarly for hs, we have the conclusion. O

A.2. Convergence rates for conditional density estimation and
parameter estimation

Firstly, we combine the inverse bounds (Theorem 2) with the convergence theory
for density estimation to derive convergence rates for parameter estimation that
arise in regression mixture models as presented in Theorem 4.

Proof of Theorem 4. Recall that with the assumptions in this theorem, we have
Exdrv(fa, fa,) 2 CiWi(G,Go) VG € &, (0),

and for any K > ko,
Exdrv(fa, fa,) > CaW3(G,Go) VG € Ok (),

for C1,Cy > 0 only depend on ©, Gy, f, h1, he, and K. Besides,

V2du(fa, fa,) > Exdryv(fa, fa,) VYG,Go.
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Combining these inequalities with the concentration inequality given in Theo-
rem 3 to have

Pe, (Wi (G, Go) > C0) < Pg, (A (fa, fa,) > V2CC18) < cexp(—nd?/c?),

for the exact-fitted setting, since G,, € & (©). In the over-fitted setting, a
similar argument yields

Pe, (W2(Gn,Go) > C8) < P, (A (fa, fas) > V2CC368) < cexp(—nd?/c?).
O

Next, we proceed to prove Theorem 5 which is concerned with the convergence
rates of conditional density estimation.

Proof of Theorem 5. The proof is a generalization of proof of Theorem 3.1 in

[9]. First we prove that if for any fixed k and for all € € (0,1/2), these claims
hold

log N (e, F(©), [l c) =

Hp(e, Fu(©),dn) <

og(1/e) (39)
og(1/e), (40)

then by applying Theorem 3, we can arrive at our conclusion. Indeed, since

<f+f0>1/2_ (g+fo>”2
2 2

for all densities f, g, fo, we have

1
1

< d}{(fvg)
2

Hi(uw, 72 (0,u), |l,) < Ha(u, Pa(Q), dn),

for all w > 0. Thus, we can bound the bracketing entropy integral as follows

5
T, F20,6) < (/ HY(u, ]-'k(Q),EH)du> 2
52/213

5

< (/ 10g(1/u)du> vV
62/213
5

< (/ log(213/52)du> Ve
52 /213

log(2'3/6%) v §
log(1/9),

where we use the fact that log(1/u) is a decreasing function. Hence, if we choose
—=1/2

U (0) = dlog(1/4), then W(8) = T (6, P, ~(©,0)), ¥()/6* = log(1/5)(1/6) is a

non-increasing function, and for 6, = O((logn/n)'/?), we have

Vndy = logn/y/m = W (6,).

<5
<5
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Therefore, the result of Theorem 3 says that there exist constant C' and ¢ such

that
- 1
P (dH<f@n, fa,) > Cy/ °;‘§"> < exp(—clogn),

which is the conclusion. It remains to verify (39) and (40).

Proof of claim (39) Since ©; and ©3 are compact, for all ¢ > 0, there
exists a e-net By of (O, ]-||) and By of (Oq, ||-||) with the cardinality |Bq| <

di i di ds
<1am(®1)> and |Bsy| < (1am(92)> . We also know that there exists a
€ €

e-net A for (AF=1 ||| ) such that |A| < (§> ([9]). We consider the following
€

subset of F(©)

k
C = {pG G = Zpié(auﬂw)’ (pi)le c A,@lj S 31,92j S BgVi}.

i=1
We can see that

k . dik . dok
Cl = 4] x [ByJ* x |Bal* < (%) <—dlam(@1)) (—dlam(92)) |

€ €
For any G = Zle pide,,; € (’)Nk(@), there exist (ﬁi)i'i:l € A and 6; € B such
that |P1 *ﬁz‘ S € and ||01j 791” S e for all 7. Let G = Zle 131551 and G/ =
Zle Pidg, ,;, by triangle inequality, we have

Ifa(yle) = faWlo)ll < lfaylz) = for (ylo)llo + lfer (ylz) — fa(ylo)ll

IA
M;r

P — il 1f (ylha (2, 015), ha(w, 025))]]

<.
I
—

Flha(2,015), ho(x,025)) = f(ylha(z, 01), ha(x, 025))]|

’ﬁr

Fjw ||M?r

p; — Dil 1 f(ylha(z, 015), ha(, 025))]]

<.
Il
Ja

+
VM?T
"@1

@
Il
—

i (1015 = Ovs]] + [|625 — ba5][)

A
“(T\

where we apply the assumptions that || f(y|u, ¢)| . is bounded uniformly in
(1, @) € H, and the uniform Lipschitz of f and hq, ho. Hence C forms a e-net of
Fi(0©). This implies that

Nie, Fl(©), 1) < (§> (%) <dm7(®)>
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Taking the logarithm of both sides, we arrive at the conclusion of claim (39).

Proof of claim (40) We first construct an e-bracketing for F(©) under ¢,
norm. Let 1 be a small number that we can choose later, and fi,..., fas is a
n-net for F(©) under |||, for M < log(1/e€). Denote by Cy an upper bound
for || f(y|u, @) o, for all (i, ¢) € H. From our assumptions, we can construct an
envelope for F3(©) as follows

dy exp(—daly|®), Vy>cory<c

H(x,y)Z{Ch Vy € [c, 1,

where we can abbume that ¢ > 0 and ¢ < 0. Then, we can create the brackets
[fF (e, y), £ (2 )]y by

fH(@y) = max{fi(ylr) = 0,0}, f7(z,y) := max{fi(ylz) +n, H(z,y)}.
Because for all f € Fj,(©), we have a f; such that || f — fil| ., < 7, it can be seen

that f(ylz) € [f(z,y), f (z,y)] for all z,y. Therefore, F(©) C UYL, [fF, fI].
Besides, for any C' > ¢ and C < ¢, we have

/ (Y — fE)dP(2) / / ~ fE)dP()dv(y)
z Jy=
) — FE)aB(@)iv(y)
{y<C}U{y>C}

<n(C-0C) +/ dyexp(—daly|®)dv(y)
{y<CIu{y>C}

<n(C-0C)+ dy exp(—ul)ul/%~ du (y)
{u<dz|C|43 }u{u>daC*3}

< 1(C — C) + Cexp(—daC™) — C exp(daC™), (41)

where we use the change of variable formula u = dy|y|?, and the fact that when
v is the Lebesgue measure:

/ exp(—u) () du = zl/dge’z/ (14 5)t/ds—1gm2s
u>z 0
1

< 1/d3 —Z
=7 € Z—l/d3+1

< zl/d?’e*z,

for all z > 0. Notice that if f is a probability mass function (i.e., v is discrete),
we can change the integral to sum, and the result still holds because

D expl-ali®) < [ expl-dalyi®)dy
y=C+ y=¢
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Now, let C = (log(1/n))*%,C = c(log(1/n))"/ % we have

1 1/d3
178 = £E]), <™ (log (5)> ,

where dy = max{1,dsc®,ds|c|?}. Hence, there exists a positive constant c
which does not depend on 7 such that

Hi(en™ (log(1/m)"*, Fi(©), IIl,) < log(1/n).

Let ¢ = cn®(log(1/n))!/ %, we have log(1/¢) < log(1/n). Combining with in-
equality ||-||, < h? yields

Hp(e, Fi(©),h) < Hp(e, Fi(0), |III;,) < log(1/€?) < log(1/e).

Thus, we have proved claim (40). O

Finally, we obtain upper bounds on the tail probability for some popular
family of distributions in order to verify that they satisfy all conditions of The-
orem 3.

Proof of Proposition 8. Since the parameter space A is compact, we can assume
it is a subset of some [A, A], where A > 0 and A < 0. If the family of distribution
is discrete, then obviously its probability mass function is bounded uniformly
by 1.

(a) For the family of normal distribution {f(y|u,o?) : p € [\, A], 0%}, we have

that
1

fylp, o) < Noroe exp(—y/80?), (42)

for all y > 2\ or y < 2)\.

(b) For the family of Binomial distribution Bin(N,q), we can see that it is
discrete and domain of ¢ is bounded. Therefore the conclusion is immediate.
(c) For the family of Poisson distribution f(y|A), we have that f(y|\) = 0Vy <0
and

e~ Y

fylA) = " < exp(—y),

— y/2
for all y > 2(\e)? due to the inequality y! > (%)y .

(d) For the family of negative binomial distribution f(y|u,®), we also have
fylp, ) = 0¥y < 0, and

o (0 N o e (B n\"?

,9) ] < = <|z= .
flu,¢) <y <u+9> Y <u+9> <u+9>

for all y large enough compared to & and ¢. O

Proof of Theorem 6. Similar to the proof of Theorem 4, with §,, = /log(n)/n
(and using Theorem 5 instead of Theorem 3). O



170 D. Do et al.

Proof of Remark 4. From Theorem 6, there exist constants C' depending on
Go, 0, f, h1, hy and an universal constant ¢ such that

Pay (W1(Gn. Go) > 6) < cexp(—nd?/c?),
for all 6 > C(logn/n)'/? =: 6,. Therefore,

By Wi (G, Go) =By W1(Chus Go) L, @,y <
+ EGO Wy (én, GO)l[Wl(én,Go)>5n]

< dy, +/ Pe, (Wl(@n,Go) > 5) s
On

< 0p —|—/ cexp(—nd?/c?)ds
5

n

<6y, +/ cexp(—C(nlogn)/?6/c?)ds
On

2 On

c
(nlogn)t/2C

1/2
< (logn) 7
n
where C’ is a constant depending on ©, f, h1, he, Go. Similar inequalities yield
the expectation bound for Wa(G,,, Gy) in the over-fitted setting. O

=0, +c¢ exp(—C(nlogn)'/25/c?)

o0

Proof of Pg“oposz'tz'on 9. From Theorem 6, we have that with probability at least
1—cn—Ve ,

Wg(égf‘]),én”m_l)) > Wz(GoﬁﬁﬁO‘”) - W2(G0,ég€°))

logn 1/4
n

> W5(Go,Gy) — C1 (
> G,
where (1 is a constant depending on Gy, O, hy, ho, f, and

Gt inf  W(Go, Q).
o €arg inf 2(Go, G)

Note that since Oy,_; is compact and Wy is a metric and continuous for both
arguments, this infimum problem achieves at least a minimizer (see also [5] for
the closed form solution of Gj). In the second inequality, we also use the fact
that W2(Go, Gy < W1 (Go, GHF)) as W1 (Go, GE)) — 0. Since Gy € &, (©),
Wa(Go, Gt ) is a positive constant, which justifies the last inequality above.
Besides, for all k € [kg, K — 1], with probability at least 1 — cn_l/cz, we have

R R R 1 1/4
W2(G$Lk)7 G'(nk+1)) < VVQ(G’%’C)7 Go) + WQ(G(), G%kJrl)) < Oy < Oin> <L Q.
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Hence, for sufficiently large n, the selection rule of k, gives P(k, = ko) >

~1/¢* By combining it with Theorem 7(a), we arrive at the conclusion (17).
o

1—cn

A.3. Posterior contraction theorems

Proof of Theorem 7. It suffices to verify conditions (i) and (ii) of Theorem 11 in
Appendix D in order to arrive at the conclusion, with F = F, = {f¢ : G € Ok }
and ¢, = (logn/n)'/2.

Checking condition (i): We need to show that the prior distribution puts
enough mass around the true (conditional) density function fg,, i.e., to ob-
tain a lower bound for II(Bz(fg,,€n)). First, consider the ball {G € Ok (O) :
W1(G,Go) < Ce2} for a constant C' to be chosen later. By Lemma 1, we have
Exd? (fa,, fa) < C1Ce%, where C; depends on ©. Because CC1e2 < ¢ for all
sufficiently large n, we have Ep, x 1, (fG,/fc) < M. By Theorem 5 in [43], we
have

Epy K (fao, fo) < €, log(VM/\/CCey)

EPXKQ(fGovfG) < 631 10g(\/M/ V 001€n)2.
Hence, for M = log(v/M //CC), we have

I(By(fa,: Men)) > I(W1i(G, Go) < Cey).

However, for all G = Zfil Pi0(01:,651) such that [|61; — 07| < e,/ (4ko), [|02; —
0%l < €n/(4ko), |pi — PY| < €n/(4kodiam(01) x diam(O2)), we have

ko
W1(Go, G)< > (0) A pi) ([|02i=0%; || + ||62i— 0% || ) +1p: — pY|(diam(©;)diam(6,))

Due to assumption (B1.), the prior measure of this set is asymptotically greater
than €, Hence

H(Wl(G7G0) S Cen) >; €n >F efcnei’
1/2.

as €, = (logn/n)

Checking condition (ii): We need to provide an upper bound for the entropy
number log N(F,dy,€,). By Lemma 1,

&y (fe. fao) < Exdry(fo, fo,) < Wi(G, Go)

We use the same strategy as in the proof of Theorem 5. Since ©; and ©5 are com-
pact, for all € > 0, there exists an e-net By of (01, ||-||) and By of (g, ||-||) with
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di i di ds
the cardinality |B;| < <&@1)> and |By| < ( fam(O) > . Moreover,
€

k
there exists an e-net A for (A*=1 ||| ) such that |A] < (—) We consider
the following subset of F

k

C = {G G = ijé(glj,g2j), (pj)§:1 S A,Hlj € 31,92j € BQV]}
i=1

Note that

ki dik /4. dok
O =141 x |Bi|* x |Bal* < <§) (dam—(@l)) (M) .
€

€ €

For any G = Zf:l pi5(91j,92j) € O(0), there exist (ﬁj);?:l € A and éj c B
) 02; — 02| < €, for all j. Let
G = Z?Zl ﬁi5(é1j,é21) and G’ = Zle Did(6,,,6,,;), Dy the triangle inequality, we
have

such that [p; — p;| < €, and H91j

Wl(Ga é) <W (G7 G/) + W (Gla é)
k
< Z Ip; — Pj|2(diam(©4) + diam(O2))
j*l

+ ZPJ 1615 — O15 ]| + (|25 — b24]]) < €,

This implies that the covering number

N(en, F,dy) < (i)k (diam—(@l))dlk (M)dﬂf.

€n €n €n

Taking logarithm of both sides, we obtain log N (e, F,dg) < log(1/€,) < ne2.
Now, we are ready to apply Theorem 11 to conclude the proof. O

Proof of Theorem 8. The proof of this theorem is similar to that of Theorem 4.
It is a direct consequence of Theorem 7, where we proved that the posterior
contraction rate of dy (fa, fa,) is (logn/n)'/?, and the inverse bounds (Theo-
rem 2), where we showed that dg (f, fa,) = Wi(G,Gp) in the exact-fitted case
and dy (fa, fa,) = W2(G, Gy) in the over-fitted case. O

Now we are to establish the consistency of the number of parameters and the
posterior contraction rate of the latent mixing measure in a Bayesian estimation
setting, where the regression mixture model is endowed with a “mixture of finite
mixture” prior. The proof makes a crucial usage of Doob’s consistency theorem
([8] Theorem 6.9, or [26] Theorem 2.2).
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Proof of Theorem 9. For each latent mixing measure G, we write k(G) as its
number of (distinct) support points. Recall that we have a prior II on G =
U2, Ek, which is a subset of the complete and separable Wasserstein space
endowed with metric W;. By assumption, G (and hence k(G)) is identifiable.
By Doob’s consistency theorem [7] (or [8] Theorem 6.9), there exists Go C G
such that TI(Gy) = 1 and for any Gg € Gy N &k, i.e. those Gy € Gy that that
have kg supporting atoms, we have

P(k(G) = kol!",y™) = E[1(K(G) = ko)l 4] = 1(k(Go) = ko) = 1,

almost surely in ®2,Pg,. For the mixture of finite mixtures prior, K represents
the (random) number of components Moreover, by assumption, given K = k,

the prior distributions on p = (p;)¥_, and (6;)%_, are absolutely continuous, and
set G = Z?Zl p;dp;. Thus, under the induced prior IT on the mixing measure,

we have k(G) = K for II-almost all G. This entails that there exists G C g
such that II(G}) = 1 and for any Gy € G we have

P(k(G) = K|z gy =1 vn>1 as @2, Pg,.
Now, for any Gy € Gy N G}, by the calculus of probabilities

P(K = kolz!™,y[") > P(K = ko, k(G) = kola!™, y[™)
k

(
=P(K = k(G), k(G) = ko|z["], y")
> P(k(G) = kolz!",yI")) — P(k(G) # K|z, yI"])
= P(k(G) = kol yI").

Thus, P(K = ko|z!",y[")) = 1 a.s @2, Pg,, provided that Go € Go N Gh N Ex, -
Then, with €, = /logn/n, we can bound:

(G : W1(G, Go) = en|zl™y ZH G € E,(O) : W1(G, Go) = enlal™, yIM)
< H(K # kolz!", ™)
+1II(G € &, (0) : Wi(G, Go) = €|a!™, ylM).
The first term goes to 0 Pg,-almost surely, thanks to the argument above. For

the second term, we apply the first part of Theorem 8 to conclude that it tends
to 0 in Pg,-probability. O

Appendix B: Proofs of remaining main results
B.1. Basic inequalities

Proof of Lemma 1. Let G = Efil Pi0(0,,,0,,) and recall that Go = Zf‘;lp?
5(90 0g,)- To ease the presentation, denote f;(y|z) = f(y|h1(z,01:), ha(x,02;))
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and f(y|lz) = f(ylhi(x,09;), ha(x,63;)) fori =1,...,K,j=1,... k. We have

K ko
Exdry (f6(1X), o, (1) = [ abx [ aviw) |3 pusitie) = sl

K, ko
_ /X dPx /y dv(y) MZ:lqij(fi(ym—ff(y\x))
K, ko
< Z Qij/XdPX/de(y)’fi(y|$)_fjo(y|x) )

for any coupling (qij)fjﬁi{’l of (p;)X, and (p?)?ozl. But because of the uniform

Lipschitz assumption of f and hy, ho, we have
|filylz) = £ (yl2)] < e(lha(z, 010) — ha (@, 00;)] + |ha(z, 02:) — ha(, 03;)]),
and then

[filylz) = £ (le)l < cen [|02: = 03| + cea [|62i = O3] Vo, y.

Therefore,
K, ko

Exdry (fa(1X), fa,(1X)) < cmax{er,ea} > qi;([|02: — 09| + [|02i — 69;])),
ij—=1

for all z,y. Taking infimum of all feasible (¢;;); ; to obtain
Exdrv (fa(1X), fa,(-1X)) < Wi(G, Go). O

Remark 5. By inspecting the proof above, we see that the results still hold if
we change the uniform Lipschitz condition of hi and ho to the integrability of
the Lipschitz constants, i.e. there exist c1(x), ca(x) for all x € X such that

hi(z,01)—hi(2,01) < c1(2) |61 = 01|, ha(z,02) —ha(z,03) < ca(@) (|02 — 05,
for all01,02,07,0%, and Exci(X) < 00, Exca(X) < co. This condition is weaker

than the uniformly Lipschitz condition in x.

B.2. Identifiability results

Proof of Proposition 1. (a), (b): Can be found in [2, 17].
(c) First, we will establish the first order identifiability condition when 2K <

N +1. Suppose that q1, ga, . . . g € [0, 1] are distinct and there exist a, ..., axk,
B1,- .., Bx such that

. . 0 _. 0 _.
a1Bin(y|q1) + - + axBin(y|gx) + B1 %Bln(qul) + -+ B %Blﬂ(y|QK) =0,
(43)



175

Identifiability and parameter learning in regression mizture models

., N. Direct calculation gives

forall y =0,1,..
K L
S @1 —ag)V Vo + Y —q!(1-g)¥ VB =0, Vy=0,...,N. (44)
i=1 i1=1 aq
Because this is a system of linear equations of (ay, 8;)X , it suffices to show
that the following (N 4 1) x 2K matrix has independent columns
1—aq)¥ 1—g) L1 —q)V (1 =gV
a R ar Seax
Multiplying this matrix with the following upper triangular matrix
N N N
L) () (v)
N-1 N-1
o 1 (%) N
N-2
0 0 1 (v3) |-
0 0 0 1
we only need to prove the following (N + 1) x 2K matrix
1 1 0 0
@ 4K 1 1
@ B 20 2>
' - af Net ! N~

has independent columns. Because 2K < N+1, it suffices to prove that det(D;) #

0, for
1 1 0 s 0
q qK 1 1
Di=| qf 7 2q1 2>
K1 CE1 (2K — 1)K 2 (2K — 1)g2K—2
— qj)%, so that it

In the following, we will prove that det(D1) = [],<; j<x (¢
,qn are distinct as in our assumption. We borrow

is different from 0 if ¢, ...
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an idea in calculating the determinant of the Vandermonde matrix. Note that
det(D;) is a polynomial of ¢1,¢2, ..., gk, with the degree of each ¢; no more
than 4K — 4. Let us treat ¢ = x as a variable, while ¢o,...,qx as constants,
and prove that the polynomial f(z) being equal to

1 1 1 0 0 0
x a2 aK 1
det z? qg s (1?( 2z 2q2 . 2K
QK1 @2ESL Rl (g 1) 2K-2 o 12K L (oK _ 1)q2K 2

is a polynomial having degree 4(K — 1) of z and can be factorized as Hf(:Q(I -
¢;)*. Tt suffices for us to show f(z), f'(z), f"(z), f® (x) all attains g as solu-
tions, and similar for other ¢;’s. It can be seen that f1(gz) is a determinant of a
matrix with identical first two columns, therefore fi(g2) = 0. For the derivative
of f1, we use the derivative rule for product (fg)' = f'g+¢'f to have that fi(x)
equals

0 1 0 0 0
1 e qK 1 1 S 1
det 22 ek 2z 242 e 2qx
2K —1)z?K-2 ... gF1 oKk - 12?2 2K -1)¢3% 7?2 ... 2K —1)¢X?
+
1 1 0 0 0
x cee qK 0 1 B 1
det | = - &% 2 2g2 2qx
K- @Kl 0K - 1)(2K —2)22K 73 2K - 1)¢3F 7?0 2K —1)¢3fK

As the first matrix has identical first and (K +1)-th columns, its determinant
equals 0. Hence, fi(x) equals

1 . 1 0 0 i, 0
T qK 0
2 2
det z co 9K 2 2q2 s 29k
22K @Kl 0K 1) (2K — 2)22K 72 2K —1)¢2F T2 . (2K —1)¢3f 72

Now consider f](gz). It is the determinant of a matrix that has identical first
two columns, so fi(g2) = 0. Continuing to apply the derivative rule for products
of functions, fi'(x) equals
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0 1 0 0
1 qK 0 1
det 2z ax 2 2qx
(2K — 1)a2K-2 ... gkl 2 2K —9)2?K3 .. 2K - 1) F R
1 1 0 0
T qK 0
fdet| 2° i 0 2ax
L2K-1 q?{K—l Hf:1(2K7i):52K_4 (2K — l)qu(*?

Substitute = g2 in the formula above, the first matrix has identical first and
(K +2)-th column, and the second matrix has identical first two columns. Hence,

7'(g2) = 0. Continue applying derivative one more time, fl(g) () equals

0 1 0 0
qK 0
det ax 2 2qK
2., 2K —i)a?K=3 ... gZE~t 2L, (2K —)2?K=3 ... (2K — 1) 2
0 o 1 0 0
1 . aK 0 1
2
+ det 2z aK 2 2qK
(2K - 1)z?5=2 ... gFTY T 2K —a)2? Kt o 2K - 1) R
0 .- 1 0 0
1 o qK 0 - 1
2
+ det 2z e 0 29k
(2K — 1)z?K-2 ... gkt 52K —)z?K* .. 2K - 1) 2
1 . 1 0 0
x R aK 0 L 1
2 2
+det| @ ax 0 2qx
L2K-1 q?{}(—l ?:1(21(71-)&721(75 (2K — 1)q§<K72

The first matrix has two identical columns, so its determinant is 0. Meanwhile,
when we substitute = ¢ into the other three matrices, each also has identical
columns. Hence, f®)(go) = 0. We obtain that f;(z) o ]_LKZQ (z—gq;)*. By treating
q2, - - -,qK as variables respectively and applying the same argument, we have

det(D1) =[] (@—a)*#0,

1<i<j#K
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whenever q1, qs, ..., qx are distinct.
The proof for establishing the second order identifiability when 3K < N+1 is
similar, where the determinant of the derived 3K x 3K matrix is [ [, ;. x (¢ —
o <
q;)° # 0.

(d) For the family of negative binomial distributions, the density is given as
Co+y) (_n \'(_¢ \°
NB(ylu, ) = ,> ( > :
L@@y \o+p) \o+nu

Suppose that pq,...,ux are distinct, and there exist aq,...,ax,51,-..., BK,
1, s Vi such that for every y € N

K 2

o
> aiNB(ylpi, ¢ +ZBZ B(ylui, b) +Z%8 sNB(y|pi, @) = 0. (46)

i=1

We will show that a; = - =ag =01 =---=0Brg =71 =...v7x = 0. Indeed,
Eq. (46) is simplified as below

ZI_% <¢+m)y<¢+uz> +12151(¢+Hz)y_1<¢’fﬂi>¢+1¢y§;,ﬁz
i_(: <¢+m>y_2( o )¢+1( ! 510y — 1i)* = y(2ui + @) + 1]

O+ 1 &+ i)

=0,
(47)

for all y € N. Without loss of generality, assume g is the largest value in the set

of {u1, ..., i }. This implies that " H1 is also the largest value in the set of

+ 1

y—2
M1 12324 e . . 1258
J e . Dividing both sides of Eq. (47) b —
{¢+m ¢+uK} g q. (47) y<¢+u1> [Py

)? = e +0) +48] = (5 fﬂ) Ay(y), we obtain
éa (Ziiil:;)y 2<¢+uz>2<¢fui>¢f‘hl(y)
ﬂiﬂi () () 6) et
() (655) eriw

pr1
+ 7 (d"",ﬂl) (¢+M1)3=0,Vy€N. (48)
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Let y — oo in (48), we get 71 = 0. After dropping 1 in (47), the remaining

~1
terms of the equation is divided by <¢ il,ul ) ’ (y — p1), we have
K [
m(éﬂn)) ( i )( ¢ ) 1
;a (u1(¢+uz) Ptpi) \O+pi) y—m
o) Ga) (Em) e
+ZBZ( 1(¢ + i) ¢+ pi y—p) o+ p
¢+m)) ( ¢ >¢“ 1 Ay
+Z ( (¢ + 14) O+ 1 (¢ +pi)®y —m

gb d+1
+51(¢+,LL1> ¢+N1=0,Vy€N. (49)

Taking the limit y — oo both sides of Eq. (49), we get 81 = 0. Continuing this

y

procedure, we set 81 = 0 and 73 = 0 in Eq. (46), then divide <¢ _'1:1 ) on
H1

both sides of the remaining equation. The final result leads to the following:

K

Z%(Zi(@iiﬁ)y(qsfmy

1=2
<z(¢+u1)>y< L4 )1< ¢ )¢+1y—ui
1(d + i) ¢+ g ¢+ i &+ i
)
)

f;

<,¢+u1 )( i )( ¢ >¢+l Ai(y)
(9 + i ¢+ i ¢+ (¢ + p13)?
¢ [l
a1(¢+m) =0,Vy e N. (50)

Tt is clear to see that oy = 0 when y approaches co in Eq. (50). We have shown
that ay, 81,71 = 0. Inductively, we obtain that «;, 8;,v; =0fori =2,.... K. O

Proof of Proposition 3. Since Px is absolutely continuous with respect to the
Lebesgue measure on RP?, it is sufficient to prove the result in this proposition
with respect to the Lebesgue measure.

(a) We will prove this part by applying an inductive argument with respect
to p (dimension of covariate z). Suppose p = 1. For 6 # 6, the equation
h(z,6) = h(x,0") is a non-trivial polynomial equation, it only has a finite num-
ber of solutions. Thus the set of solution has Lebesgue measure zero, so we have
h(z,0) # h(z,0") a.s.

Assume now that the proposition is valid up to the parameter space dimension
p—1. Now we prove that it is correct for p. Using a similar argument as above, it
suffices to show that the set of solutions for any non-trivial polynomial has zero
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measure. Indeed, consider any such polynomial of degree d of variable = € RP,
we can write z = (X,_1,x,), where X, 1 € RP~! and x, € R. The polynomial
then can be written as:

d

> pi(Xp-1)a, =0, (51)

J=0

where (pj(Xp,l))?ZO are polynomial of X, ; € RP™1 at least one of which is
non-trivial.

Now, partition the set Z of the solutions for this polynomial into two mea-
surable sets Z = AU B, where

A= {(Xp_l,:cp) :pj(Xp—l) =0 Vj == 1, ,d}
B = {(X,_1,zp) : at least one p;(X,_1) # 0, and =z, satisfies (51).}

The Lebesgue measure of set A is 0 using the induction hypothesis. While for
any ¢ = (X,_1,p) in set B, for each such X,_1, there exist only a finite number
of z, € R to satisfy (51), which has zero Lebesgue measure in R. Therefore, we
can use Fubini’s theorem to deduce that the measure of B is also zero. Thus,
Z has measure zero. We have established that h(x, ) is completely identifiable
for any polynomial h(x,9).

0
Turning to the verification of Assumption (A5.), since %h(x, 0) is again a

non-trivial polynomial of =, (A5.) is also satisfied using the same argument
above.

(b) Similar to part (a), we only need to prove that a non-trivial (not all
coefficients are 0) trigonometric polynomial of a:

d

d
aop + Z by, cos(nz) + Z sin(nz) = 0 (52)

n=1 n=1

1, . .
has a countable number of solutions. Write cos(nz) = 5 (e e~ ") sin(nz) =

g(emm — e~"%) where i is the imaginary unit, we can rewrite a non-trivial
j
trigonometric polynomial above as

d d
ag + Z b, e + Z Gpe” T =, (53)
n=1 n=1

where Bn and ¢, are computed from b,,c,, and the tuple (a(),Bn,én) is non-
trivial. Set y = €@, this becomes a polynomial in y € C, which has a finite
number of solutions, by the fundamental theorem of algebra. Combining this
with the fact that e’ = y only has a countable solution in x, we arrive at the
conclusion. The condition spelled out in Assumption (A5.) also holds because
the derivative of a trigonometric polynomial is still of the same form.
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(¢) Similar to above, we express a non-trivial mixture of polynomials and
trigonometric polynomials in the form:

d d
Z anx™ + Z b, e + Z Gpe” T =, (54)

n=0 n=1 n=1

which is a holomorphic function in C. This function is known to have an iso-
lated set of solutions, which has zero measure [36]. Thus, these functions are
completely identifiable. Conditions in Assumption (A5.) also follow because the
derivative of a function of this type is still of the same form.

(d) Given h(z,0) = g(p(x,0)), where g is diffeomorphic.

To verify the complete identifiability condition, it can be seen that for 6 # 6’
h(z,0) = h(z,0") < p(x,0) = p(x,0"), so that the complete identifiability of h
can be deduced from what of p.

To verify Assumption (A5.), note that ﬂT% = BTg’(p(:E,Q))ap(g;7 0).

Since ¢'(p(x,0)) # 0 (as g is a diffeomorphism), the two equations below are
equivalent.

Oh(x,0) op(x,0)

TP = T 7))

p 00 0 p 06 0

Hence, h satisfies assumption (A5.) if p does. O

Now we turn into the proof of Proposition 7, which illustrates the discus-
sion in Section 5 by showing that a mixture of binomial regression model may
be strongly identifiable even though the (unconditional) mixture of binomial
distributions is not identifiable in even in the classical sense.

Proof of Proposition 7. Consider 61 # +605. Suppose that for some a, as, by, bs €
R we have

alBin(y‘la h($7 01)) + GQBiH(yHa h(.’L’, 02))

d .. 9 .
+ by s Bin(y[1, b, 61) + ba £ Bin(y]1, bz, 62)) = 0,

for all y = 0,1, and x € supp(Px). Then we will show that a1 = as = by = by
= 0. Denote o;(x) = h(z, 6;), we have Bin(1|1, h(x,0;)) = o; = 1—Bin(0|1, h(x, 6;)).
0 0
Besides, @Bin(lﬂ, h(z,0;)) = zoi(zx)(1l — oi(x)) = —%Bin
(0|1, h(x,0;)), so that
a1 + as =0, (55)

and

a101(x)+az02(x)+b1zo1 (2)(1—01 (z))+baxos(x)(1—02(x))=0, Va € supp(Px).

(56)
Because Eq. (56) satisfies for all z in an open set, and it is an analytic function of
x, it satisfies for all € R (identity theorem) [36]. Without the loss of generality,
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we assume 6; < 5. If 0 < 01 < 5, then by dividing both sides of Eq. (56) by
o1(x)x, one obtains

ay 1+ exp(bhz) 1 1+ exp(61)

— toer o3 b (1=01(2) + b2 (1-02(2)) exp(f2)

=0, VzeR
z 1+ exp(fax) ’ ve

Let & — oo, we have b1 (1 — o1(z)) — b1/2 or by (depending on whether 61 = 0
or 1 > 0) and all other terms go to 0. Hence b; = 0. Next, dividing both sides
of Eq. (56) by o1(x), one obtains

1+ exp(bhz)
1+ exp(622)

(1 + exp(brz))z

s 1+ exp(faz)

+ ba(1 — o2(2)) =0, VzekR

Let x — oo, we have a; = 0. Therefore,

exp(f2)

——————1r=0 VzeR
1+exp(92:v)x TER,

az + by
which implies as = by = 0. In the other case where 6; < 0 < 05, we let z — oo
in Eq. (56) and notice that 6;(z) — 1,02(x) — 0 then a; = 0. Similarly let
x — —o0, we have ag = 0. Then Eq. (56) becomes

blh($791)(1 - h(.’l?7 91)) + bgh(m,eg)(l - h($792)) =0.

But notice that h(z,0;)(1 — h(x,01)) = h(z,—01)(1 — h(x,—01)), so by letting
07 = —0;, we are back to the case 07,05 > 0. Similar to the case 61,60, < 0, we
can transform 6; — —6q, 05 — 0} to go back to the first case 61,602 > 0 (because
Eq. (56) satisfies for all © € R). Hence, in all cases we have a1 = ag = by = by =
0. Hence, strong identifiability in the first order is established. O

Remark 6. 1. The fact that mizture of Binomial distributions is not iden-
tifiable in general can be seen from a simple example: 0.5Bin(y|l, q1) +
0.5Bin(y|1, ¢2) = 0.5Bin(y|1, q¢1 +€)+0.5Bin(y|1, g2 —€) for all valid e > 0.
That is also the reason why one cannot include the intercept parameter in
the definition of h in the proposition above.

2. The proof technique of this proposition is to perform analytic continuation
so that the identifiability equation satisfies for all x € R then we can ez-
amine the limits t — too. Extending this proof technique mixture of more
components (more than 2) is generally more challenging because several
components can have the same limit as x — +o0o. We once more highlight
the usefulness of Theorem 1 and Theorem 2 for providing the guarantee
for a large class of identifiable mixture densities.

B.3. Minimax bound for mean-dispersion negative binomial
regression mirtures

Proof of Proposition 5. Step 1. We will prove that for any ky > 2 there exist
Go € &, (O) and a sequence G, € &, (0O) such that:

Wi (Gn, Go) — 0, sup d(fc,(|2), fo, (-|2)) = OWE(Gn, Go)).  (57)
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Then, the first claim in the proposition will be proved since

sup du(fa,(|z), fa, (1)) > Exdrv(fa, (1X), fa, (X))

To achieve (57), intuitively, we want to pick Gy to satisfy the pathological case
described in equation (10). In particular, choose Gy = 250:1 pg-’zs(ﬁ?’(z,g) where

¢0
¢_§ 7681‘ = 5%
forall i = 1,...,p. Let pf = pf(x) = exp(()) @), 13 = u3(x) = exp((69) "),

B9 = (B%)7—o € RP*! such that ¢§ = ¢9 + 1,89, = By + log(

0 0
we have % = %. A combination of chain rule with equation (10) yields:
1 2
0 dul 8
WNB(y\eXp((ﬁ?) x), ¢Y) = dﬂl 5o NB(ylut, 6Y)
10 109 n=exp((89) T z)

=1 <iONB(y|exp(( 2)'x),69) — 0 NB(y\eXP(( 0T, (1))>

= ¢INB(y| exp((53) " z), ¢3) — ¢INB(y|exp((87) "), ¢Y). 5
58

for all z = [1,7] € RP*! y € R. Now, choose a sequence G,, = Zj 1 D} 5(,31],
such that

0.0 0,0
p P19 .
D=+ T = - = pi=p) Vi3

and S7, = 8% + =, B} = BY; for all (j,7) # (1,0); and ¢ = ¢9 for all j. It can
n
be checked that

1 1
Wi (Gn, Go) < n + (p(lJ - ¢(1]/”)(ﬁ?0 - ﬁ?o)r = = =lép.

n

Meanwhile, using Taylor’s expansion up to second order with integral remainder,
we have

S, 0l2) = fau ko) = (% — PINBLy] exp((3) ), )
+ (9 — PYNB(y] expl(59) ), 60
+PY(NB(y| exp((B7) ", ¢7)) — NB(y| exp((5) " ), 61)))
= BINB(y exp((80) o), ) — pOINB (gl exp((5) ), 69)

0
+ PV (BT — BY9) 5725~ NB(yl exp((87) ), 67)
(o)
Bn _50 2 1 82
+p(1)( 10 . 10) /0 dt(l7t)—(aB?OPNB(y\,u?exp(ten),¢>(1))

2

€2 1 o
0777' oY 0 0
=p > / dt(l t) (aﬁ?0)2NB(y|u1 eXP(tEn), ¢1)5
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where the zero and first-order terms are canceled out due to the equation (58).
Therefore,

d3y(fa, (12), fao (l0)) = Y (F (wle) = £ (lo))?

5 (F2 (yle) + £ ()2

(fa (ylz) = fa, (yl2))?
(fel2(

ylz))?

(fo. (Wlz) = fo, (y]x))?
= PINB(ylui, 61)

2
i (fe., Wlz) — fo,(ylz))?
>
y:O
>

: 2
oS} 8?2 0 0
< pgi 3 u ((1 — ) G,y NB(yl1d exp(ten), ¢1))
o NB(ylu, 61)

2
= ((8/30) NB(y|u exp(tey,), ¢1))

=pln / dt(1 — t)?
12 ;) NB(y|uf, 47)

\ ’I’L’

uniformly in z, where the first two inequalities are due to the fact that NB is
non-negative, the third inequality is because of Holder’s inequality, the equality
after that is because of Fubini theorem, and the last comparison is an application
of Lemma 2 with e chosen to be te,. Hence,

sup drr(fa, (12), fu (|2)) = OV (G, Go)),

as G, KT—> Go.

Step 2 After having the limit above, the rest of this proof follows a stan-
dard proof technique for minimax lower bound (e.g., see Theorem 4.4. in [17]).
Indeed, for any sufficient small ¢ > 0, there exist Gy, Gy € &, such that
W,.(Go, Gpy) = 2¢ and sup, dg(fa,, fa;) < Ce*". Applying Lemma 1 in [45],

we have the following inequality for any sequence of estimator G, in Eko:

sup  Bpo Wi (G, G) > e(1 — Bidrv (f&,, f&))-
Ge{Go,GL}

where E% := Epy and f& :=[]'_, fa(yi|X:). Besides, we have
drv (fé: 1) < dulféy, fér)

*\/17 1-d fGovfG'))
g \/1_ 1_02647")77,
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Selecting € = (1/(C%n))*", we have (1 — C2?¢*")" — e~! so that

sup  Ep Wp(Gp,G) = e < 1/n".
Ge{Go,Go}

Hence,
Cinf  sup EPGWT(GMG) = 1/n4’". O
Gn€Ery Go€Ery
Remark 7. The construction of G, in the proof above, combined with the lack
of identifiability of the negative binomial kernels, allows us to cancel the zero and
first-order term in the Taylor expansion of fa, — fa,, leading to the asymptotic
bound dp (fa,,, fa,) < €2 = O(W?2" (G, Go)). Therefore, we obtain the minimax
rate n=Y ") which is as twice as slow compared to the usual rate n=/ (") in
parametric models (under W,.).

Lemma 2. Let y = exp(3Tz) for B = (Bj)i=o and z = (1,7) € RP*L, both
range in compact subspaces of RPT! and ¢ > 0. There exists eg > 0 such that

2
o2
sup sup 3 ((a‘g—o)zNB(y|em,¢))
T ee[O,eo]yZO NB(y‘/-h(b)

< 00.

Proof. Because both z and J range in compact sets, we have 87z is bounded
away from =oo. Therefore, for sufficiently small €;, we have ¢. :=
exp(fx +¢)

exp(Bz+e€) +¢
Denote ¢ = inf; g ¢ g > 0 and C' = sup, g . ge < 1. Direct calculation gives:

is bounded away from 0 and 1 for all € € [0,¢] and z, 5.

0

%NB(yleéu, ?) = [ge(¢ +y) — yINB(ylew, ¢),
0

a—zNB(yleeu, ¢) = lge(1 — qo) (@ + y) + (¢:(¢ +y) — )’ NB(yle“p, §)
(0Bo) -
P.(y

where P.(y) is a polynomial of the fourth order of y, and
NB(yle‘u, ¢) _ <g>y (1 - qe)‘ls
NB(y|u, ¢) 90 1—qo

oo 3_22 €L, ? 2y _ 2
Z(@ﬁo)Nl;l(%;il,; Q) - (£) (1) " NB( )

y=0

Hence,
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The first term is easily bounded by the comment on the range of g. in the
beginning. To uniformly bound the expectation in the expression above, we
will bound the expectation of (P.(Y))* and (g./q0)* separately, and then an
application of Cauchy-Schwarz inequality yields the result. Because P.(Y) is a
polynomial of ¥ with bounded coefficient, we have E(P.(Y))* < oo uniformly
in 2. For the second term, recall that the moment-generating function of Ee¥*
exists and equals (1_(1‘1—0%)6t)¢ for all t < log(1/(1—gqo)). Given an arbitrary ¢ >
0, we can choose ¢ sufficient small so that 4log(g./qo) < 1+ < log(1/(1—qo))
uniformly in z. So that E(g./qo)*" < Be(1+9)Y = (1_(1_‘1%)‘15, which is also
uniformly bounded in z. These claims together conclude the lemma. O

B.J. Strong identifiability for negative binomial regression mixtures

Theorem 5 and its proof indicate that the family of negative binomial distribu-
tions does not enjoy first order identifiability in general. However, we shall show
that the set of parameter values where first order identitifiability fails to hold
has Lebesgue measure zero. In particular, the following holds.

Proposition 10. Given k distinct pairs (p1,¢1), ..., (ug, dr) € Ry x Ry such
that there does not exist two indices i # j satisfying

Hi M
b Py
¢ =¢; +1,

then the mizture of negative binomials (NB (s, ¢:))5_, is strongly identifiable in
the first order.

Proof. We need to prove that if there exist (a;,b;,c;)*_; such that

k
0 0
> aiNB(ylpi, ¢) + bi@NB(yW b:) + Ci%NB(me ¢i) =0, (59)

forally € N, then a; = b; =¢; =0Vy =1,..., k. To simplify the presentation,
we will write the negative binomial in terms of probability-dispersion parame-
ters, i.e., set ¢ = p/(n+ ¢) (and ¢; = pi/(u; + ¢;) for all i), then the negative
binomial mass function becomes

fla.0) = o)

Under this presentation, we have

i=1

¢“(1-¢q)® VyeN.

9 _9q Of(yle,d) ¢ 0f(ylg,9)
%NB(@/IM@)—{)Mx R iy R e
and
9 _9q 0f(yla.¢) Of(ylg,¢)  pn  9f(ylg,¢)  9f(ylg, ¢)
8—¢NB(?J|M»¢)—6¢X T S TP R e va
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therefore, we can write Eq. (59) as

k 5 ,
; Bl 01) ﬂiainB(ym“ ¢1) + %%NB(ZA% ¢i) =0, (60)

$i o M
(i + )2 " (ki + ¢:)?
a; = B; = v; = 0, it immediately follows that a; = b; = ¢; =0forall: =1,... k,
and we get the identifiability result. We recall that pairs (q1, ¢1), .. ., (¢k, ¢r) are
distinct (implied from the assumption (u1,¢1),..., (ug, ¢x) are distinct) and
there does not exist indices i # j such that

qi = gy
¢ =¢; + 1.

where oy = a;, 8; =

¢;, and ; = ¢;. If we can prove that

We can simplify Eq. (60) as

k
S oot 80 (2 = 12 ) i (060 + tow1 - )] P12 - ) =0,
(o1

=1

where

—

P) = TEGR = 06D 04D, A0 = 3 g

=

The function P,(¢) has the following properties:

¢+y—1
1 -1
1. By Stirling’s formula, P,(¢) = e 2n(p+y—1) (¢++>

as y — o0;

o : . Py(¢)
2. P is an increasing polynomial of ¢, and Y
if ¢ > ¢';

3. For all ¢,¢' € Ry, 0 < ¢ < ¢ < 1, and polynomial p(y) we have

P Yy
Wi () = 0myo
4. fy(¢) <log(y) as y — oo.
The second and third properties are consequences of the first one. Now, consider
the subset of (q1;)", of (¢;)k_; which consists of all maximal elements, i.e.
@11 = Q12 = ... 1k, = Maxy<;<j ¢ Dividing both sides of Eq. (61) by ¢¥, and
letting y — oo, from the third property above, we obtain:

— 0o0asy — 00

k1 _
Z Ka” = P o + i log(1 — ‘111)> + ify(dri) + ﬁuq%

P I —qu

X Py(¢1i)(1 = qu1)®"" = 0 (62)
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as y — oo. Without loss of generality, assume ¢11 > ¢12 > -+ > d15, > 0.
Because ¢11 # ¢12 + 1, consider two cases: ¢11 > P12+ 1 and ¢11 < ¢p12 + 1. For
the first case, we notice that

Py(é11) Py(¢11) o1ty

= — 00,

yPy(¢p1:)  Pylou+1) y

as y — oo. Hence, by dividing both sides of Eq. (62) by Py(¢11), we have

P1i

1—qn

<a11 - fu + 711 log(l - Q11)) + ’Y11fy(¢11) + 511% —0 (y — OO)a

(63)
which implies that 511 = 0, followed by 711 = 0 and a1; = 0. For the second case
where ¢11 < ¢12 + 1. We have P, (¢12)/Py(¢11) = 0 and Py (¢11)/(yPy(¢12)) —
0. By dividing both sides of Eq. (62) by yP,(¢11) and let y — oo, we have
B11 = 0. Dividing both sides of Eq. (62) by yP,(¢11), we have 12 = 0. Finally,
dividing both sides of Eq. (62) by P,(¢11) and letting y — oo, we also obtain
that the limit (63) holds. Hence, in all cases we obtain a3; = 11 = 711 = 0.
Continuing this argument, we have ay; = f1; = v, =0 forall 4 = 1,..., k1,
then o; = 8; =, =0foralli=1,... k. O

Proposition 11. Given k distinct pairs (u1,¢1), .-, (tk, k) € R X Ry such
that there does not exist two indices i # j satisfying

Hi _ Hj
b Py
lps — ¢5] € {1,2},

then the mixture of negative binomials (NB(u;, ¢;))%_, is strongly identifiable in
the second order.

Proof. Using the same transformation ¢; = p;/(u; + ¢;) as in the proof of
Proposition 10, we only need to prove that if there exist (a;, b;,c;, ds, i, fi)5_,
such that for all y € N:

k
o )
; a;NB(y|gi, ¢:) + bia_qNB(ymiy bi) + Cia_¢NB(y\qi, 6)

0? 02 52
di =5 NB(ylgi, ¢i) + ei5—=-NB(ylai, ¢i) + fiaTﬁz

dq 9q0% NB(ylgi, ¢:) =0,  (64)

thena; = b, =c¢; =d; =e; = fy =0 forall i = 1,...,k. We recall that pairs
(¢1,01),---,(qr, dr) are distinct (implied from the assumption (p1,¢1),...,
(1k, ¢1) are distinct) and there does not exist indices ¢ # j such that

qi = qj
|0 — 5] € {1,2}.
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Taking all the derivatives and rewrite Eq. (64) as
ffVQ (2P = S 2y S o+ Fifd 0
! I-a) @ @ g T
+ (2108 - ) ik et 2 ) 1000 + G| Podala - ) =0,
(65)

where

and

bi o7 + i
+clog(l —q) +di—+——
g Terlosllma) i

te (1¢ log(gi) 1 1%_) + filog(1 = ¢:)* + £, (94))-

Cily) =a; +b;

Recall some facts as follows:

¢+y—1
1. By Stirling’s formula, P,(¢) = ﬁ 2n(p+y—1) (%)
as y — oo;
2. P,(¢) is an increasing polynomial of ¢, and Py—@)) —o0asy — 00
Py(¢')log(¢’)
if ¢ > ¢';

3. For all ¢,¢' € Ry, 0 < ¢ < ¢ < 1, and polynomial p(y) we have
P Yy
p(y) W) <i> — 0 as y — oo;
Py(¢')
4. f,(6) =1lo 1
5. fl(¢i)=—>Y_ g —5 €[-72/6 —1/¢2,0] for all ¢; > 0,y € N.
Now, consider the subset of (Qh‘)fil of (g;)¥_, which consists of all maximal

elements, i.e. q11 = q12 = ... 1k, = MaX;1<;<k i, then by dividing both sides of
Eq. (65) by ¢}, and let y — oo, from the third property above, we obtain:

g(y) as y — oo;

5 (dy b1 di; | by
2,2 P . L i )
?:1 [q% Y+ <2duql(1 @ + q1> + £ fy(¢u)y+fhf (¢14)

+ (2fulos1 =)+ e+ g )an+c<ﬂawmu—mw“:Q
(66
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as y — oo. Without loss of generality, assume ¢11 > ¢12 > -+ > d15, > 0.
Because |¢11 — ¢12] # 1,2, there are three cases:

P11 > P12 + 2,
P12 +2 > P11 > P12 + 1,
P12 + 1> ¢11 > P10

For the first case, note that

Py(é11) _ Py(¢11) (¢1i+y+1)(¢1i+y)4>oo
Y2 Py(#1:)  Py(p1i+2) y? ’

as y — oo. Hence, by dividing both sides of Eq. (66) by P,(¢11), we have

_ o _dn + bll) Y+ eq%fy(ébn)y + f11f (f11)

dll 2 <
—y —|— 2d11
a a(l-q) 4 «

P11
1—q

+ (2f11 log(1 —q1) +ci1 +en ) fy(¢11) + Cri(y) = 0 (y — 00), (67)

which, by considering the order of y, implies that dy; = b11 = €11 = f11 =c¢c11 =
a11 = 0, respectively. For the second case, where ¢19 + 111 < ¢p12 + 2, we have
Py(¢11)/(y2py(¢12)) — 0 and Py(¢12)/(ypy(¢11)) — 0. By leldlIlg both sides
of Eq. (66) by y*>P,(¢11) and let y — oo, we have by; = 0. Then dividing two
sides by y fy(¢11)Py(¢11) and yP,(¢11), we have di1 = e1q = 0. Continuing in the
same way with y?P,(¢11), we have bjs = 0. Now dividing both sides of Eq. (66)
by P,(¢11) and letting y — oo, we obtain that the limit (63) holds, which once
again entails that e;; = f11 = ¢11 = a11 = 0. In the final case, dividing both sides
of Eq. (66) by y> P, (¢11), 4> Py(d12), yfy (611) Py($11), yPy (611), yfy (h12) Py (h12),
and yPy(¢12), respectively, we arrive at the same conclusion. Hence, in all cases,
we have di; = b1 = e11 = fi11 = ¢11 = a11 = 0. Applying repreatedly this ar-
gument, we have a1; = by; =cy; =dy; =e; = fry; =0foralli=1,... &k, then
ai:bi:cizdizei=f1i=Of0ralli:1,...,k. O

Implication in negative binomial regression mixtures From the argu-
ment above, we can see that the family of binomial regression mixture model
is strongly identifiable in the first order if we adjust the assumption (A4.) as
follows:

(A4’) For every set of k + 1 distinct elements (011, 6021), ..., (01(k+1), O2(k41)) €
01 X O, there exists a subset A C X, Px(A) > 0 such that

(h1(z,011), ha(x,021)) s ..y (h1 (@, 01 k41)), P2 (@, B2k 1))
are distinct and |ho(x, 02;) — ha(z, 02;)| # 1 (Y4, j) for every x € A.

Similarly, the second-order strong identifiability condition is satisfied if we adjust
assumption (A4.) as:
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(A4”) For every set of k + 1 distinct elements (611, 021), ..., (01(k+1), O2(k41)) €
O1 X O, there exists a subset A C X, Px(A) > 0 such that

(h1(z,011), ha(x,021)) , ...y (h1 (@, 01 k41)), P2 (@, O2(k1)))

are distinct and |ho(z, 02;) — ha(z, 02;)| & {1,2} (V4,7) for every z € A.

Appendix C: Convergence rates for conditional densities via MLE

We present in this section a proof of Theorem 3, which provides general con-
vergence rates of conditional densities estimation. The proof technique follows
a general framework of M-estimation theory [38, 10], with a suitable adaptation
for handling conditional density functions. Assume that we have n i.i.d. obser-

vations (‘Tlvyl)7 LR (Ina yn)7 where £ I.Z\.'d‘ PX and y7|x7 ~ fo(y|x)a7’ = 17 RN
for fo € F being some family of conditional densities of y given = (commonly
dominated by v). Assume that there exists

n
fo € argmax Y log f(yilz:),
2

Set
1/2

— — —-1/2 = =
F={(f+/)/2):feF}, F={f":feF}
and denote the (expected) Hellinger ball centered around fy by

71/2(6) _ {?1/2 c 7_1/2

The size of this set is characterized by the bracket entropy integral

(©) : du(f. fo) < 6}

§
T(5) = / HY?(uw, F2(8), Lo (Px x v))du V6, (68)
62 /213

where Hp(u, F, L2(Px xv)) = log Ng(u, F, L2(Px xv)), and Ng(u, F, La(Px x
v)) is the minimal number of pairs (f]L, fJU)j such that for every f € F, there ex-
ists j to have ij <f< f]U and Hf]U — ijHLz < e. Define dPy(z,y) = dPx (x) x
fo(ylx)dv(y) be the true joint distribution of (x,y). Denote by P, the empirical

[+ fo
270 1(fo > 0).

For a probability distribution P and a function g, sometimes we write Pg for
f gdP. We start with a basic inequality that links the quality of the conditional
density estimate to the associated empirical process:

1, 1
distribution of (z,y), i.e., P,y = =" | 0(z,.4,) and g5 = 3 log
n Vi

Lemma 3. With the notations defined as above, we have

S (f" > f°»fo> < (Bn —Po)gy, .
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Proof. Due to the concavity of logarithm,

1 f+f 1 f
—log ——1 > —log =1 .
9 0g 2f0 (fo>0) = 9 0g fO (fo>0)

Combining the above with the fact that ﬁl is the maximum conditional likeli-
hood estimate to obtain

1. fa 1. fa
og/ —logf—]P’ng/ Liog In o gp
fos04 " fo fo>0 2 2fo

1. fatfo
= g7 d(P, — Pp) +/ —log dPy.
/fo>0 In fo>0 2 2fo

Equivalently,

1
/ = log 2o yp < / g7, (P, — Po).
fo>0 2 fn+ fo fo>0 "

By the inequality @ (5(fa(|2) + fo([2))), fo(2)) < K(fo(l2)|5(Fa(lz) +
fo(-]z)) for almost all x, we can take the expectation with respect to Px to
arrive at

12 (fn 1 2
~do Intfo o S/ Liog 20 ip, < /gf d(P, —P;). O
2 fo>0 2 .fn + fO "

For each f € F, define the squared “Bernstein norm”:

pP(f) = 2Pg (e — | (X)) = 1). (70)

Let Hp1(e, F,Px X v) be the bracketing number with respect to Bernstein norm
of F (cf. Definition 3.5.20. in [10]). We shall make use of the concentration
behavior of empirical processes associated with the class F by the following
theorem, which is essentially Theorem 3.5.21. in [10] adapted to our setting.

Theorem 10. Let F be a class of measurable functions such that p(f) < R for
all f € F. Given C1 < oo, for all C sufficiently large and Cy satisfying

C2>C*C+1), (71)

and forn € N and t > 0 satisfying

R
Co (R\/‘/t \/HBl(Q]:,]P)X X V)) <t< \/ﬁ((&R) A\ (ClR2/K)), (72)

/(28/n)
we have
t2
P P,—DP >t)<C —_— . 73
Vs |, ~B)f| > 1) < Con (~gmrzrpm ) (9)
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Now we are ready to prove Theorem 3.
Proof of Theorem 3. We have
Po(dp (fn, fo) = 6)

< P(ﬁ(Pn —Po)(g5,) — Vndy, (fn +f07f0> >0,dy, (fn Jrfovfo> 252/O>

2 2

<Py ( oS VB = Rola) — Vil (7. fo) > 0>
fidy

f.f0)=62/C

S
< ZPO < sup IVn(P, —Po)(gs)| > \/52552/O>
s=0 f:2282/C<d3 (F,fo)<2:+162/C

S

< ZIPO ( sup [Vn(Pn —Po)(gy)] > \/52852/C> ;

5=0 f:dy (T fo)<25+162/C

where S is a smallest number such that 2562 /C > 1, as dg(f, fo) < 1. Now we
will bound the tail probability of the empirical process

Po ( sup Vn(Pn —Po)(gs)] = \/52352/0>

fidy (F,fo)<25+162/C

(e —Jal - 1)

e - 1) is a decreasing func-

by using Theorem 10. Indeed, since p(z) =
tion, and gy > —(log2)/2 for all f,

2

exp(lgs1) — 1971 — 1 < p(—(log2)/2)(explgs) — 1 < ( bl 1)

Taking expectation with respect to Py both sides to obtain

P(g5) < 205 (F, fo) < 2°725/C.

Applying Theorem 10 with R = 2°/2+15/C/2 t = \/n2°6%/C, we obtain

225 52
P, ( sup IVa(P, — Po)(gy)| > \/52852/0> < ' exp (_—”> .
fid3 (F,fo)<25+182/C ¢
Hence,
_ - S 228n52
ol (o f0) 2 8) < 3 C'exp (- 250 ) < coxplon®fe). O

s=0
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Appendix D: Convergence rates of conditional densities via
Bayesian estimation

We present in this section a general theorem for the Bayesian posterior con-
traction behavior of conditional density functions that arise in the regression
problem. The proof technique follows a general approach of Bayesian estimation
theory [8], with a suitable adaptation for handling conditional density functions.
Let us recall the setup. Given i.i.d. pairs (x1,91), (Z2,¥2), ..., (Xn,Yn) in X x Y
from the true generating model

Z/7|$1 ~ fo(y\fﬂ),
€T; ~ Px.

Here, Py is some unknown distribution of covariate X, while fy is assumed
to belong to a family of conditional probability functions {f(y|z) : f € F},
which are absolutely continuous with respect to a common dominating o-finite
measure v. To make inference of fy from the data using the Bayesian approach,
we assume

yi‘mia f ~ f(y|$),
f~1L

for some prior distribution II on the space of conditional probability functions
F. The posterior distribution of f is given by, for any measurable subset B C F,

fB z 1f (yilz:)dIL(f)
f]: i= 1f yz|$z)dH(f)

As in the MLE analysis, the posterior contraction behavior of f will be as-
sessed by the expected (squared) Hellinger distance dg (f, fo) = (Exd% (f(y|X),
fo(y|X)))}/2. That is, we will find a sequence (e,,) — 0 such that

H(EH(f(mX)va(le)) Z Mnenlxla ey Ty Y1y .- 7yn) — 07 (74)

II(f € B|(24,Yi)i=1) =

in ®,Pp-probability, as n — oco. Here, M, is an arbitrary diverging sequence.
Recall the following basic fact (cf. [8] Lemma D.2., or [10] Chapter 7).

Lemma 4. Given arbitrary probability density p and q, there exist probability
densities D and q such that for any probability density r (all are commonly
dominated by v)

ay) _ p(y) 1
Eyw” p 1_6dH(p7 )+d%1(p,7‘)7 ]EyNT @ < 1_6d§—1(p7 Q)+d%1(qar)

From now, for every conditional density f(y|z), denote by Py the joint dis-
tribution of z,y, i.e., dPs(z,y) = f(y|lz)dv(y) x dPx(z). Using Lemma 4 one
arrives at the following result on the existence of tests for conditional density
functions:
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Lemma 5. For any two conditional density functions fy, f1 such that Ei, (fo, 1)
= €2, there exists a test U, based on T1,...,Tn,Y1,-..,Yn Such that

TV, < e e l6, sup  Pj(1-1¥,) < e /12, (75)
fEB(f1.¢/4)

where B(f,€) :={g € F :du(f,g) <€} foralle >0 and f € F.

Proof. For any x € X, consider probability density functions fo(:|z) and f1(-|z).
By Lemma 4, there exist density functions f,(-; ) and f;(-;z) such that for all
probability density functions f(-|x)

Byt || A < 1= G (oClo). i (),

and

Bpmgtion)) T < 1 S (o). i () + (). o)

Define test function W, (x1,..., %0, Y1,---,Yn) = 1 (H” Filyiszi)

=1 = Zl). To
folyi; wi)

verify (75), by Markov’s inequality,

H f1 (yilz:)

fo (yilzi)

Y|X
= HEXEY~fo( 1X) %
< (1= §Ex (1), 4i(1X))
= (1—-€/6)"
< efnez/(i7

and for every f € B(f1,¢/4),
= fO (yilzi)
‘l/ <P?
H f1 (Yilzi)
- fo(Y]X)
= ExEs (. A
Lo 7675

1— 1Exd?q(J”o('IX),f1(-|X)) +]Exd§1(f('X),f1(~|X)))

(13
(
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The above lemma shows the existence of tests to distinguish between fy and
a small ball around any f; # fo. Next, we establish the existence of tests for fy
against all f € F being a bounded distance away from fy. Recall that N(F,d, €)
denotes the covering number of F by d-balls with radius e.

Lemma 6. For every natural number M large enough, there exists a test ¥,
such that

2 2
e—nM €“/12

P Un<N(F, du, €)1 —mpejim:

~sup P?(l—\lln)ge_"M2€2/12.
feF:du(f,fo)>Me

(76)

Proof. For every j € N such that j > M, consider a minimal covering of the set
Fj={f € F:je<du(f, fo) < 2je} by balls (Fj,); of radius je/4. Because
F; C F and je/4 > ¢, the number of such balls is no more than N(F,dg,¢€).
Moreover, by Lemma 5 for each (F};); there exists a test ¢;; satisfying

Ph g0 < e /0 sup PH(1— g) < e/, (77)
fEF;,

Let \I/n ‘= IMax >l QZS]‘J. Then

2.2 16 e—nM?e? /12
P, Un < N(Fdm€) Y e/ < N(Fdu, ) T
jzM
and
sup PRI - ,) <sup sup PR(L—gy) <e /PO
feF:du(f,fo)>Me gl fEF;.

Now for every € > 0, define a ball with radius € around fj as

Ba(fo,€) = {f € F: Py log(fo(Y[X)/f(Y]X))

2 2 2 (78)
< &Py, (log(fo(YX)/F(Y|X))? < &},

The following theorem establishes the posterior contraction convergence rate for
conditional density functions under the expected squared Hellinger distance.

Theorem 11. Assume that there exist sequences €y, €,, such that €, < €,, and
V/NE, — 00, a sequence of measurable set F,, C F, and a constant C' such that

(i) TI(Bs(fo,n)) > e=Cmen;

(i) log N(€n, Fpn,dr) < ne?;

n’

(iii) TI(FG) < e~ (C+OneL,
Then, for every sequence M, — oo, there holds
H(f : EH(fa fO) > Mn€n|xla ey Ty Y1ye e ayn) — O (79)

in P% -probability, as n — oo.
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Proof. Write z!™, 4"l = {z1,... 2, 91,...,y,} for short. By Lemma 6, there

exists a test ¥,, such that
2 2
e_nMn €, /12
Pev,, < enei— sup ]P”fl(l—\ljn) <e —nMje i/12

_ p—nM2e2 /127 _
1 e fe}_n:dH(f7fO)ZMn€n

As M,, — oo and ne2 — oo, both probabilities above go to 0. By Bayes’ rule,

Jaus, o> e T (f/ fo) (yilas)dII( f)
f]—‘ i=1 (f/ fo)(yil|zs)dII(f)

80)
Let B,, = B2(f0;€n) and A, { ] y[n] an i=1 f/fO)(yzkEz)dH( ) >
e_(c+2)”gi}. Because a probability is always less than or equal to 1, we have

(S du(f, fo) > Muen|2l™, ™)
fEH(f,f0)>Mnen H?ﬂ(f/fo)dn(f)
S TL=: (f/ fo) (yil ) dIL(f)
fEH(f fo)>Mn6n H? 1(f/f0)dH(f)(1 - \Iin)
f]—" i=1 (f/ fo)(yilw:)dII(f)
< Wt 1+ [ [1(/ e —w,).

fifo)>Mnpen i=1

I(f : du(f, fo) > Muey |2,y =

<1l +1a,

SV, + 1a,)e + 14,

By the construction of the test ¥,,, we have P{V¥,, — 0. Besides, assumption (i)
and Lemma 7 imply that

PI(AS) = P} (/ H = il dIL(f) < “‘*””Ei)

”z 1
/ H (yi|zs)dII(f) < e 2"enTI(B,,)
"1 1f(
1
<— —0.
77,6

For the last term, by Fubini’s theorem,

n (C+2)ne? - —
Pe / o osmanin v

:e(C+2)n€i[ H £/ fo)(1 = W,)dII(f)
du (f,fo)>Mnen

i=1

_e(C+2)rLEi/ }L( \I/n)dH(f)
du (f,fo)>Mnen

< (CF2)nE, ) P (1 — P, )dII( f)
FEFnidn (fofo)>Mnen
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+/ P31 — \Iln)dl'[(f)>
fers
< e(C—&-2)nEfL (e—nMiei/m + H(]_-Tcl))’
which tends to 0, thanks to the construction of the test and assumption (iii). O

The above proof made use of the following lemma, which is taken from [8]
(and adapted for conditional densities). We include its proof for completeness.

Lemma 7. For every ¢ > 0, let B = By(fo,€). For all ¢ > 0, we have

1

c2ne?’

Fo (/B H %(yilxi)dﬂ(f) < exp(—(c+ 1)n62)H(B)> < (81)

Proof. By dividing two sides of the inequality inside P§ by II(B), we can (with-
out loss of generality) assume that II(B) = 1. By Jensen’s inequality

g [ _f[l(f/fo)(ym)dmf) > Z [ o8t 1ol
Hence, for P, be;ng the empirical distribl;cion7 we have
B ( / H %mwi)dnmsexp<—<c+1>ne2>>
<P (Z [ 1080wl )a(r)< - <c+1>ne2>
<P <\/ﬁ [ [ 1osts /sy pyae,-2o)

< - Vatso@-va [ [ los(s/fo(r)ie
By Fubini’s theorem and the definition of B = Bs( fo, €),
~vir [ [ tos(s/ sopdnn(£)dpa = v [ Balos(fo/ H)dI(s) < vt (82
Therefore,
Py ( / 1_1 L (il di(f) < expl—(c-+ 1>n62>)

<P} (ﬁ [ [rostss i, — 2 < \/ﬁceQ)
) Vg, ([ log(J/ fo)dII(f))

- c2net
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< Po( [ log(f/fo)dII(f))?

c2net
(=) Py J(og(f/ fo))*dI1(f)
= 2net
1
=~ %a

where we apply Chebyshev’s inequality in () and Jensen’s inequality in (xx).
Hence, inequality (81) is proved. |

Appendix E: Computational details
E.1. Bayesian approach

Here we describe in details the derivation of Markov Chain Monte Carlo (MCMC)
algorithm that we use in Section 5. In particular, given a mixture of k-negative
binomial regression model:

k
falylr) =) piNB(y|h(z,0;), 6))-

Jj=1

As mentioned in Section 5, given the data, {z;,y;}",, we chose the prior
distributions of p = (p1,p2,....pk), 0; and n; = ¢;1, for j = 1,...,k as the
following

p~ Dir(1,1,...,1)
6; ~ MVN(0, I) (multivariate normal distribution), for j=1, ..., k,

n; ~ Gamma(0.01,0.01) (a non-informative gamma distribution), for j=1, ..., k.

The full conditional posterior distributions of the model parameters are given
below.
NB (y;|h(x4,0;),m;
P(Z, = jly.2) = g DD 0) 1) (53)
Zm=1 pmNB (yi|h(:ci, om)» nm)
pl(y,x,Z,...) ~ Dir(14+n4, ..,, 14+ng), where nj=#{i: Z;,=j}; for j=1,..., k,

(5)
1
FO 1) x| T NBGalntas6)on) o (<5 100°) . 9
_i:Zi:j ]
g(nily 2, Z,..) o< | ] NB(wilh(wi,05),m;) | 0% exp (~0.01n;),  (86)
_i:Zi:j ]
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Algorithm 1 Gibbs sampling algorithm
Input: The prior distributions of p, 6; and n;, for j =1, ..., k;
The number of iterations (Tmax) and burn-in steps
Output: A Markov Chains {®:};>( attaining posterior distribution of (p|(y, z, Z,...),
m|y,z,Z,...)..., nel(y, %, Z, ...), 05|(y,x,Z,...) (for j =1,...,k) as the stationary
distribution.

1: t = 0. Draw ®o = (p(?, 7750), ""771(@0)’9?)’ ...,0,20)) randomly.
2: fort=1,2,...,Tmax do
3: Generate Z(1) ~ Z|y,x,p(t’1>,7}§t71), “.777}(:—1)70?—1)’ ...,9,(:7”
4: Generate p(t) ~ ply,z, Z(), 9?71), - 6,(:71), n%til), ey n,(ffl)
5: Generate n](-t) ~njly, x, 2O p®), OY_D, - 9,(:_1) > Using Metropolis-Hasting
algorithm
6: Generate th) ~8;ly,z, Z(’f),p(t),ngt)7 e 77,(:) > Using Metropolis-Hasting algorithm
T Set &, = (p(t)znit)»"'77]](€t)79§t)7"'79](:))
8: end for
where

NB (y;|h(zs,05),n;) =

Ty +1/n;) ( exp(z}6;) )y
[(yi + 1)I(1/n;) \exp(z;0; + 1/n;)

1/n.
< 1/77j ) /n;
X /7 .
z;0; + 1/n;

The full posterior distribution is sampled by using Gibbs sampling algorithm
(Algorithm 1). Since the posterior distributions of 6; and n; (j = 1,...,k) are
known up to a normalizing constant, the Metropolis-Hasting (MH) algorithm
has been used to sample the distribution. When it comes to 6;, a multivariate
normal distribution is used as a proposal density. In particular, for each j =
1,...,k, a candidate 07 ~ MVN(HJ(.FI), Y') is accepted with probability

min< 1 —f(9;‘|)
ROV S

In terms of n;, the proposal density is from a Gamma distribution. Specif-
ically, for each j = 1,...,k, a candidate n; ~ Gamma(2,2/n§-t71)) is accepted
with probability

* -1 *
gl )p (017
g V)p (n}lnﬁ-t*”)

where f(0;ly,z, 2", p(t),n") and g(n;ly, 2,20, p(t),6")) are as in Eq. (85),
(86), respectively, and p (nj(»t_l)|7);‘> is the gamma density Gamma(2,2/77).

min

) )

For each different sample size n, we run the experiment 16 times. For each
time of running, we produced 2500 MCMC samples and discarded the first 500
as a “burn-in” set. From among the remaining 2000, we computed the mean of a
vector containing 2000 Wasserstein distances (W7) between the MCMC results
and the true mixing distribution.
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