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Abstract: High-dimensional count data poses significant challenges for
statistical analysis, necessitating effective methods that also preserve ex-
plainability. We focus on a low rank constrained variant of the Poisson log-
normal model, which relates the observed data to a latent low-dimensional
multivariate Gaussian variable via a Poisson distribution. Variational in-
ference methods have become a golden standard solution to infer such a
model. While computationally efficient, they usually lack theoretical statis-
tical properties with respect to the model. To address this issue we propose
a projected stochastic gradient scheme that directly maximizes the log-
likelihood. We prove the convergence of the proposed method when using
importance sampling for estimating the gradient. Specifically, we obtain a
rate of convergence of O(T~ %2 + N—1) with T the number of iterations
and N the number of Monte Carlo draws. The latter follows from a novel
descent lemma for non convex L-smooth objective functions, and random
biased gradient estimate. We also demonstrate numerically the efficiency of
our solution compared to its variational competitor. Our method not only
scales with respect to the number of observed samples but also provides
access to the desirable properties of the maximum likelihood estimator.

MSC2020 subject classifications: Primary 00X00, 00X00; secondary
00X00.

Keywords and phrases: Dimension reduction, importance sampling, mul-
tivariate count data, Poisson log-normal model, projected stochastic gradi-
ent descent.

1. Introduction

Multivariate count data are prevalent in a widening range of applications such
as ecology, genomics, microbiology, astronomy, and economy, just to name a few.
This ubiquity has prompted the development of numerous statistical models, as
unlike continuous multivariate distributions, a generic universal multivariate dis-
tribution for count data does not exist [27]. Most of the successful proposals are
latent variable models belonging to the family of generalized multivariate mixed
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models (GMMM). The latter offers the strength of model-based approaches, en-
abling the incorporation of external covariates and allowing the latent variables
to be constrained in various ways to perform a specific task — regression, vari-
able selection, and dimension reduction — while controlling the complexity of
the model. These strengths contribute to the unwavering popularity of these
models in the aforementioned fields of application, where both modeling and
interpretability are essential prerequisites.

Significant milestones in the literature include a few generic frameworks ini-
tially developed through applications in ecology, where count and abundance
tables have long been the norm. The generalized linear latent variable models
(GLLVM) of [33] are instances of generalized multivariate mixed models with
low-dimensional latent variables, where the distribution of observed responses
usually belongs to the exponential family. The Hierarchical Modeling of Species
Communities (HMSC), presented in [34], also falls within the class of gener-
alized linear latent variable models with additional layers in the modeling of
the latent variables. Multivariate Poisson Log-Normal models (PLN), as pre-
sented in [14], are yet another instance of the expansive family of generalized
linear latent variable models. The latter confers the advantage of developing a/
generic and versatile framework capable of addressing various tasks, including
dimension reduction, regression, clustering, discriminant analysis.

These modeling frameworks encounter the usual inference issues inherent to
latent variable models. Specifically, direct and exact likelihood maximization is
difficult since it requires evaluating an integral over a space of the latent vari-
able dimension. Hence, direct numerical integration approaches [2] are limited
to small-scale problems involving solely a few variables. Approaches based on
Markov chain Monte Carlo (MCMC) techniques can handle medium-size prob-
lems but are computationally expensive [25, 42]. Alternatively, methods based
on Laplace approximations exhibit greater computational efficiency but can po-
tentially be inaccurate [21]. An indirect approach relies on the Expectation-
Maximization (EM) algorithm, a well-established method for inference in in-
complete data models since [16]. However, the M-step is practically intractable
in GMMM, as it requires computing an expectation with respect to the dis-
tribution of the latent variable conditional on the observations. MCMC tech-
niques can obviously be used in such a setting [e.g., 30], though displaying the
same shortcomings. More recently, the growing size of datasets and the porting
of these methods to other fields of application where the number of variables
expands drastically, such as genomics, have sparked interest in variational ap-
proaches [23, 5, 26, 33| as they provide a good compromise between accuracy|
and computational efficiency.

In the context of PLN models, which is the focus of this paper, [14] have ex-
tensively used this variational approach in conjunction with the EM algorithm
and adapted it to several contexts, including dimension reduction, clustering,
sparse covariance. The implementation provided in [15] is efficient and can deal
with problems with thousands of observations and hundreds — even a couple
of thousands — of variables. The resulting estimator can be shown to converge
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normality [44]. However, these results pertain to the surrogate model and gen-
erally differ from the natural properties of an M-estimator associated with the
likelihood [43]. In particular, while the maximum reached by the variational
estimator seems at least empirically to coincide with the maximum likelihood
estimator (MLE), there is no genuine estimator of the variance of the varia-
tional estimator that can be used to measure uncertainty properly: although
the bootstrap method or the jackknife estimator could be used to build an es-
timator of the variance of the estimate, the variational solution is marred by
the lack of relevant statistical guarantees. Consequently, the design of efficient
algorithms that can directly maximize the likelihood and inherit the desirable
properties of MLEs is still a key research issue for GMMM, particularly for
PLN models. Such an algorithm allows a more direct assessment of estimator
uncertainty by means of asymptotic variance estimates. It is in this spirit that
[40] propose a variant of the Monte Carlo EM scheme that combines composite
likelihood and importance sampling methods with a focus on applications in|
synecology. While the approach benefits from the properties of the maximum|
composite likelihood estimator, it necessitates splitting the data into overlap-
ping blocks containing a small number of variables. The mimimum number of
blocks required grows quadratically in the number of variables (or species). As
the computational complexity of their Monte Carlo EM increases linearly with
the number of blocks, the solution is primarily suited for problems involving aj
few dozen variables but does not scale up efficiently to larger problems from a
computational perspective.

Contributions This paper introduces a projected stochastic gradient descent,
(SGD) scheme based on self-normalized importance sampling to obtain gradi-
ent estimates for optimizing the marginal likelihood of the observed data in
the Poisson log-normal model, subject to a rank constraint on the latent space.
This model, introduced by [11], can be seen as a probabilistic version of Prin-
cipal Component Analysis (PCA) with Poisson emission law, and its standard
inference solution is a variational Expectation-Maximization (VEM) algorithm.
Estimating parameters according to the maximum likelihood principle with|
Monte Carlo simulations is a long-standing idea for an unnormalized statistical
model — a class of challenging models due to their intractable partition func-
tion which is a highly multidimensional integral depending on the parameters.
For instance, Monte Carlo maximum likelihood estimation [19] uses importance
sampling to estimate the partition function while contrastive divergence [24]
estimates the gradient of the log partition function via Monte Carlo methods.
More recently, the noise-contrastive estimation [22] reformulates the initial prob-
lem to avoid estimating the partition function or its gradient. Here, we rely onl
the fact that incomplete data models share similarities with the unnormalized
models in that, under mild regularity conditions, the inference resumes to deal
with an intractable integral, namely the score function for the observed likeli-
hood [31]. We show that the PLN-PCA model falls within the set of incomplete
data models for which the score function is written as an expected value with
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thereby be estimated by simulation methods. The rank constraint ensures that
the importance sampling estimator can handle problems with up to thousands
of variables in the emission space, provided that the dimension of the latent
space is controlled and limited to some tens. The projection step onto a con-
vex compact set specifically guarantees that the objective function is L-smooth.
We also show that it ensures a bounded mean squared error and bias for the
gradient estimator. Such properties are common in the literature [20, 32, 38].
Our major contribution is a novel convergence theorem for the gradient
method presented. To establish the result within the context of a self-normalized
importance sampling estimator, we first present a general descent lemma appli-
cable under minimal assumptions — specifically, L-smoothness, and bounded
bias and quadratic error for the gradient estimator. To the best of our knowledge,
it is the first result on projected stochastic gradient schemes for potentially both|
non convex objective functions and random biased gradient estimators. Given|
T iterations of our method and N Monte Carlo draws, we obtain a theoretical
rate of O(Tfl/ 2+ N~1) for the gradient mapping norm. This convergence rate is
consistent with those demonstrated in the literature, albeit in different contexts.
For a non-convex setting with an unbiased gradient estimator, Ghadimi and Lan|
[20] derive an O(T~"?) convergence rate for the gradient’s norm objective, while
Mai and Johansson [32] achieve the same rate for the gradient mapping norm|
but when a projection step is added. In situations where the gradient estimator
is biased, with a bound b on the bias, Ajalloeian and Stich [3] retrieve a rate of]
O(T~'? + b), but only when no projection step is performed.
The paper also includes an efficient implementation of our algorithm using
JAX library [7], and GPU computing. As a by-product, we provide a PyTorch
[36] version of the VEM solution, enabling the analysis of large-scale datasets
with hundreds of thousands of observations and tens of thousands of variables.

Outline The paper begins with an introduction to the standard multivariate
PLN model and its PCA version in Section 3. We then present our stochas-
tic gradient scheme with convergence guarantees in Section 4. In Section 5,
we propose a sequentially adapted Gaussian mixture distribution to serve as a
valid importance sampling proposal distribution within our algorithm. Finally,
Section 6 details a simulation study on synthetic data and an application to
genomic data, where we deal with the problem of dimension reduction and visu-
alization of a transcriptomic single-cell dataset. Technical details are postponed
till Appendices A-D.

2. Notations and conventions

Let p and q be positive integers. The vector space of all p x g-matrices over a ring
A is denoted by M,x4(A). The subset of all symmetric, positive and definite
p X p-matrices over R is denoted by S¥ +- We denote by (-, -) the scalar product
on a real p-space RP, and ||| its associated norm. The matrix norm induced
i o denoted by ||-||. Diag is a diagonal matrix with
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diagonal equal to x for x a vector. When applied to matrices or vectors, simple
functions like log, exp or square apply element-wise. The vector full of zeros of]
size p is denoted 0.

We denote by M (RP) the set of probability measures on R”. Given a proba-
bility measure m € M (RP), M, is the set of probability measures that dominates
7. The product measure []}_; 7 on R?*™ is denoted by 7®". We use the same
notation to refer to a measure and its associated density, meaning that if 7 is ab-
solutely continuous with respect to the Lebesgue measure A, w(dz) = 7(z)A(dx).
The expectation with respect to 7 is denoted by E, . When there is no ambiguity|
regarding the integration measure, we simply use the notation E.

We denote by N (i, S) a p-dimensional Gaussian variable with mean p € R
and variance S € SV, and N(x;pu,S) its density evaluated at x € RP. We
denote by P(A) a Poisson variable with rate A > 0.

The Kullback-Leibler divergence between m € My (RP) and p € M is defined
by
()
p(x)
The entropy of a random variable X distributed according to = € M; (RP) is
defined by

KL(7 || p) = /log m(dz).

Ho(X) = —/logw(x)w(dx).

Given X C RP, a differentiable function f : RP — R is said to be L—smooth
on X with L > 0 if its gradient is L—Lipschitz on X', namely, for any 8,0’ € X,

IVof(8) — Ve f(8)] < Ll6— 0.

3. Dimension reduction in multivariate Poisson log-normal models

Background: Multivariate Poisson log-normal model Consider a data
matrix Y = (Y;;) € M,,«p(N) storing n i.i.d. observations of a p-dimensional
random vector Y; = (Yj1,...,Y;,) € NP, ¢ = 1,...,n. The multivariate Poisson
lognormal model [see 2, for its original formulation] relates each of the observed
vector Y; to a latent (or unobserved) p-dimensional Gaussian vector Z;, whose
covariance matrix X describes the underlying structure of dependence between|
the p variables. Following a formalism similar to that of GMMM, the model can
also encompass a main effect due to a linear combination of d observed covari-
ates x; € R? (including a vector of intercepts), and some possible user-specified
offsets 0, = (0;;) € RP? to take into account the sampling efforts between the
samples. The model assumes that the observations Y;; are independent condi-
tionnally on Z; = (Z;;), and that the conditional distribution p(Y;; | Z;;) is a
Poisson distribution, namely,

{Zi}lgign Zld : Zl NN(Oq,E),

. 1
{Yij}}s;sz ind. [ {Zi}i<i<n © Yij | Zij ~ P (exp(Zi; + Bj xi + 0i5)) , W




where B = [By,...,B,] € Mg, (R) is a latent matrix of regression parameters.
In this framework, the main goal is to estimate the vector of parameters 6 =
(B,X) € RP, with D =dp+ p(p+1)/2, from the data matrices Y and X.

Poisson lognormal-model with low-rank constraint Throughout this
paper, we focus on the PCA variant of model (1) as introduced in [11]. The
latter is derived by adding a rank constraint on the latent covariance matrix,
such that rank(3) = ¢ < p. The constraint alleviates the number of parame-
ters to estimate, which can become prohibitive when the number of variables
p is large in (1). This key feature is particularly relevant in the perspective of
importance sampling. Indeed, this allows us to deal with problems where the
dimension of the observation space is potentially large, in contrast with the num-
ber of parameters in the model and the dimension of the latent space, where
the particles are sampled. The PCA version can be written in a hierarchical
framework by adding a layer with, for each individual, a g-dimensional stan-
dard Gaussian vector W, and introducing an individual-specific linear function|
fi : R? — RP defined for all w € R? as

filw;B,C) = Cw + B'x; + o;,

where C € M,,»,(R) encodes the embedding of the observations into a space of
lower dimension. The model is then written as

{Wi}lgign i.4.d. : WZ ~ N(Oq,Iq);
{Zi}lgign i.4.d. Z,=CW, + BTXi =+ 0i; (2)
exp {Yi;Zij — exp(Zi;)}

{Yijhi<icn ind. [{Zihi<icn = p (Y35 | Zij) = Yo
1<j<p ij*

We refer to Model (2) as PLN-PCA. Adopting the PCA terminology, C is the
p X ¢ matrix of loadings, and W represents the vector of scores of the i-th obser-
vation in the low-dimensional latent subspace, whose dimension ¢ corresponds
to the number of components.

The vector of unknown parameters to be estimated is now 6 = (B, C) € R%,
with d = p(q + m) that is significantly smaller than D when ¢ < p, the typical
case at play in a context of dimension reduction. The complete log-likelihood
of Model (2) can be written, up to additive constants with respect to model
parameters, as

n

n p
1
E log pe(Yi, W;) = E (Y3, Z;) — E exp(Zij) — §||VV¢||2
i=1 i=1 j=1

Without any further assumption on C, remark that 6 is not identifiable since
the distribution of Z; is invariant when multiplying C by any orthogonal matrix.
However, since Y; depends on C solely through the covariance ¥ = CCT, it
is enough to have the identifiability for the model parametrized by (B, X). We
11 di hi int furtl hen i luci ] . loorit]
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4. Biased stochastic gradient descent
4.1. Solution to maximum likelihood principle

Estimation of @ is achieved by maximizing the likelihood of the observed datal
pe(Y), or equivalently by solving the optimization problem

1 n
0" = argmin ((0), ((0) =—=) logps(Y:), (3)
fcx n--

where ¢ is referred to as the loss function. Optimizing such a function is not
straightforward because the marginal pg(Y;) requires integrating out the latent
variable W;. We refer to 8™“* as the maximum likelihood estimator.

Reminder on the EM approach The Expectation-Maximization algorithm|
[16] circumvent this issue by using a decomposition of the log-likelihood of the
observed data Y; into

log po(Y:) = / log e (Ys, w)pe(dw | Y.) — / log pe(w | Y:)pe(dw | )
Ra Ra

The algorithm proceeds by evaluating the conditional expectation of the com-
plete log-likelihood using the current estimates 0™ of the model parameters:

Q016%) = 3 E [logpa(Y. W,) | ¥..60]
=1

By iteratively maximizing this quantity, the algorithm generates a sequence
that converges under suitable regularity conditions to the maximum likelihood
estimator 0% [45, 6]. However, the conditional pg(W; | Y;) is intractable for
the PLN model and its PCA extension. To address this challenge, variational
inference approximates pg(W, | Y;) with a surrogate distribution ¢ (V) from
a parametric family P. For instance, [12, 13] resorted to multivariate Gaussian|
distributions A (m}™, SY*) with diagonal covariance matrix. The Variational
EM method alternates between updates of the variational parameter ¥ and the
model parameter 8, aiming to maximize a lower bound of the log-likelihood,
defined as

log po(Yi) — KL [¢y(W3)[|pe(W; | Y3)] = Eg,, [logpe(Yi, V)] + He, (V).

At convergence, the variational solution is associated with

by = arg min KL [9]po(- | Y.)]. (1)

PET




Stochastic gradient scheme In contrast to existing methods, we propose
to address the optimization problem (3) directly with an SGD scheme. Our
approach leverages that the Louis principle applies to Model (2), as outlined
below (see Appendix A for a proof).

Proposition 4.1. For all individual i = 1,...,n, the incomplete log-likelihoo
0 — logpe(Y;) of Model (2) is twice continuously differentiable on R and its
score function can be written as

5i(0) = Vo logpe(Yi, w)pe(dw | Y;) = E[Velogpe(Yi, W;) | Y;,0]. (5)
Ra

While the intractability of the conditional distribution renders exact cal-

culation infeasible even for a small value of ¢, identity (5) is instrumental in|

estimating the score function with Monte Carlo methods and designing an SGD

scheme. Given a learning rate v € R* and an initial point oY ¢ R?, the SGD

scheme recursively defines a sequence {H(t)}teN* through the equation

0D — 9t) _ 50 (6)

where g*) is a possibly biased estimator of VgE(B(t)). Here we explore the op-
portunity of importance sampling methods [28, 29] to define 3. Indeed, the
lack of closed-form for pg(W; | Y;) hinders Monte Carlo methods that rely
on exact samples from it. However, importance sampling overcomes this dif-
ficulty by changing the integration measure. For any 8 € R?, it approximates
pe (- | Y;) with a random probability measure based on weighted samples from a
probability density function v;(-; ), possibly depending on 8 and referred to as
proposal distribution, such that pg(- | Y;) is absolutely continuous with respect
to v;(-;0). The importance sampling method is then based on the following
identity
5(0) = /Rq piizivt ;{;)Ve log pe (Y, v)vi(dv;0).

To circumvent the issue of evaluating the intractable distribution in the above,
the method leverages a tractable non-normalized version of the conditional dis-
tribution, namely the joint distribution. Let us introduce the Radon-Nikodym|
derivative of pg(Y;,-) with respect to v;(-;0):

_ pB(Yi7V)
pe.i(Vv) = v 0)

The score can be written as

5;(0) = /Rq po.i(V)Vglogpe(Y;, v)v(dv;0) //Rq po.i(V)v;(dv; 0) .

v € RY.

Thereby, given N € N* independent samples v;1,...,v; y from v;(-;8), the
self-normalized importance sampling (SNIS) estimator of s;(8) is

N

/S\ Zpez Vzr)velogpe szvzr /Zpez st . (7)

r=1
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Algorithm 1: Importance Sampling based Gradient Descent (ISGD)

Input: initial point 9(1), learning rate -, number of iterations 7', number of Monte
Carlo draws N.

Output: the sequence 9(1), e o(T+1)
fort=1to T do

Sample ¢ uniformly in {1,...,n};

Sample (v; 1,...,V; n) from V?N(~ ; 0<t));

Update 8(t+1) = Pg (0<t) — '@\(t)) with gt) = 735(0(’5)) as in Equation (7);
end

A possible solution is then to define §*) by averaging the estimator (7) across
individuals. In what follows, we rely on a mini-batch strategy where we use
a single individual at a time. Specifically, at iteration ¢ € N*, we draw an
individual 4(¢) uniformly in {1,...,n} and the gradient estimator within the
update Equation (6) is

9" = =3, (0"). (8)

4.2. Convergence guarantees

The SNIS estimator (7) is strongly consistent, but exhibits bias for a fixed sample
size N. As shown in this section, controlling this bias is essential to ensure the
convergence of our algorithm. This requires imposing further constraints on
the optimization problem. In the remainder of the paper, let © C R be a
nonempty, compact, and convex set. In place of the standard update (6), we
employ a projected SGD algorithm, which is defined by

0 = Po (0 —45"), 9)

where Pg stands for the orthogonal projection on ©. Algorithm 1 summarizes
the overall scheme. Formally, the projection step ensures that all iterates remain|
bounded, which in turn guarantees the L-smoothness and the bounded gradient
conditions commonly assumed in the literature to establish convergence prop-
erties.

Preliminary result for L-smooth functions In the following, we delve into
the analysis of an SGD algorithm (i) for non-convex and constrained optimiza-
tion with L-smooth objective, (ii) with a gradient estimator that is both biased
and random. To the best of our knowledge, no established convergence theorem|
exists for these conditions. Mai and Johansson [32, Lemma 3.2] achieve a similar
result but for unbiased gradient estimator. Let F': R? — R be defined by

(10)

F(8) = 4(0) + 16(0), Io(8) = {20 gz; g,
\
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For a real nn > 0, its Moreau envelope is

1
Fy(0) =t {FO) + 510017}
The Moreau envelope is useful from an optimization perspective, as it has the
same set of minimizers as F'; while being differentiable, unlike F'. This character-
istic is instrumental in analyzing the convergence of proximal gradient methods
such as the one from Equation (9). Our following result yields control over the
Moreau envelope, providing we have a L-smooth loss function and a gradient
estimator §(*) with bounded mean squared error and bias (see Appendix B for
proof).

Lemma 4.2 (Descent lemma). Let consider the gradient scheme as defined b
Equation (9). Assume that

(1) the function ¢ is L-smooth on ©, and denote I' = supgcg||Vel(0)]|;
(ii) fort € N*, one has

o0 =27~ 01(6)

0 = ||E[3 [ 69] — Vot (69 < .

O(t)] < 00,

Then, for any real constant n € (0,1/max{2I" + L, 2L}],

= [m(0) | 0] < £y (0) - F19F o)

2F 2 (11)
F I e T (0 4 12).
n 2n
Remark that I is finite as the gradient is L-Lipschitz continuous on a bounded
set. Consequently the interval (0,1/max{2I' + L,2L}| is nonempty.

Applicability to the PLN-PCA model We now demonstrate that the loss
function for the PLN-PCA model and the importance sampling estimate (8)
satisfy the assumptions from Lemma 4.2.

Proposition 4.3. Under Model (2), for any nonempty compact subset © C R%,
we have that

(i) for any individual i = 1,...,n, there exists a real
; = inf pe(Y;);
0<¢ ég@pe( i);
(ii) there exists a real L > 0 such that the objective function ¢, as defined in

(3), is L-smooth on ©.

Regarding Assumption (i7) of Lemma 4.2, we should note that both o®
and £®) are driven by, respectively, the mean squared error and the bias of

the importance sampling estimate (7). Agapiou et al. [1, Theorem 2.3] yield
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sufficient conditions to have control over the bias and error. The latter led to
the subsequent assumptions on the proposal distribution for our optimization
problem.

Assumption 1. For all individual i € {1,...,n}, the proposal distribution v;
is chosen such that

P sup po.i(V) < oo,
(6,V)EOXRY

Bi =supE,,(..9) |[[Ve 10gp9(Y¢7V)Hﬂ < oo
0co

Following the work of [1], we obtain finite bound when integrating the mean,
squared error and the bias of the importance sampling estimate (7) with respect
to the random mini-batch index i(t) (see Appendix C for proof).

Proposition 4.4. Let {i(t)}ien- and {80 }ien be the associated random se-
quences generated by Algorithm 1. Under Model (2), if Assumption 1 holds, then,
for allt € N,

0@}3 M,,

2|~

2
EIS =K [Hs (t) 0" ) — Vlog pg (Yi(t))H

Zz(t) ~N ¢ t) - t Vd
{ig =E [HE [Si(t)(e( )) — Vlogpgo (Yi)) ‘ 6" )7Z(t)} H ‘ 0" )} < WM
where M, and Mg are two finite and positive constants given by

_ 12 ,\2\F 25())\2- 9N?
Z Gi - )’

4 Aggj/‘* 250);  9AZ
ME:EZ % 2+ 3<1+ 2 C-Q) ,
i=1 g ¢ v

with \; and B; as in Assumption 1.

As detailled in the proof of Theorem 4.5 in Appendix C, this result implies
the conditions required on o® and £, since there is a constant A such that

=(®) (®)
D<A +ES+1), and €0 <EY

Convergence of the gradient mapping As the local minimum of the loss
function may lie outside the compact set ©, we cannot prove that the norm
of V() becomes arbitrarily small within Algorithm 1. Instead, in the context
of gradient methods incorporating a projection step, the convergence rate is
characterized in terms of the norm of the gradient mapping Gg,t) [18] defined for
any real n > 0 by

0" — Py (8" —nve(6™))

Y

G —

n

(12)
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This mapping is a tailored gradient objective, specifically modified to handle the
projection step, whose norm is equivalent to the gradient norm of the Moreau
envelope (see Lemma B.3). Our next result shows that the norm of the gradient
mapping for Algorithm 1 can be rendered arbitrarily small, provided we use a
sufficiently large number of iterations T" and particles N.

Theorem 4.5. Let 8% € © be an initial value and 70 € R’} a user-specified ini-
tial learning rate. Under Model (2), if Assumption 1 holds, then for any T € N*
and any real constant n € (0,1/max{2l, L}], the sequence {8} 1<;<p define
by Algorithm 1 with v = ’yo/\/T satisfies

1 o 12 27 (1) LB
TZE[”Gn | } SW(E(" ) — £(6™")

t=1
2
70([”7"‘1)[ 2 2 d{ 2(A+T) }])
+ T A 2 S, + 2=y,
2n N vda ot

(13)
with L the smoothness constant of £(-), T' = supgcel||VE(O)||, constants M, an
M¢ as defined in Proposition 4.4, and

2

(2Ln+1)2 Ln A v \V/ Y
i Ln+1 * In+1) "~ 210 e Vol (0)+Vologpo

Remark 1. While the upper bound 1/max{2T", L} is unknown, Algorithm 1 does
not depend on the choice of 7 in practice, and therefore neither I' nor L need
to be estimated.

5. Importance sampling proposal choice

In this section, we propose a specific choice of proposal distribution that satisfies
Assumption 1, namely a mixture distribution. Mixture distributions are often|
chosen for this task [e.g., 9] because of their flexibility as parametric models.
In what follows, we leverage the model structure and focus on two-component
Gaussian mixture distributions. Given two real constants a € [0, 1] and § > 0,
denote the two-component Gaussian mixture with mean g € R? and covariance
S e 83_ 4 by

gM(';H>S>a75) = (1 - 0‘)/\/(';#75) + QN(‘§H75Iq)~ (14)

For each individual ¢ = 1, ..., n, the proposal distribution v;(- ; ) is set to such a|
mixture, and p and S are iteratively adapted according to the current estimate
0" (see Algorithm 2). However, to ensure convergence, it is necessary to impose

conditions on (14) (see Appendix D for proof)
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Lemma 5.1. Let a € (0,1] and 6 > 1. If foranyi=1,...,n, 8 — pu,;(0) € R4
and 6 — S;(0) € Si, are continuous on ©, then the proposal distributio
defined by

fulfils Assumption 1.

Constraining the parameter § to live in (1, +00) is sufficient to guarantee that
the Radon-Nikodym derivative pg ; is uniformly bounded with respect to 8 € ©.
However, this does not ensure an efficient gradient estimator in terms of error or
bias. The bias and the error are both related to the Kullback—Leibler divergence
KL[po(- | Y:)||v:i(-50)] [1, 10]. Specifically, these results show that the estimator
exhibits enhanced efficiency for a fixed computational budget, as the Kullback—
Leibler divergence decreases. Adaptive importance sampling addresses the min-
imization of v — KL[pg(- | Y;)||v] over a given class of probability measure. For
instance, the Population Monte Carlo proposed by [9] provides a solution when|
the proposal is a mixture distribution. Nevertheless, implementing such meth-
ods within an SGD scheme can be computationally intensive. Indeed, the target
distribution of the adaptive scheme changes at each iteration of the gradient
scheme, necessitating a full run of the adaptive method at each iteration.

Practical implementation In the following, we present a simpler heuristic
that is efficient for the class of problems presented in this paper, albeit not
optimal in terms of the Kullback—Leibler divergence. We consider using the
mean and covariance of the conditional distribution pg(W; | Y;), namely

1;(0) =E[W,;|Y;,0], S;(0)=V[W,;|Y,0] (16)

Both functions are continuous on O (see Appendix D). Moreover, the parameter
«a can be interpreted as a regularization parameter. Indeed, in the limiting case
a = 0, the proposal distribution as defined in (15) resumes to the optimal
Gaussian proposal distribution, that is

vi(-;0) = argmin KL[po(- | Y;)[v], F={N(n,S);peR, SeSL }.
veF

(17)
While the Radon-Nikodym derivative pg ; with respect to such a proposal may
not necessarily be bounded for any € € O, it points out the effect of a. The
mixture distribution (15) balances a component that informs on the intractable
conditional distribution and a regularization or defensive component that plays
a similar role to that of [9]. Practically speaking, we should opt for a small value
of a to improve the efficiency of the importance sampling.

Both p,(0) and S;(0) are unknown and must be estimated. Obviously, we
can use the importance sampling method, since we could simply recycle the
particles simulated to estimate the gradient. However, such a solution may lead
to poorly conditioned and non-positive definite matrix estimates for S;(6). A




14

Algorithm 2: Adaptive Importance Sampling based Gradient Descent

Input: initial point #(1), learning rate ~, number of iterations T', number of Monte
Carlo draws N, mixture parameter 0 < o < 1, parameter ¢ > 0.

Output: the sequence 8. .. (T+1)
for t=1to T do
Sample ¢ uniformly in {1,...,n};

Compute the estimate fi; of p;(8()) as defined in Equation (16) ;

Compute the estimate S; of S;(8(!)) as defined in Equations (16) or (18) ;

Set v; = GM(-; 1, gi,a,é);

Sample (v; 1,...,v; n) from I/?N(' ; 9<t));

Compute (1) = P@(H(t) - 7§(t)) with () = —5N (B(t)) as in Equation (7);
end

likelihood:

SzH(e) == |:V3v log pe (Yi,W)|w:“i(e)} -
= [I, + C Diaglexp{fi(1;(0); B, C)}]C] . (18)

This alternative stems from the second order Taylor expansion of the com-
plete log-likelihood, and has been used in various contexts, such as posterior
approximation [41] and importance sampling [35, Chapter 9]. Interestingly, for
a Gaussian distribution, the Taylor expansion exactly relates the curvature of
the scalar field at its mode to the variance, namely S () corresponds to the
variance. In contrast to a Monte Carlo estimate of the covariance of the con-
ditional distribution, it directly follows from Equation (18) that the Hessian of]
the log-complete likelihood, and consequently its inverse, is definite positive.
Moreover, Lemma 5.1 also applies to this choice of covariance matrix, since the
function @ — SH () is continuous as a composition of continuous functions.

6. Simulation study

Competitors We compare different variants of our algorithm corresponding
to specific choices of the proposal distribution v;(-; 0):

o ISGD-VEM: we set the proposal distribution to the variational distribu-
tion ¢y, as defined in Equation (4). Although it differs from the optimal
proposal distribution (17), it represents a natural choice as it serves as
the optimal Gaussian surrogate for the conditional distribution in terms
of the Kullback—Leibler divergence ¢ — KL[®||pe(- | Y;)].

¢ ISGD-VEMmix: there is no guarantee that the Radon—Nikodym deriva-
tive with respect to the VEM proposal is bounded, and thus ensures the
convergence of Algorithm 1. To address this, we introduce a defensive
component in this version and consider

vi(-530) = GM(-;mY"M SYPM o §)

3
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where m}™ and SY®™ are the mean and covariance of the variational

distribution ¢y.
e AISGD-SNIS: it corresponds to Algorithm 2 and the choice of the mix-
ture distribution

l/i(~ 3 0) = gM( ; ﬁ\lz(a)a §z(0)7 Q, 5)7

where f;(0) and S;(8) are SNIS estimators of the mean and the covariance
of the conditional distribution pg(- | Y;).

e AISGD-Hessian: it corresponds to Algorithm 2 and the choice of the
mixture distribution

vi(-:0) = GM(-;m;(6),S[(0), , 9),
with S (), as defined in Equation (18).

All these methods are initialized with the variational estimator 8" fitted with|
the standard VEM algorithm implemented in pyPLNmodels'. Throughout the
numerical study, the mixture hyperparameters are set to a = 0.001 and § = 1.1,

6.1. Synthetic data

Data generation We consider simulation settings with n = 300 individuals,
p = 150 variables, d = 1 covariate (that is, one intercept), and rank constraints
q = 3,5 and 15. The offset term o is set to zero. For each value of ¢, we sample
M = 100 datasets Y(@™) m =1,..., M, according to the PLN-PCA model (2)
with the following regression parameters

B, ~N(21), k=1,...,m j=1,...,p

The covariance matrix X* is set to the closest rank-g approximation using sin-
gular value decomposition of the Toeplitz matrix (t;x), j,k = 1,...,p, defined
as

tig =3 x L= + U|j7k|,

where v is drawn uniformly between 0.6 and 0.8.

Experimental design FEach algorithm runs for a total of 1010 epochs with
two regimes of batch sizes, B = n and 8 = 1, used along iterations. We resort to
the full dataset for the first 1000 epochs. During this initial phase, the gradient
estimator is computed as the average of SNIS estimators (7) over all individuals,

namely
n

_ 1
70 =23 sV (80).

The latter is based on Rprop updates [37]. We refer the reader to Appendix E.1
for additional details on the use of Rprop. This practical approach is motivated

;h:tj_ps;llgjlhuhmmLELNjeamprELNmodels
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by the empirical observations that Rprop updates tend to converge much faster
than the original updates using a single learning rate and could serve as a warm-
up phase. Our study focuses on the last 10 epochs with a batch size of 1. This
setting corresponds to T' = 3000 iterations of Algorithm 1. The learning rate - is
determined via a grid search. We present results corresponding to N = 500, 1000,
or 2000 samples for the SNIS estimator (7).

Quality of the importance sampling proposal distribution The pro-
posal distributions v; (- ; @) of the four competitors are compared at initialization

)

with the three following metrics:

o the Kullback—Leibler divergence KL[v;(-; 0)||pe (- | Y;)], which gives a dis-
crepancy measure in terms of the variational objective function, and thus
provides a comparison between the proposal distribution and the vari-
ational distribution. Given a N-sample v;1,...,v; n from v;(-;8), its
Monte Carlo estimator is

N
1 po,i(Vir)
—log(N) — = » log(we,ir), Weir=—x """
N 7; Zivzl pe.i(Vis)

« the Kullback—Leibler divergence KL[pg (- | Y;) ||vi(-; )], which relates to
the efficiency of the importance sampling scheme in terms of bias and
quadratic error. Its Monte Carlo estimator is

N
log(N) + Z we,i,r 10g(We,i,r)-

r=1

o The Effective Sample Size (ESS), which assesses how accurately the weigh-
ted samples from the importance sampling method approximates the tar-
get distribution pg (- | Y;): a higher effective sample size indicates a better
empirical approximation of the target distribution. It is estimated by

N -1
§ 2
we,i,r .
r=1

The results are displayed in Figure 1. A key distinction between the ISGD-
VEM proposal and other methods is the use of a Gaussian mixture distribution.
A comparison between ISGD-VEM and ISGD-VEMmix highlights the impact
of adding a defensive component to the variational solution. As shown in the top
row of Figure 1, the defensive component does not yield improvement in terms of
the variational objective function. However, the ISGD-VEMmix proposal offers
equivalent performances regarding the importance sampling method (middle
and bottom rows of Figure 1).

Furthermore, the comparison of ISGD-VEMmix with the two AISGD vari-
ants (SNIS and Hessian) enables the evaluation of the impact of replacing the
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FIGURE 1. Distribution of the Kullback—Leibler divergence KL[v;(-;0)|lpg (- | Yi)] (top row),
the Kullback—Leibler divergence KL[pg (- | Y;) ||vi(-;0)] (middle row), and the effective sample
size (bottom row) as a function of the number of Monte Carlo draws N, the rank constraint q,
and the inference algorithms (AISGD-SNIS, AISGD-Hessian, ISGD-VEMmiz, ISGD-VEM)
at initialization, that is 0 is the VEM estimate. Each boxplot is based on M = 100 synthetic
datasets, with each metric estimated using the specified N Monte Carlo draws.

covariance estimate or the curvature estimate. Unsurprisingly, AISGD-SNIS be-
comes numerically unstable when we do not have enough Monte Carlo draws
for a given rank constraint q. It is well known that estimating a covariance
matrix is much more demanding when the dimension of the sample space in-
creases. From the variational point of view (top row of Figure 1), AISGD-
SNIS and AISGD-Hessian do not exhibit significant improvement compared
to ISGD-VEMmix. However, providing sufficient Monte Carlo draws are avail-

able, both AISGD-SNIS and AISGD-Hessian consistently demonstrate superior
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performance for the importance sampling scheme in comparison to variational-
based proposals (middle and bottom row of Figure 1). The lower values for the
KL[pe (- | Y;) ||vi(-; 0)] indicate a better control over bias and variance, while
the performances in terms of ESS demonstrates that AISGD solutions are robust
and efficient when the dimension ¢ increases. Overall, AISGD-Hessian offers the
most favorable practical performances. In what follows, we thus focus solely on
AISGD-Hessian.

Asymptotic normality of the regression coefficient A key property of]
the MLE is the asymptotic normality that provides tests and confidence intervals
on the model parameters. This property is not guaranteed by the variational
estimator, maximizing a surrogate log-likelihood (often called ELBO). In order
to assess the ability of our method to provide valid tests and confidence intervals
for each, say, regression parameter B, we examine the standardized estimates

Bis = (B - Bi;) /715 (19)

where Bj; denotes the true value, and @[Ekj] stands for the estimated variance
of Ekj. Recall that the Fisher information matrix (FIM) is defined as

7(6) = Eo [Vologpo(Y1) {Vologpo(Y1)} | . (20)

According to the M-estimator theory, the (asymptotic) variance of Ekj is given
by the diagonal term corresponding to By; of the inverse of the FIM, and the

distribution of the E,(CT) across simulations m = 1,..., M should be close to a|
standard normal.

We illustrate the fit of the test statistics, as defined in (19), to the standard
normal distribution at three different stages of the estimation procedure. The
first stage corresponds to the VEM initialization, that is Byx; = B/, and
a variational proxy for the unknown (asymptotic) variance of the variational
estimator. This solution assumes that the evidence lower bound can be used
in place of the log-likelihood in the definition (20). We refer to this solution as
variational FIM. The second stage corresponds to the first iteration of Algorithm
2. The test statistics are also computed for By; = B;/JEM, but instead of using
the variational FIM, we compute a Monte Carlo estimator of the FIM, referred
to as SNIS FIM, given by

Zo(®) = > 5N (0) (3N 0)} (21)

S|

The third stage corresponds to the end of the optimization scheme, that is, test
statistics computed for By; = B,g). The FIM at that point is also estimated
using the Monte Carlo estimator (21).

We first perform a Kolmogorov-Smirnov test for the three aforementioned
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FIGURE 2. Distribution of the p-values of the Kolmogorov-Smirnov test for the distribution
of the standardized estimates Byj, as defined in (19), over M = 100 simulations (n = 300,
p =150, ¢ = 5, and d = 1) at three different stages: initial state 0 (VEM estimate)
with variational FIM (left) and with SNIS FIM (middle), and final state (7) of AISGD-
Hessian with SNIS FIM (right). AISGD-Hessian is run with N = 1000 Monte Carlo draws.
FEach boxplot is built across the d X p normalized coefficients Ekj. Red dashed line [——]: the
o = 5% significance threshold.

p-values associated with the d x p regression parameter Bj;. The figure shows
that the normality hypothesis is not rejected for the AISGD-Hessian. However,
as we could expect, it is rejected for the VEM standardized estimates.

Figure 3 first illustrates why a departure from normality is observed for the
standardized variational estimates on certain regression coefficients. The vari-
ational FIM solution significantly underestimates the variance (left column),
implying, for instance, that using a full-based variational approach would lead
to too narrow confidence intervals. Similar results were reported on the PLN
model in [40]. Conversely, the SNIS FIM offers a satisfying and more accurate
estimate of the variance (middle and right columns). The VEM estimator also
exhibits bias (middle column). Further examination of additional qg-plots (not
displayed here) indicates that VEM tends to overestimate the regression coefi-
cients. Finally, the right column of Figure 3 shows that AISGD-Hessian corrects
this bias and thus provides a good fit of the test statistics to the standard
normal.

Conclusion AISGD-Hessian is a compelling method for inferring the param-
eters of a PLN PCA model. The algorithm offers an estimation procedure with
valid uncertainty measures (or statistical tests). In contrast, the variational so-
lution leads to unreliable outputs due to the approximation used throughout

the VEM scheme and the crude variational FIM estimate. |
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FIGURE 3. qg-plots of the standardized regression coefficients élj (7 =7,22,30), as define
in (19), over M = 100 simulations (n = 300, p = 150, ¢ = 5, and d = 1) at three different
stages: initial state 01 (VEM estimate) with variational FIM (left) and with SNIS FIM
(middle), and final state 0T of AISGD-Hessian with SNIS FIM (right). AISGD-Hessian is
run_with N = 1000 Monte Carlo draws. x-azis: standard normal quantiles, y-axis: quantiles
of B1j (black dot [e]), red dashed lines [——]: 95% bounds for the standard normal qq-plot,
black solid line [—]: perfect fit.

6.2. Inference on real data

Dataset Real data analysis is based on the scMARK dataset [17]. The latter
is a benchmark for single-cell Ribonucleic acid (scRNA) data designed to serve
as an RNA-seq equivalent of the MNIST dataset — each cell being labeled by
one of the 28 possible cell types. It corresponds to n = 19998 samples (cells)
and p = 14059 features (gene expression).

Due to memory limitations, we cannot address the problem with the original
p = 14059 features. Therefore, we perform inference on a dataset reduced to
n = 300 randomly chosen samples from the two most prevalent cell types (7]
cells CDJ+ and T cells CD8+), focusing on the p = 100 features with the
largest variance. The offset term o is set to zero. The two cell types are used as
covariates, such that for each cell ¢, the covariates are given by

y Tip=1—m;1.

{1 if cell 71is a T cells CD4+
Ti1 =

0 else
C
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Illustration of Theorem 4.5 For each rank constraint ¢ = 3,5,15, we
perform 10 runs of the AISGD-Hessian version of Algorithm 2 initialized at
0" = 6V"™ for 100 epochs and N = 5000 Monte Carlo draws. In Figure 4, we
monitor the negative marginal log-likelihood and the gradient norm, averaged
over the 10 runs, over the iterations. We observe a significant gain in terms
of the marginal log-likelihood, suggesting that VEM has not converged to the
maximum likelihood estimator. Interestingly, AISGD-Hessian proves to be in-
creasingly more efficient as ¢ increases. This behavior could result from using
proposal distributions with a full covariance structure, which provides additional
insights on the underlying geometry as compared to the diagonal approxima-
tion used in VEM. On the other hand, the norm of the gradient of the objective
function decreases in average with 7" as stated by Theorem 4.5.

Parameters significance A major interest of our method is to achieve max-
imum likelihood estimation, but also to gain in interpretability thanks to an
accurate estimation of the variance of PLN PCA parameters estimates. This al-
lows practitioners to perform statistical tests and determine if a covariate has a|
significant effect or not. Figure 5 presents the confidence intervals for regression|
coefficients obtained at the initial and final iterations of a run of the AISGD-
Hessian method on the reduced scMARK dataset with ¢ = 5. As detailed in|
Section 6.1, we used here a warm-up phase of 2000 epochs, a batch size of]
n = 300 and N = 1000 Monte Carlo draws. We solely represent the coefficients
whose estimates lie between —1 and 2, leaving 34 coefficients out of the 200
available.

As previously observed in Figure 3, the VEM method seems to overesti-
mate the regression coefficients consistently. By correcting this bias, the AISGD-
Hessian method leads to differences in the interpretation for a few coefficients.
For instance, we could reject the null hypothesis Bj; = 0 for all CD4+ coefli-
cients at the VEM initialization, implying a positive impact of all the covariates.
Conversely, at the final iteration, the decision changes for CD4+;63, CD4+;45
which are no longer significant. The same observation stands for CD8+;71 and
CD8+;60. Additionally, CD8+;83, which initially has no impact, is found to
have a negative impact at the final iteration.

7. Discussion

The paper explores the opportunity of a projected stochastic gradient scheme
for inferring the parameters of a PLN-PCA model. Unlike competing variational
approaches, our method allows to retrieve statistical guarantees on the result-
ing estimate. representing a significant step forward for the practitioners. This
enables the construction of uncertainty measures and statistical tests. We have
illustrated the benefits of our method on synthetic and real datasets using mix-
ture distributions as proposals. Obviously we could resort to any distribution
provided it satisfies Assumption 1. A future work could be to investigate the
potential of normalizing flows as proposal distribution, especially for larger rank
constraints
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FIGURE 4. Negative marginal log-likelihood (top row) and norm of the gradient of the objective
function (bottom row) for AISGD-Hessian as functions of the rank constraint q and the
number of epochs for the scMARK dataset reduced to n = 300 samples and p = 100 variables.
Black solid line [—]: averages over 10 runs of the AISGD-Hessian method initialized with the
VEM estimate and N = 5000 Monte Carlo draws, grey area: 95% confidence regions.

While we have proven the convergence for the PLN-PCA model using an
importance sampling-based gradient estimator, the descent lemma 4.2 opens
new vista for latent variable models. Indeed, its minimal assumptions offers
broader applicability, and it can serve as the corner stone for extending Theorem|
4.5 to models with L-smooth loss function and arbitrary random and biased
gradient estimator.

A natural extension is to consider models where the emission distribution be-
longs to a natural (or canonical) exponential family. While deriving regularity
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FIGURE 5. Confidence intervals for regression coefficients of m = 2 cell groups (CD8+
and CDj+ T cells) from the scMARK dataset, reduced to n = 300 samples and p = 100
variables. The intervals are computed at the initial state corresponding to the VEM estimate
(purple), and the final state of a run of AISGD-Hessian with N = 1000 Monte Carlo draws.
The variance was computed using the SNIS FIM estimator (21). z-azis: regression coefficient
value, y-azis: cell type and feature number.

the loss function is relatively straightforward for some families — typically when
the natural parameter space is the entire vector space —, such as the Binomial
distribution. Additional technical conditions may however be required for fam-
ilies with constrained natural parameter spaces, like the negative-Binomial or
Gamma distributions. These conditions might involve integrability constraints
on the moments of the emission distribution with respect to the latent distri-
bution or modifications to the link function f; to account for the parameter
constraints.

Beside addressine the inf for o] els. t] on of |
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4.2 on the gradient estimator allows to consider other, possibly more elaborated,
simulation based method to estimate the gradient, such as diffusion models.
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Appendix A: Properties of the PLN-PCA model

Lemma A.1. Under Model (2), for any compact set © C Rd for all individua
i € {1,...,n}, there exists two constants K2 > 0 and 2 € R, such that fo
any 6 € @

logpe (Yi | W;) < KWl + w?.

Proof. Given i € {1,...,n}, 8 = (B,C) € R?, due to the conditional indepen-
dance, we have for Z; = (Z;j) as defined by Equation (2),

Ingﬂ(Yi | W; ) sz Z ZeXP 1,]

Since exp is convex and differentiable on R, for any z, zg € R, we have

exp(z) = exp(z0) + (2 — 20) exp(z0).
It follows
P P
logpe(Yi | Wi) < (Y, Zi) —exp(z0) Y Zij — » (1 — 20) exp(20).
j=1 j=1
Using the definition of Z; from Equation (2), we set

Ki(0) = C"{Y; — exp(20)1,},

p
ki(0) = (Y; — exp(z0)1p, B'x; + 0;) Z 1 — z0) exp(zo)-
j=1

Then,
logpe(Yi | W;) < (Ki(0), W;) + £:(0),

and using the Cauchy—Schwarz inequality we get
logpe(Yi | Wi) < [ Ki(0)[[| Wil + £:(8).

The functions K; and k; are linear with respect to the parameter coordinates
and, consequently, continuous on R?, and hence on ©. Therefore, we can define
the upper bounds K2 = supgce || K;(0)| and k© = supgeg (@), which provides
the result.

O

Proposition 4.1. For all individual i = 1,...,n, the incomplete log-likelihoo
0 — logpe(Y;) of Model (2) is twice continuously differentiable on R and its
score function can be written as

5:0) = [ Velogpe(Yi, wipe(dw | Y,) = E[Vologpe(Y: W,) | Y1.0]. (5)

JRa




28

Proof. The result is a direct application of the dominated convergence theorem.
Indeed, for all individual i = 1,...,n, the likelihood writes as

po(Y:) = / po(Yi | WIN (dw;0,.1,).

The function 8 + pe(Y; | W;) is twice continuously differentiable on R? as a

composition of such functions. Moreover, each component Z;;, j =1,...,p, is a|
linear function of the components of @, and for r,s =1,...,d,
d “ d 9?
5o 2 =D _winlo=p, + > Wiklo,—cr 5pa5-Zi =0 (22)
" k=1 k=1 s
Consequently, given a component 6,., there is a unique index in {1,...,p} such

that the first partial derivative is non-zero. Denote by j and k such indices for
the partial derivatives with respect to 6, and 6, respectively. We then have

0 0
87p9(Yi | W) =po(Y; | W;) {Yi; —exp(Zi;)} 87Zij’
02 0
mﬁe(Yi | W) =po(Y; | W) | {Yij —exp(Zij)} {Yi — exp(Zir)} aierzij ETR
0 0
- eXp(Zij)aTZijaTZij

It follows from (22) that for any r =1,...,d, and any j =1,...,p
‘ 0

a6, 7

< [lxill + TWll.
Given a non-empty open and bounded set © C R?, it follows from Lemma A.1
that it exists two constants K2 > 0 and 9 such that for any 6 € ©

po(Y; | W;) < exp (Kl@HWZH + m?) )

On the other hand, for any 8 € ©,any j =1,...,p

|Zij| < A®|W,||+RP, with A® =sup||6]|, R = |jx;| sup|6[|+ max |o;].
6co 0cO J=1,.p

Consequently, for any j =1,...,p, since exp(Z;;) < exp(|Zsl),
|Yij—exp(Zi;)| < exp(|Zi|) {I[Y]| exp(—Z;]) + 1} < exp (A% Wi + RP) (Y

Thereby, for any j =1,...,p,

0
5 = expl)) 2| < (sl IWA) (Yl + 1 (A% Wil -+ 79)
9 9 2 e e
exP(Zij) 5o Zisgg-Zia| < (il + [Will)” exp (4°][ W + RP)

2
< (Ixill + [IW3))” exp (24° W ]| + 2RP) ,

Al +1).
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where the last inequality follows because A® and R? are both positive. Finally,
we get that on ©

i Y. | W, _M < ) . Y. 10O°(W,.1
g re(Yi | W)l exp (=5 ) < (sl + W) (14l + 1) @0 (W, 1)
9 ' ‘ W2 ‘ 2 ‘ 2 ¢
\agsa&pemwz) exp (=TT ) < ol + 0wl {(rval + 02 1} €5

with
1
Q2 (Wi, ) = oxp { =5 [Wi + (K + KA°) [Will 4 62 + k72 ).

Crucially, each of these upper bounds is a Lebesgue integrable function on R%
that does not depend on @ € ©. Consequently, we can conclude that the likeli-
hood is twice continuously differentiable on © with the dominated convergence
theorem. Since the result holds for any open and bounded set © C R, for all
0 € R?, we can apply it to an open d-ball with center 6. Therefore, the likelihood
is twice continuously differentiable on R?. Moreover

Voro(Y:) = [ Vono(Y; | wiN@wi0,.1,)) = | Vapa(Ys,wdw
Rae Ra

For all Y; € NP, the likelihood 8 ~ pg(Y;) is positive on R?. Indeed, the
integrand is positive everywhere since, by definition

p

W'_>p9 Y |W H zy |22J (Zilanwzip)-r:fi(W;Bvc)a

and for any z € R, y — p(y | 2) is positive on N. The continuous differentiability]
of the log-likelihood follows directly by composition. Finally,

1 / po(Yi, w)Vglogpe(Yi, w)
—_— Vope(Y;, w)dw = /
po(Y) Jpa  © ol ) R po(Y:)

= / VQ logpg(Yi,W)pg(dW ‘ Yz
Ra

Vologpe(Y;) =

O

Proposition 4.3. Under Model (2), for any nonempty compact subset © C R?,
we have that

(i) for any individual i =1,...,n, there exists a real
0 < ¢ = inf pa(Y5);
<G = flpolY)

(ii) there exists a real L > 0 such that the objective function ¢, as defined i
(3), is L-smooth on ©

(Wi72)a
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Proof. Let © C R? be a nonempty compact set.

(i) From Proposition 4.1, the likelihood of the observed data 8 — pg(Y;)
is continuous on the compact set ©. Thus, it is bounded and attains its
bounds on ©. Moreover, the likelihood of the observed data is positive on
R?, so is its lower bound on ©.

(if) A direct consequence of Proposition 4.1, is that 8 — V{(0) is continuous
differentiable on the compact set ©. Therefore, it is Lipschitz continuous.

O

Appendix B: Intermediate optimization results and proof of Lemma
4.2

In this Section, we consider results for minimizing a function £ on R?. We denote
© c R a compact and convex set.

Lemma B.1 (Non-expansiveness, Bertsekas [4, Prop 2.1.3]). The projection,
Pg satisfies the non-expansiveness property, namely for all 8,0 € R?

|Po(0) ~ Po(6)] < 0 —0'].

For a real n > 0, the proximal operator of F' as defined in Equation (10) is
given by

6’ cR?

Lemma B.2 (Drusvyatskiy and Paquette [18, Lemma 4.3]). If the function
is L-smooth, for any real constant n < 1/L, the Moreau envelope F,, is differen-
tiable on R? and relates to the proximal operator through the following equation

1
proxj.(6) = arg min {F(G/) + 2*“9 - 9l||2} -
n

VF,(0) = % {6 — prox'%(0)} .

Lemma B.3 (Drusvyatskiy and Paquette [18, Theorem 4.5]). If the function {

is L-smooth, for any real constant n > 0, the gradient mapping Ggf), as define
in Equation (12), satisfy the following inequality

L L
Jeipl < (1 ) (14 s ) 197 @)1

A differentiable function f : R? — R is said to be p-strongly-convex, p € R%,
if for all 8,0" € R<,

1(0) = £(8) + (Vo (0).6' — ) + L6 — /|2
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Lemma B.4. If the function { is L-smooth, then, for any real constant n €
(0,1/L), and any 6 € R?, the following function is (n~' — L)-strongly convex

1 012
f~9'—>f(9)+%||9—0|| :
Proof. Let 0,0’ ¢ R?. We have

f(0)+(Vf(0),0 —86)=10)+ %He — 0>+ (VLO)+n (0 —0),0'—0).

(23)
According to Bubeck [8, Lemma 3.4], since ¢ is L—smooth, it satisfies for all
0,0 ¢ R?

L
V(G’) —£(0) — (V(0),0' — 9>’ < 5“0’ -9 (24)
It directly follows that

(0) + (VE(0),0' —0) — 110 — 0> < £(6).

Combining the latter inequality with Equation (23) yields
n'—L
2

1 _ _
< (0" + 2 (l6—6]>+2(0—6,0—06)+ 6 —06]|?)

F(8)+(Vf(0).6' —0)+ o —o'||?

For a scalar product and its associated norm, the identity ||a + b[|? = ||a||® +
2{a,b) + ||b]|?* gives

' -L

f(0) +(Vf(6).6'—0)+ 16 —6'|* < e6') + %HO’ — 0|l = f(8).

Since n~1 4+ L > 0, we can conlude that f is (=% + L)-strongly convex.

Lemma B.5. If the function £ is L-smooth, then for any @ € ©, and any rea
constant n € (0, (20 + L)™1], with ' = supgce||Vel(0)|, we have

16 — prox(8)]] < 1.

Proof. Given 8 € O, we show that any point at a distance more than one from|
0 is not prox7(@). This implies that necessarily

16 — prox(8)]] < 1.

Let 8’ € R? be a point such that ||@ —6'|| > 1. According to Bubeck [8, Lemma
3.4], since ¢ is L—smooth, it satisfies for all 8,8’ € R?

00) < (0" + (VEO'),0 —0) + %ne’—ou% (25)
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Let first assume that 8’ € ©. Using successively the Cauchy-Schwarz inequality,
the positive bound I' and the assumption |6 — 6'|| > 1, we get

(Ve(o'),0 — ') <||Ve@)]le - 6’| <Tllo — o'l (26)

It results from Equation (25) and Equation (26) that
/ L / 2
00) <o)+ F+§ e — o=

For n < (2I' + L)', we have (I' + L/2) < 1/(2n). Moreover, the functions F
and ¢ coincide on O, so that

1
F(0) < F(0") + %Ha’ - 0|
We can therefore conclude that 8" # prox7.(0). Conversely, if 8’ ¢ ©, by defini-

tion of F, we also have that 8" # prox7.(0).
O

Lemma 4.2 (Descent lemma). Let consider the gradient scheme as defined b
Equation (9). Assume that

(1) the function £ is L-smooth on ©, and denote I = supgcg||Val(0)||;
(i) fort € N*, one has

o0 =27~ 01(6)

0 =||E[3 | 69)] - Vot (6] < 0.

O(t)] < 00,

Then, for any real constant n € (0,1/max{2I" + L,2L}],

2 [r(600) [ 60] < £(6) = 3 vF (0]
1T ey 7 )
+T§t +%(Ut +F2)
Proof. Given t € N* and n € (0,max{2l' + L,2L}!], we define the virtual

iterates é(t) as

ot _ ®Y — ; 1 ® |2
0" = prox'h(0') = argmin {F 0) + 0—-0 )
F( ) ocrd (6) 2 H H
Note that ?)(t) € 0. Indeed, according to the definition of the Moreau envelope

. (é(t)) — £, (8) - qi Hé(t) _ e(t)H2 < F(®).
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The upper bound is finite, since 0" as defined in (9) is within the compact ©.

The operator F is thus finite at é(t), and consequently é(t) € O since F takes
infinite value outside of ©.

As the virtual iterates are within O, the definition of the Moreau envelope
yields

R R e S

Using the definition of 01 and the fact that é(t) € O, we obtain from Lemma,
B.1

1 Hg(t-i-l) _a®
2n

2 1 _ 2
- (o 3 0]
n

é“>H2.

IA
|
=X
)
N

The bilinearity of the scalar product gives

o (1) - 2
Hg(t) H +27<0 79<t>7g<t>>+yzug<t>|

)

Hem —Ag® — 8|’

and the inequality (27) becomes

Fn(e(t+l)) < @(t)) He (t)

% <g<t> _ 9<t>7§(t>> ”gm ||

— N 2 N
<1 (00) +5 (07 - 00.50) + O I1

Therefore,

E [Fn (0(t+1)) ’ g(t)}

Fy(0©) + J <g<t> OR:) {g(t) ‘ 9<t>}>
ZE[H“”II) ).

We now study more in detail the second and the third terms of the right-hand
side.
Regarding the second term, we have

<g<t> IONT {g(t) ‘ 9<t>}> — <g)<t> o) V65(9<t>)> n <g<t> —9®. b(t)> 7
where b®) stands for the bias of the gradient estimate, namely
b — R [g(t) ‘ 0@)} _ vog(g(t)).

By combining the Cauchy—Schwarz inequality with Lemma B.5, which applies
since n < (2I' + L)1, we get

(0" —00.60) < 6" — 0 o < o]
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Since the function ¢ is L-smooth, we can use the inequality (24), namely
_ _ L - 2
(8" — 0, vor(6)) < (") —e(6") + 5 He‘” - 9“)“ .

In conclusion we obtain

5 _ o) @ [+® ‘ @]\ < 7 (80 _ p(g®) o L H*f) PG )
(8" —0“.E (5" |0®]) < (8") —e(0W) + 5 [0 =0+ [[s@].
(28)
We aim at obtaining a bound not depending on the virtual iterates. As n~* >
2L > L, Lemma B.4 applies, and the function

g:0—((0)+ %HG—B(”HQ

is (n~! — L)-strongly convex. By definition, this function achieves a minimum

at é(t). Consequently its gradient is 0 at that point and the strong-convexity
gives

_ _ 2 -1_7 _ 2
®Y > (t) LH ) ) n H ) _ (t)H
((6v)=¢(o )+2n9 0|+ T——=6" 8" .
Using this last inequality, Equation (28) becomes
-1 2
5® _ g A<t>‘ ® <_LH*<t>_ w|*_n_—2L H*@)_ @
<9 H,E[g 0}>_ 3|6~ — 6" e
+[[p
1 - 2
S77H19(t)76,(t)H Jer(t)lL
21

since n~! > 2L. Finally, using Lemma B.2 leads to

2

11z 1 2 2
3 [67 =00 = o [lnv s (0) [ = 2|V, ()"

So far, we have hence proven that
= [R(6) [ 00] < 1y (09) - 3[R (0
Yo 2 { Ol ‘ 9<t>} .
#2000+ L 50
‘We now focus on the third term. The bilinearity of the scalar product gives
E “‘5(0”2 ’ 9<t>] — o _ |’Veg(9(t))”2+2<E [gm ’9@)] ,vge(0<f>)>

— 0 4 [|Vee(8D) " +2(b, Ver(6D)).
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The Cauchy-Schwarz inequality along with the definition of the bound I" yields
=[5 [ 0] <o 41 +2r]js0].

It follows that

+ MHWH - ;Z;(a“) +12).

Appendix C: Proof of Theorem 4.5

Proposition 4.4. Let {i(t)}ien- and {80 }ien be the associated random se-
quences generated by Algorithm 1. Under Model (2), if Assumption 1 holds, then,
for allt € N,

2
5%) =E { z(t)(g(t)) — Vlogpge (Yi(t))H

d
0| < —M,
} =N

. | Vi
&¢ =E[[E[34,(69) - Viogpeo (Yiw) [ 0.i0)] ||| 0] < *F e,

where M, and Mg are two finite and positive constants given by

12 AQ\F L 250\ OX?
Z Gi - ¢ )’

201/4
ZAﬂ { \/3<1+252A +9§)},

with \; and 3; as in Assumption 1.

Proof. For any t € N, since the individual i(¢) is drawn uniformly independently
of G(t), we have

ag_E{E[ )
1 n

=-Y'E

S 2|

1 ¢ -
= Y Eeviom |5~ Viogpg (Y)I]

i=1

2
— Vlogpgr (Yiw)) H

0", i(t)] ]

2
§£\(ft) -V logpo(t) (Yz(t)) H ‘ O(t)7 Z(t) = Z:|
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and, similarly

) 1< - . .

£g = - Z H]E {sﬁ\(ft) — Vlogpewr (Yir)) ‘ 0 i(t) = z} H
i=1

1 n
:n;’

Consider an individual ¢ € {1,...,n} and a parameter @ € ©. As in [1], the r-th|
central moment, r € N*| of a mesurable function h : R? — R with respect to
the proposal distribution is denoted

Ev,?N(< 0(0) [gfv — Vlogpgw (YZ)] H

my[h] =By, .0) [|M(V) = By, 0) [R(V)]]'] -

We also denote ¢, k € {1,...,d}, the application that returns the k-th compo-
nent of the score, namely for all V € RY

0
o) (V) = 676% log pe (Y3, V)-

For a N-sample (V1,...,Vy) from v;(-;8), the importance sampling estimate
sN(0) = (Sik)1<k<a of the score g;, as defined in Equation (5), can thereby be
written as

1 N
Sikg = —————————— W(Vr V,.).
o ziilpe,xvs),;p”’( oV

According to Theorem 2.3 in [1], we can guarantee control over the bias and
mean squared error of the importance sampling estimate for the k-th component
of the score, k € {1,...,d}, provided that the following quantity is finite

Cuise x(0) =

lﬁ {m2 [rpe,i]

9
+ W\/m4 [Po,i]Eyi(, .0) [ld)k (V)peﬂ(v)‘ﬂ

To prove such a statement, first note that by definition

0 <A, E,, (.0 [|¢k(V)|4} < Bi. (29)

The monotonicity of the expected value thus yields

Ev.(0) [|06(V)poi(V)I']| < ME,, (0 [lon(V)I] <A15;.
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Furthermore, we use that for all r € N*| E[|X — E[X]|"] < 2"E[|X|"] (this is a|
direct consequence of the Minkowski and Jensen inequalities). Then, we have
for all r € N*

mrpe.i] <2"E,,(.9)[pe.i(V)"] < 27N,

2 2 2 (30)
ma(Brpoi] < 4By, o) [|06(V)poi (V)] < ANPE,, o) [l1 (V)]
Finally, the Jensen inequality for the square root function provides that
o) [060VF] <\ B o) [l660VI1] < VR @)

Combining the upper-bounds from Equations (29)—(31) leads to

12)2 /3, { Y 250/\2-}
po(Y;)? po(Yi)?  pe(Yi) )"

Cusg(0) <

Since \; and f3; are all finite constants, and for any @ € R? and any Y; € N,
po(Y;) is positive, it follows that Cysg,x(0) is finite. Consequently, Theorem
2.3 in [1] states that

N o 1
E,ev (. .0) [{Szk - aoklog}?e(Yi)} ] < NCMSE,k(H)v

: 77 \/maloo dma o
Npo (Yz> pe mo pB i m2 kpG )

0
67916 log pe(Y;)

Eon (o) [5ik] =

+ \/CMSE,k(O)]EVi(' 0) [p07i(V)2]},

where ¢ : V = ¢p(V) — E,,(.0) [¢x(U)]. To conclude, we further need to
eliminate the dependence in @ in these upper bounds. For any Y; € NP, the
function @ — pe(Y;) is bounded below by ¢; > 0 on © (Proposition 4.3).
Moreover, combining the argument of Equation (30) with the positivity of the
variance and Equation (31), we have

ma(Brpo] < ANEy, ) [[G1(V)[*] < By, [lon(V)F] < 0X2V/B.

Overall, these last two bounds in addition with Equations (29)—(31) yield the
conclusion, namely

n d 2
_ 1 . 0
0'% = E E E ]EV?N(‘;B) [{sik — 789]@ logpg(Yi)} ]

1=1 k=1
o 12d /\2f 250/\1- %
Z Gi - ¢ )’
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B)
~ 7 Y,
o0, ogpe(Y;)

214, [12A1V5; 250); 9N
ZN@{fMﬁ \/ e \UT7q te

2,1/4 2
ZAﬂ { \/3(1+252A +92;)}.

Theorem 4.5. Let 0 € © be an initial value and 70 € R a user-specified ini-
tial learning rate. Under Model (2), if Assumption 1 holds, then for any T € N*
and any real constant n € (0,1/max{2l, L}], the sequence {8} 1<i<p define
by Algorithm 1 with v = 4o /VT satisfies

T ZE lle1F] < W (5(9(”) — (0"

W o § {an 2 S )

(13)
with L the smoothness constant of £(-), T = supgcel||VL(O)||, constants M, and
Me as defined in Proposition 4.4, and

2

(2Ln + 1)* Ln Y
Ln+1 + ILn+1) "~ ii??.’inSEB” o£(8) +Volozps (Y:

Proof. According to Proposition 4.3, the function ¢ is L-smooth. Using succes-
sively that the square function and the expectation are increasing on R, for
any real constant n > 0, Lemma B.3 yields

2
Ly \? L
slip) < (v gn) (1) B0rmte]

(32)
To elaborate on the upper bound, we aim at using Lemma 4.2. Therefore, we

first need to prove that we have control over the bias £€®) and the mean squared
(t) . .
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holds:

OB |”+ || Vot(69) + Vo log pe (Yie) ||°

)|

[H?m + Vo logpge (Yi

Let bound
n, the

Note that the first term of the right hand side corresponds to E%).
the two remaining terms. According to Proposition 4.1, for all i =1,...,

function

60— Vol (0)+ Vglogpe (Y;)

is continuous on ©, and thereby bounded. Denote

A= max sup Vel (68) + Vg logpe (Yi)] -
i=1,....,n gcO
‘We have

E[[|Vot(6) + Vologp (Yicn) ||” | 6] < A2

Moreover, i(t) being a uniform random variable on {1,...,
the sequence O(t),

n} independent of

E [ 9" + Velogpew (Yiw) . Vel(6") + Valogpgo (Yi) ) ‘ O(t)}
[ [ ) + Velogpew (Yin)) ,Vgﬁ(e(t)) +Vologpew (Yi) >
|: |: e(t ‘ a(t) )] + VO logpg(t> ( ) ng(a( )) + VG Inge
LS B [ 0)] - Vot (%), 01(0) + Selo
1

K2

Providing Assumption 1 holds, the Cauchy-Schwarz inequality along with Propo-
sition 4.4 yields

—2E {(a(t) + Vo logpg (Yi(t)) ,VQK(O(t)) + Vg logpg (Yz(t)) > ’ G(t):|

< ,Z B, 000, [ (6)] = Vo logpgo (Y3) ||| T0£(6) + Vo log pyc
QA\f
s— M

In conclusion, for any ¢t € N*, we have a finite upper bound for the mean squared
error o(*), namely
ng

zAxf

o(t)S%MU+A2 +—(M+

Let ¢t € N*. Due to the bilinearity of the scalar product, the following identity

—2E {<§(t) + Vo logpgw (Yigr) 7V95(9(t)) + Velogpew (Yiq)) > ’ 0

g(t)}

—

) (Y5)




40

Conversely, leveraging Assumption 1 once again, Proposition 4.4 shows that we
have a finite upper bound for the bias £®). Indeed

n n
L= % Y E [—%) ‘ 0", i(t) = z} + % > Velogpgo (Yi)
P i=1
= ZE [ # T Ve logpgo (Yig)) ‘ 0", i(t) = l}
<= Z HE [ )y + Velogpg (Yi)) ‘ 0" i(t) = }H = fls s M.

Consequently, Lemma 4.2 applies for any real constant n € (0, 1/max{2I, L}],

as
n 1 1

< = .
Ln+1~ L+max{2l',L} max{2l'+ L,2L}

After integrating both sides of Equation (11) with respect to 0™ and plugging
in the aforementionned upper bounds, we get

38 7P (0] < [P (0]~ [ (040)

Tn+1

L DI+ 1)Vd

M,
nN ¢
2
7(Ln+1){ 9 d< 2A > 2}
A+ — | M, + —=M ) +T%;.
2n N Nz
Then, summing along the iterations t = 1,...,T yields

iE“VFL 6")) M { a0 (6(1))—]E[FL7%(0(T“))H

N 2(Ln + 1)T\/&ME N y(Ly+1)T {AQ

niN n
d 20A+T
+N{MU+(\};)M5} +F2] .

For """ = arg min g g £(0), according to the definition of the Moreau envelope,
for any 8 € ©
e(eMLE) S F"/(Ln +1) (0) I

and thus,

277 0] < 5 (i 0) -0

N (LnJ;Vl)\/ﬁM£+ (L7Z7+1) [A2

{M M¥+F21
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Combining the last inequality with Equation (32) and using Fn/(LnH)(O(l)) <
(9(1)) since ) € ©, we get for v = vo/VT

e S vt (P OB e
v 2 gy {a s B i .
O

Appendix D: Results on the importance sampling proposal
distribution

Lemma 5.1. Let o € (0,1] and 6 > 1. If foranyi=1,...,n, 0 — pu, () € RY
and 6 — S;(0) € Si, are continuous on ©, then the proposal distributio
defined by

vi(+:0) = GM(; p;(0),8:(0), o, 5) (15)
fulfils Assumption 1.

Proof. Leti e {1,...,n}, a € (0,1] and § > 1.

(A1.1) Each component of a mixture distribution being a non-negative func-
tion, we have for any V € RY and any 6 € R,

pe(Yi, V) <1 pe(Yi,V)
GM(V;1;(0),8:(0), ,0) — a N(V; p;(6), 61,)°
On the compact set ©, there exist real constants K > 0 and 9 (Lemma A.1)
such that
po(Yi, V)
N(V; ll'i(0>7 5Iq)
Using the Cauchy-Schwarz inequality, we get

IV = w(O)7 = IVIP+ ks (O)*~2(11:(6), V) < VI +|1e; ()1 +2] V|| 1:(6)

6 — p,(0) is continuous on the compact set O, and hence bounded, say by us.
It follows that

pe.i(V) =

log

2, 4
< K2V +x7 —7HV||2+ 5 IV = Bi(0)II" + 5 log(d).

2 2
IV =0 < IVI" +ud + 2u,][V].
Consequently, we can derive an upper bound independent of 6, namely
pe(Yi, V)
N(V; p;(0), 01, 20
Providing 0 > 1, the quadratic term in 'V overweight any other terms and the
supremum in V is finite:

1 Y,V
sup  pgi(V)< —  sup Po( ) < 0

, ,

)<exp[(f<® LY v = S VR4 w8 1 2 4 Log(o)]
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(A1.2) Following Equation (22), there is a unique j in {1,...,p} such that

(Y:, W;)

0
50 < (Il + WalD Yl + exp(Zi;) } -
‘We then have,

4

‘ log pe(Yi, Wi)| < (8l1xi|* + 8[IW[|*) {8 Yill* + 8exp(4Z;;)} -

< 64| (lhea | + W)

where B; = (By;,...,Bp;)" and C; = (Cj1,...,Cj,) " stand for the j-th col-
umn and row of B and C, respectively.

Let show that the upper bound admits a finite expectation with respect to
a multivariate Gaussian distribution N (u, S), for any € R? and S € S%_ . To
demonstrate this, we use the following identities. For any w € RY, a straight-
forward rewriting yields

N(w; p, S)exp (4C] w) = N(w; p + 4SC;, S) exp (4C] p+8C; SC;) . (33)

Moreover, we have (see for instance [39])

Exto,1, |IWill'] < ala+2).

Using that
En(u.9) [HWZ»H“} =Env(o,1,) [Hu + S*W;, Hﬂ <8 HM||4+8\|51/2||41EN(Oq,Iq) [||
we get .

Exs) |IWal'] < 81ull" + 8ata +2)]|57|| (34)

Equations (33) and (34) thus lead to
®;(6,p,5) = exp (4C] p+8C; SC;))
=En(u,9) [exp (4C W, )] ,
U,(6, 1, 5) = exp (4C] i+ 8C] SC;) {8 i+ 45C 1" + 8q(q + 2)|| 572 H“}

> B [IIWill* exp (4CT W) |

Therefore, for any € R? and S € S,

0
En(u,9) Uaer log pe (Y, W;)

+ 64 exp(4B;Xi + 40ij)||xi||4<pj(07 My S)

+ 64 exp(4B x; + 4o;) {|Ix[|* + [|W;|[*} exp (4C] W;

4
4
] < 64l {Ixil|* + 8 el + St +2)[| 5

~
<
PN

Wil

+ 64exp(4B;rx; +4045)¥;(0, 11,5).




; ling based. aradi hod. for PLN-PC ,

If @ — p,;(0) and 0 — S;(0) are continuous on ©, the functions

0 — S;(0)7,
0 (1 - a)q)j(ev Ni(0)7 Sz(e)) + O‘q)j(07 N’i(e)v 5Iq)7
0 (1 —)V;(0,1;(0),S:(0)) + aV;(0, 1;(8), 01,),

are also continuous on the compact set © (by a composition argument), and
therefore bounded on O, say by ¢y, ¢ and ¥, respectively. On the other hand,

exp(4B ] x; + 40i;) < exp(d]xil||B; | + 4/lo:)) < exp(4]|x; | Sgglleﬂ +4oil)-

Consequently, with wu, the bound of 8 — p,;(0) on O, for any r € {1,...,d},

0
Em( ;0) U 87(97‘ logpa(Yia W’L)

4
] < 64V [l + S + 8aa +2) {(1 — )t
+ 64 exp(4|x || SlelgHBH + 4log]]) (IIxill* ¢ +

which yields the conclusion. O

Lemma D.1. When considering Model (2), for any individuali = 1,...,n, an
any k € N*, the function

0~ wkpg(dw |Y;)
R4

is continuous on R?.

Proof. Let i € {1,...,n}, k € N*, and © C R? a non-empty bounded and open
set. For any w € R? and 0 € O, the Bayes rule yields

po(Yi | wi)N (w;04,1,)
po(Y;) ’

Given w € R?, 0 — po(Y; | W) is continuous on O, and 8 — pe(Y;) is
continuous and positive on © (see Proposition 4.1 and its proof). This proves
the continuity of @ — w*pg(w | Y;) on ©.

Additionally, Lemma A.1 and Proposition 4.3 state that there are real con-
stants K2 > 0, k9, and ¢; > 0, such that for any 6 € ©

po(w | Yi) =

k Y. <M K© 1 2 o _ 99,002
[wpotw | Y0)| < B exp KO wil = 5wl? + 52— Jlog(em) 1

The upper bound is Lebesgue integrable on RY and independent of 8 € ©.
Consequently, the dominated convergence theorem yields the continuity on any
non-empty bounded and open set.

O

+ ad*}]

Ua) s
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Appendix E: Simulation study
E.1. Note on Rprop updates

Rprop assigns an individual learning rate to each parameter, which is adjusted
based on the gradient. Formally, given A = I and (ny,7_) = (1.2,0.5), Rprop

updates correspond to
o(t+1) _ g(t) _ ADG®),

with A%} =0 for j #k, j,k=1,...,d and

40 _ {n+A§fk1) if ’g\,(:) has same sign than §,(th1)
Jk

, k=1,...,d
n,A,(flgl) else
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