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Abstract

We consider the problem of state estimation in general state-space models using varia-
tional inference. For a generic variational family defined using the same backward decom-
position as the actual joint smoothing distribution, we establish under mixing assumptions
that the variational approximation of expectations of additive state functionals induces
an error which grows at most linearly in the number of observations. This guarantee is
consistent with the known upper bounds for the approximation of smoothing distributions
using standard Monte Carlo methods. We illustrate our theoretical result with state-of-the
art variational solutions based both on the backward parameterization and on alternatives
using forward decompositions. This numerical study proposes guidelines for variational
inference based on neural networks in state-space models.

Keywords: Variational inference, State-space models, Smoothing, Backward decomposi-
tion, State inference

1. Introduction

When generative data models involve so-called hidden or latent states, providing statistical
estimates of the latter given observed data - also known as state inference - is the cornerstone
of many machine learning algorithms (Dempster et al., 1977; Kingma and Welling, 2014).
Traditional models usually introduce low-dimensional states having directly interpretable
meaning, while benefiting from accurate inference via exact or consistent Monte Carlo
methods. In contrast, modern latent-data machine learning models are rooted in the so-
called manifold hypothesis which views high dimensional data as originating from hidden
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representations in an unknown space and via a complex nonlinear mapping. In the context
of unsupervised representation learning, state inference is a goal in itself. Due to the
intricacy and dimensionality of the inverse problems involved, most of these works resort
to a combination of deep neural networks (DNNs) and variational approximations which
allow tractable inference and serve as a principled proxy for maximum likelihood estimation
(MLE) (Higgins et al., 2017; Locatello et al., 2020).

The particular case of dependent data is of special importance as it guarantees iden-
tifiability results (Khemakhem et al., 2020), especially in the sequential setting (Gassiat
et al., 2020; Héilva et al., 2021). This in turn renews interest in a more solid theoretical
understanding of the behaviour of sequential variational methods. In this work, we focus
on the case where the true generative model is assumed to be a state-space model (SSM).
In the general SSM litterature, theoretical analysis of the conditional distribution of the
states given the observations - commonly referred to as the smoothing distribution - has
been extensively conducted to derive efficient estimation algorithms with good convergence
properties. Among these works, a keystone in sequential inference is the computation of
expected values of additive state functionals under the smoothing distribution, known as
additive smoothing (Cappé et al. (2005), Chap. 4), and more precisely the control of the
additive smoothing error when the target expectations are approximated. Theoretical guar-
antees have been provided when the approximation is performed using a surrogate of the
true smoothing distribution provided by Sequential Monte Carlo (SMC) methods (Douc
et al., 2011; Dubarry and Le Corff, 2013; Olsson et al., 2017; Gloaguen et al., 2022). In
addition, in Gloaguen et al. (2022), a control has also been derived when the smoothed
expectations are computed under a biased joint distribution of the hidden states and the
observations.

In contrast, sequential variational methods rely on tractable approximations of the
smoothing distribution to compute these expectations. In the sequential context, a salient
aspect of these approaches is the parameterization of the approximations which is mostly
left as an implementation choice, despite the existing dependencies in the generative model.
Some works introduce structured variational families by considering a variational smooth-
ing distribution which is a product of approximate filtering distributions (e.g. Marino et al.
(2018)). In this setting, the posterior dependencies are therefore misspecified. Recently,
Bayer et al. (2021) highlighted the detrimental impact of misspecifyng dependencies on ob-
servations in the sequential setting. From a slightly different point of view, in the literature
of message passing, some authors do not focus on an explicit form for the variational poste-
rior, but rather propose a variational approximation of the distributions used in the classical
forward-backward recursions for state space models (Johnson et al., 2016; Lin et al., 2018),
leading to a fully conjugated framework giving promising results. In Krishnan et al. (2017),
the authors specify a structured variational posterior satisfying the actual dependencies of
the true smoothing distributions using a forward factorization, where a bi-directional re-
current neural network (RNN) is used to cover all temporal dependencies of the forward
factorization. More recently, Campbell et al. (2021) proposed a new variational family
which uses another factorization of the smoothing distributions, the backward factorization.
This factorization has the appealing property of involving a product of distributions of la-
tent variables that do not depend on future observations. We focus on the latter which
we view as the most theoretically grounded given the SSM litterature, as well as the most
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computationally appealing. Indeed, it is the only structured variational posterior satisfying
the dependencies of the actual smoothing distribution, but which is also prone to online
state estimation and parameter learning.

In this paper, we establish upper bounds for the error of the variational approximation
of additive smoothing in state-space-models (see in particular Proposition 1 and Proposi-
tion 3), when the target expectations are approximated by expectations under a variational
distribution satisfying the backward factorization of Campbell et al. (2021). The backward
factorization of the variational posterior allows the decomposition of the global error into a
sum of terms that can be controlled. To the best of our knowledge, these are the first theo-
retical results providing upper bounds on the state estimation error when using the latter,
or in fact any variational posterior approximation (mean field or involving dependencies)
in state-space models. This result is obtained in the context of a fixed sized sequence of
observations, but leads to open questions in the context of online learning.

These theoretical results are empirically validated with various numerical experiments
which also explore several choices of variational kernels. We consider linear and Gaussian
state spaces to illustrate the linear growth as the ground truth can be computed in this case.
We also use the backward variational approach in the case of nonlinear emission densities
and compare it to sequential Monte Carlo smoothers and other state-of-the-art variational
estimators. We finally explore the impact of the backward parametrization with nonlinear
hidden dynamics and non-Gaussian observation noise in the framework proposed by Zhao
et al. (2022).

In Section 2, we present the general background for SSMs and variational estimation
using backward decompositions. In Section 3, we prove that, in the case of strongly mixing
state hidden Markov models, the variational estimation error of smoothed additive func-
tional grows at most linearly with the number of observations. As a by-product, we also
obtain an upper-bound which is uniform in time for the estimation error of the marginal
smoothing expectations. In Section 4, we illustrate our theoretical results using a variety
of numerical implementations for backward variational smoothing distributions, which we
then illustrate for different generative models.

2. Background

Notations. Let © C R? be a parameter space and consider a state-space model depending
on # € © where the hidden Markov chain in R? is denoted by (Xk)k>0- The distribution of
X has density x? with respect to the Lebesgue measure y and for all k > 0, the conditional
distribution of Xy, given Xg.; has density mz (Xk, ), where ay., is a short-hand notation
for (ay,...,a,) for 0 < u < v and any sequence (ag)r>o. In SSMs, it is assumed that this
state is partially observed through an observation process (Y%)o<k<n taking values in R™.
The observations Yj., are assumed to be independent conditionally on Xj., and, for all
0 < k < n, the distribution of Y} given Xj., depends on X only and has density gz (Xk, )
with respect to the Lebesgue measure.

In the following, for any measure v on a measurable space (X, X) and any measurable
function h on X, write vh = [ h(z)v(dz). In addition, for any measurable spaces (X, X) and
(Y,)), any measure v on (X, X), any kernel K : (X,)) — Ry and any measurable function
h on X x Y, write Kh : © + [ h(z,y)K(z,dy) and vKh = [ h(z,y)v(dz)K (z,dy). For
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simplicity, if for all z € X, K(z,-) has a density k(zx,-) with respect to a reference measure
v, we write kh :  — [ h(z,y)K(z,dy) = [ h(z,y)k(z,y)r(dy). Let also 1 be the constant
function which equals 1 on R%.

2.1 Latent data models and additive state functionals

In this context, for any 0 < k; < ko < n the joint smoothing distribution qﬁgl:,@ is the

conditional law of X, .x, given Yp.,. For any function A from R&*(n+1) 6 RY. we define its
smoothed expectation when the model is parameterized by 6 as:

¢g:nh =E’ [h (XO:n) |}/0:n] (1)
n—1
= L, (Yon) ™" /h(wo;n)x‘)(xo)gg(mo%) 11 ¢ wri)m(dzon)
k=0

where!
éi(xk,:ckﬂ) = mZ(l’ka$k+1)gz+1($k+1,Yk+1)
and LY (Yp.,) is the likelihood of the observations:

n—1

L2 Yon) = [ X (ao)ab a0 Yo) [T hCens s (o) 2)
k=0

In the context of state-space models, additive state functionals are functions hg., from
R (+1) to RY satisfying:

n—1

hom © Tom > D (T, Tps) 3)
k=0

where hy, : R x R* — R9. Such functions are of great importance in many learning
tasks. For instance, when 6 is known, marginal state inference often boils down to esti-
mate E?[Xy|Yp.,] which corresponds to fzk(a:k7:ck+1) = x5, and }NL[(.'L’@,.T[+1) =0 for ¢ # k.
When 6 is unknown, the MLE can be obtained through an Expectation Maximization (EM)
algorithm. This algorithm relies on the computation of the intermediate quantity

n—1

> log 6 (X, Xps1)
=0

0 — Q(Q, 9/) = ]E(}/ Yo

)

which is another additive smoothing example where hy (), 541) = log fz (Tk, Tk11). As an
alternative to EM, batch and recursive MLE (RMLE) methods express

n—1

> Volog (Xk, Xpp1)
k=0

VologLl? = E’ Yon

via Fisher’s identity under some regularity conditions (see Cappé et al. (2005), Chap. 10),
in which case hg(zg, xx+1) = Vo 10g€2($k,$k+1).

1. Note that the dependence of £2 on Yi41 is omitted in the notation for better clarity.
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The challenge of computing (1) is twofold, i) the smoothing distribution is generally
intractable, ii) under this distribution, expectations are also intractable. A classical ap-
proach is to learn both the distribution and expectations using Markov chain or sequential
Monte Carlo methods, (see Chopin et al., 2020, Chapter 12, for a recent review of SMC
methods). In the case of additive functionals, more recent generic estimators based on SMC
have been designed (Mastrototaro et al., 2022; Martin et al., 2023), and their theoretical
properties (consistency, asymptotic variance and normality) have been studied (Gloaguen
et al., 2022). However, Monte Carlo methods show limitations when the dimension d of
the latent space is large, and alternatives using variational inference are appealing and
computationally efficient solutions.

2.2 Variational inference for sequential data

In variational approaches, instead of designing Monte Carlo estimators of ¢8:nh (or of the
conditional distribution of the states given the observations), the conditional law d)gm of
Xo.n given Y., is approximated by choosing a candidate in a parametric family {g},, }reA,
referred to as the wariational family, where A is a parameter set. Parameters are then
learned by maximizing the evidence lower bound (ELBO) defined as:

(% (%
pO:n(XOITHYbin)] / pO;n(xO:’na}/bl’n,) A
LON) =E |log—"5——| = [ log—=—"5—q0:n(T0:n) t(dz0:,) , 4
( ) 90in q()]\:n(XO:n) qa‘;n(l'O:n) 0 (20:n) 1u( ) (4)

where pgzn is the joint probability density function of (Xo.,,, Y0.r,) when the model is parametrized
by 6. A critical point therefore lies in the form of the variational family. Motivated by the
sequential nature of the data, most works impose further structure on the variational family
via a factorized decomposition of q()\m over xo., (Johnson et al., 2016; Krishnan et al., 2017;
Lin et al., 2018; Marino et al., 2018). Here, the natural strategy is to reintroduce part or

all of the conditional independence properties of the true generative model.

2.3 Backward factorization of the smoothing distribution

Under the true model, the filtering distribution at time k is defined as the distribution
of X given Yj.r, with density w.r.t the Lebesgue measure denoted by qbz. One known
factorization of gbgm exists by further introducing the so-called backward kernels, that is, for
each 0 < k < n — 1, the conditional distribution of X}, given (X1, Yo.x) whose density is
proportional to xj +— mi(:ck, $k+1)¢z (zk). A key result for SSMs is that, conditionally on
the observations, the reverse-time process (X, —r)o<k<n iS an inhomogeneous Markov chain
whose initial distribution is the filtering distribution at n, and whose transition kernels are
precisely the backward kernels. This allows the following backward factorization:

xn ﬁ mk 1 xk hxk)d)k 1(3% 1)

fmk (@ xk)¢k (@) p(dz) .

¢8:n(m0 "l -

Since each backward kernel at time k£ only depends on observations up to time k, a major
practical advantage of this decomposition is to allow recursive estimation of the smoothing
distributions: when a new observation Yj;; is processed, obtaining ¢8:k 41 only amounts
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to computing ¢Z 41 and the associated backward kernel, while previous terms in the prod-
uct stay fixed. Recently, Campbell et al. (2021) proposed a related variational family by
introducing

n
o (T0:n) = @ (0 qu 16 (ks Th-1) (5)

where ¢ (resp. q,i‘_”k(xk,-)) are user-chosen p.d.f. whose parameters typically would
depend on Yp., (resp. Yp.x). Under (5), the ELBO (4) becomes an expectation of an
additive functional.

3. A control on backward variational additive smoothing

3.1 Assumption and main result

For all z, € R? and 6 € O, define LY (2, -) the kernel with density ¢{(zy, ) with respect to
the Lebesgue measure:

L) (zk, dgt1) = mip(Th, Trt1) ghsr (Trs1, Vir1) p(daps1) -

For additive functionals as in (3), the error between the target expectation ¢8;nh01n and its
approximation qé\thm can be upper bounded by controlling the bias in the estimation of
LZ by the approximated model, see for instance Gloaguen et al., 2022. In the context of
this paper, as the true model is defined by the forward distributions of X given X;_1, and
the variational approximation is defined by the backward distributions of X3 1 given X,
we reformulate the discrepancy between the true model and the variational one as follows.

For all Sequences of probability densities {Qk}ogkgrhl with respect to p, with the

condition §, = ¢ with ¢) defined in (5), let f/,i‘_l:k and qgi_lzk be the distributions on
(R? x R, B(RY x R?)) defined, for all bounded measurable functions 2 on R? x R?, by

Vp_1ih = Grgp_ b = /fik($k)q1;\1|k(fck,$k1)h($k1,xk)u(d$k1, dzy)

3 b= Gr—1LY |k _ o1 ()00 (21, k) h(Tp_1, 1)
—1: QkflLZ—ln ‘qu*l(uk;l)EZ—l(ukflaUk)ﬂ(dukfl,duk)

pu(dxg_q,dxy) .

The discrepancy between these sequences of joint distributions is then defined with:

0) = |[do—of]| . andforalk>1 &(0.3) = |¢f_rk — R

tv ’ (6)

where ||-|,, is the total variation norm, and for all bounded measurable function h, ¢fh =
99%h/x%gf1. Note that for k > 1, &(6,)\) depends on both G and G 1.

H1 There exist constants 0 < 0_ < 04 < oo such that for all k € N, § € O, A € A and
(xkaxk-i-l) € Rd X Rda
o < Bz, Thep1) < 04
and
< qyaq( ) <
0— = Q|kg+1\Tk+1,Tk) = O+
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Proposition 1 Assume that H1 holds. Then, for alln € N, § € ©, A € A, and all additive
functionals ho., as in (3), and all probability densities G, 0 < k < n—1, with the condition
~ A
q’fb = qn)

‘qa;nhosn—%nhoﬂ < 2 ZHth

k
X (50(9)+ P E(0,0) + G (6,)) + Z pm (0,0

\_/

with p=1—o0_/o, where o_ and o4 are defined in H1, and ¢y(0) and ¢, (0,\), 1 < m <
are defined in (6).

Proof The proof is postponed to Appendix A. |

Marginal smoothing distributions are also of utmost importance as they appear in many
applications for state estimation problems. These marginal smoothing expectations can be
obtained as special cases of expectations of additive functionals, i.e. cases where ﬁj =0 for
all j # ky, for some 0 < ke <n — 1.

Corollary 2 Assume that H1 holds. Then, for alln € N, 1<k, <n—1,0€ 0, A€ A, all
bounded measurable functions hy,, on RYxR?, and all probability densities G, 0 < k < n—1,
with the condition G, = q)\,

hy,

*

‘q())\:nﬁk* - d)g:nﬁk*} < 23_1- ‘

k
éo(0 k=mtle (0, A
Y RS SRR

+Crr1(0, N) + Z PR e ( 9)\)>,

m=k+2

with hy, : o — b, (Tk, , Tho41), p=1—0_ /oy, where o_ and o are defined in H1, and
¢o(0) and én(0, 1), 1 < m < n are defined in (6).

Note that if there exists ¢4 such that for all 0 € ©, A € A, 0 < m < n, ¢,(0,\) < ci(0,N),

by Corollary 2
p
0N (1+—
uto.) (1412 )

so that the marginal smoothing errors are uniformly bounded in time.
Proof The proof is postponed to Appendix A. |

_ _ o ~
|q(/)\:nhk* - ()bg:nhk* < 4_+ Hhk*
o_ 00

For all 1 < k < n, let bz 1k be the backward kernel at time k, defined for all bounded

measurable functions h on R? and all z;, € R?, by

Jmg (@1, 2) 9] (wp—1)h(zg—1)p(deg 1)
S m_y (@, 21)9f_y () p(d) '

b2—1|kh(xk) =

7
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When the backward variational kernel is a sharp approximation of the true backward kernel,
Proposition 3 provides an explicit control of the smoothing error.

Proposition 3 Assume HI holds. Letn € N, § € ©, A € A. Assume that there existse > 0
such that an ¢9Ht e and for all1 < k < n, z;, € R?, (xg,-) — bz_”k(:vk, )Ht <

e. Then, for all additive functionals ho., as in (3),

n—1
A 0 (o N p ~
|q0:nh01n - ¢O:nh0:n| < 4—0_ (1 + 2—1 — p) kg_o ”thoo €

where p = 1 — o_/o4, with o_ and oy defined in H1. Therefore, in the case where
SUPo<k<n_1||Pklloc <M for some M > 0, there exists ¢ > 0 such that

‘qa;nhO:n - (bg:nhO:n‘ <cne.

Proof The proof amounts to applying Proposition 1 with for all 0 <k < n—1, ¢, = qﬁz.

o &(0) = qu—fﬁoHtv—O as Go = ¢{-
e Foralll<m<n-—1,
em(0,0) = |4 — ).
m\Y» m—1m Vm—1:m v ’
L, 1 |
Y Vi 0 A
< ¢m7 - ¢ m—1|m + H¢ m—1m — ¢mqm—l|m ¢ <€,
m 1 v

where the first term in last inequality is zero as qﬁfn_lLfn_l /% (L9 1 and qﬁfnbfn 1m

are both equal to the probability density of (X,,—1, X;,) given Y{.,, under the law of
the state-space model parameterized by 6.

e The last term is upper-bounded as follows:

En(97A): d)n 1m — Y ;L\ 1n

)

tv

. ‘jn—lLfL—l A

= T—qnqn 1n s
dn—1 nfl .
¢h_1Ly_

N

(9
n 1n — ¢nqn—1|n "

] 7] d)n n—1|n
¢n71Ln 1 |

tv

(PN A A
+ H¢nqn_1|n - qnqn_unHW <2,

where the first term in last inequality is zero as ¢¢ | LZ | /¢f L% |1 and ¢2p’ n—1n

are both equal to the probability density of (X,_1,X,) given Y., under the law of
the state-space model parameterized by 6.
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Remark 4 By Proposition 1, if there exist hoo and ci such that for all 0 < k < n —1,
|hilloo < hoo and for all® € ©, X € A, 0 <m < n, ¢,(0,\) < cy(0,\) then

|q(/)\:nh02n - ng:nh():n' < 4Z—+ (1 + Tpp) C+(9, /\)hoon . (7)

Remark 5 Proposition 1 provides a criterion for assessing the sharpness of a variational
approzimation for (bg:n. Indeed, for such approrimation, write

n—1 k
Cint(M,0) = inf > <50(0)+ > PP e (0.0) + G (0, 0) + Z PR LE L (0 A)) .

(@ro<rzn = m—1 m=k+2

Then, if there exists hoo such that for all 0 < k < n —1, ||hi|lec < oo, by Proposition 1,
we have: o
|q(>)\:nh0:n - ¢8:nh0:n‘ < 2G—+Cinf(‘97 /\)hoo (8)

Although difficult to compute in practice, this criterion might be the focus of future research.
An open question here is whether the optimal sequence (Gx)o<k<n 1S given by the sequence
of true marginal smoothing distributions.

3.2 Comments on Proposition 1 and H1

Proposition 1 provides an upper-bound for the smoothing error for additive functionals
which is linear in the number of observations. The sharpness of this bound depends on our
ability to find a sequence of distributions (Gk)g<p<,_1, S0 that each ¢ (6, ), i.e., the total
variation distance between (zj_1,zk) — (jk(xk)q,i‘_” 4 (Tx, vx—1) and the probability density
proportional to (xg_1,zk) — (jk_l(mk_l)fzfl(a:k_l,xk), is small.

First, it is worth noting that if ¢ is the true filtering distribution at time n and (ql,i‘_1| k=1
are the true backward distributions, then the unique sequence (i )x>1 achieving ¢ (6, ) = 0
for all k£ is the sequence of true filtering distributions.

However, in generic cases (i.e. non linear gaussian cases), this joint minimization over
this sequence of distributions appears to be an open challenge. In Section 4.2, we discuss
empirically how the backward qg‘_” i (Tr, Tx_1) can be parameterized by the user, depending

on the form of ¢ | (zy_1, 7)) (see the experiments related to the results of Figure 2a).

Obtaining theoretical guarantees on the variational approximations remains of course
an open problem but we believe that Proposition 1 provides a first result in this direction.

About H1. This assumption is rather strong, but typically satisfied in models where
the state space is compact. This assumption is classic in the SMC literature in order to
obtain quantitative bounds for errors or variance of estimators in the context of smoothing,
(see Douc et al., 2011; Dubarry and Le Corff, 2013; Olsson et al., 2017; Gloaguen et al.,
2022. It is worth noting that in the context of approximating the filtering distributions,
weaker assumptions exist (see Chigansky and Liptser, 2004; Douc et al., 2009), but the
extension of these results to the smoothing context remains an open challenge.
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Data set: We use ”data set” rather than ”dataset”. d by the filtering recursions, from
which the backward kernels are derived. In contrast, a recursion for (q,i‘)kzo is neither a
priori defined by the factorization 5 nor easily derived from it. Suppose however that we
want to recursively build (q()\:k) k>0 with observations (Yj)g>0.

4. Numerical experiments

We now present some practical examples of implementations of the backward variational
factorization on which we validate our theoretical results.

4.1 Linear Gaussian SSMs

A first interesting case is when the variational family contains the true model. This is
in particular possible when the latter is a linear and Gaussian SSM, i.e. when x? (resp.
mé(Xy,-) and gY(Xy,-)) are densities of Gaussian distributions with mean Ay (resp. AXj
and BX}) and variance Qg (resp. @ and R), such that § = (Ag, Qo, A, Q, B, R). If we define
a similar ”mirror” model described with another set of parameters A = (A, Qo, 4, Q, B, R),
we can choose ¢, ~ N (iin, X) where (1, %,) are provided by the Kalman filtering recur-
sions, and gy (2, Tr—1) ~ N(Ap_1p@r + bp_1jps Zp-1jp) where (Ag_ 1k, Op—1jks Sr-1js)
are obtained through Kalman smoothing steps. In this case, qé‘m is of the same form as ¢8m
and ¢, = qﬁgzt when A = 6.

When the latter case is reached, Section 3.2 shows that ¢, (6, \) = 0 for all k, suggesting
that the additive error vanishes. In this section, we study the case where the parameter 6 is
known, d = 5 and A is trained on a set of sequences of n = 50 observations. The evolution of
the ELBO is given in Figure la. In Figure 1b, we depict the controlled term of Proposition 1
in the case of state estimation, i.e. for hg., : To.n — ZZ:O xk. This evaluation is performed
on J = 50 evaluation sequences (Yoj;n)lgjg g of length n = 500 sampled from the generative
model. Each plot clearly illustrates the linear dependency on the number of observations.
We also find that the error rates can vary greatly between parameters A\; # Az, even when
|£(0,\1)—L(0, A\2)| is small. This is observed by computing the errors for different stopping
points of the optimization. Additionally, for a given )\, slopes vary across sequences, which
highlights the dependency of (ci (6, A))o<k<n on the observations.

In the appendix, we provide more implementation details, as well as additional figures
for the errors on the marginal distributions.

4.2 Nonlinear SSMs

The primary motivation to use variational inference is when ¢8:n cannot be computed
analytically, which generally happens when the generative model contains nonlinearities
and/or non-Gaussian noises. In this case - contrary to the previous section - there is no
obvious choice for the form of the kernels in ¢f,, and many options exist to balance the
amount of approximation with the computational complexity. In the next subsections, we
revisit some of the literature on sequential variational inference in the backward context to
illustrate our theoretical result.

10
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(b) |@0:nhoim — D8 hoin | for i (@g, Try1) = 1. The solid lines display the mean over the 50 indepen-
dent replicates, the transparent filling is the standard deviation, shaded lines are the all sequences.
Values are normalized by the state-space dimension.

Figure 1: ELBO during the training of A (left). Additive smoothing error for a linear
Gaussian variational model at successive stopping points of the optimization on
50 different sequences (right)
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4.2.1 NONLINEARITY IN THE EMISSION DISTRIBUTION

We first consider a generative model where the prior distribution and transition kernels are
still linear, but g{(Xp, -) is the Gaussian probability density with mean d?(X}) and variance
R, d’ being a nonlinear mapping commonly referred to as the decoder. In this setting, Hilvi
et al. (2021) showed for the first time that no assumptions are required on d? for identifiable
state estimation. In particular d? need not to be an injective mapping and therefore we use
an unconstrained and arbitrary multi layer perceptron (MLP).

In this context, Halvé et al. (2021) obtained promising results via a parameterization
of the factors in g, which relies entirely on Gaussian conjugation and can be analytically
marginalized, therefore allowing fast inference. A central element of their approximation is
the idea from Johnson et al. (2016), which consists in mapping each observation yy, to a set of
valid natural parameters (kg, IIx) for some Gaussian distribution, using an encoder network
r* such that (ky, ;) = r*(yx). By defining (as in Section 4.1) some additional parameters
(Ao, Qo, A, Q) for kernels xy, m2 (i.e. similar to the generative model but parameterized by
) the authors design gy, using forward-backward recursions (see (Cappé et al., 2005, section
3.2.1)) where the forward and backward variables are updated analytically by Gaussian
conjugation with the exponential factors xy e<rk(y’“)’w(x’“)>, ta(zr) = (zg, z12)] ) being
the set of sufficient statistics for a Gaussian distribution in xj. This algorithm is a special
form of two-filter smoothing, which is rather rooted in the alternate forward decomposition
of the joint smoothing distribution, that is ¢}, (z0.n) = ¢} (z0) [Tr—] q,i‘|k_1(xk_1, xy) where
each factor depends on the entire sequence of observations yg., and is built using the so-
called backward wvariables (which are non-normalized quantities distinct to the backward
kernels). However, the core idea can be reframed under the backward factorisation very
easily by defining a sequence of distributions (q,;\)kgn which are updated from q,)c‘_1 to q,;\
via:

o G (k) = qu_l [m} (-, 21)] similarly to a Kalman predict step

o N = r’\(yk)—i-ﬁ,’c\ where 7, and 7, are the natural parameters of q,;\ and (j,;\, respectively.

and by defining the backward kernels with qg‘_nk(ack, Tp—1) X q,i‘_l(:ck_l)mg(xk_l, xr), such
that their parameters are derived analytically at each time step from 7;_1 and the param-
eters of mp. We refer to the models of Johnson et al. (2016) as the Conjugate Forward
variational model and to the backward adaptation as the Conjugate Backward model.

These solutions are computationally very efficient because they allow closed-form up-
dates of the factors with DNN-predicted encodings which are already Gaussian parameters.
Under the backward factorization, more general implementations are possible that still al-
low analytical marginalisation by keeping the factors in (5) conjugated. For example, one
may use a recurrent neural network which updates an internal state (si)g<, from which the
backward kernels and the terminal distribution and built analytically via an intermediate
linear-Gaussian kernel mg as before, e.g.

o sp = RNN*(s,_1,9%) and ¢} ~ N (g, Sx) where (ug, Ox) = MLPA (sy)

. qg‘_llk(xk,xk,l) o< q,i‘_l(a:k,l)mi(xk,l,xk) from which parameters of q,i‘_llk are de-
rived analytically.

12
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We implement such version with a Gated Recurrent Unit (GRU) for the RNN, and refer
to it as the GRU Backward implementation.

In the nonlinear setting, since the true smoothing distribution ¢8:n has no analytic form,
we use the particle-based Forward Filtering Backward Simulation (FFBSi) algorithm as a
surrogate for this ground truth. The FFBSi outputs trajectories approximately sampled
from the true target smoothing distributions using sequential importance sampling and
resampling steps. This algorithm is also based on a forward-backward decomposition of the
smoothing distributions (see Douc et al., 2014, Chapter 11, for details). We choose the case
d = 10, where a high number of particles for the FFBSi (10000 for the bootstrap filtering,
2000 for the backward smoothing) to consider it as a proper ground truth.

We compare the additive error with respect to the FFBSi (i.e. the left hand term of
equation (7)) for ho., : Towm — Y _p_o k). In appendix, we report the quality of the FFBSi
estimator in the form of the sample mean and variance of its error against the true states,
which establishes the error made by the oracle reference estimator considered as ground
truth.

In Figure 2a, we plot the evolution of the additive error against this oracle. As predicted
by our theoretical result, all backward methods have a linear dependency in the number of
observations n. Interestingly, we observe that the Conjugate Forward model also shares this
property, which suggests that our main theoretical result is also valid for other factorizations.
However, while the two-filter formulation brings similar results using the same amount of
parameters, it is much less convenient computationally because it requires to compute the
entire sequence of backward variables for any new observation.

One hidden aspect of the fully conjugate models is that the natural parameters given by
™ (yx) implicitly model the distribution of x, given y; (unconditionnally on the dynamics),
yet this distribution is likely to admit several modes (especially if d is strongly injective on
some portions of the support). We observe a slight performance gain for the GRU Backward
model in this context. In this model, the parameters of the intermediate distributions q,’c\
are updated without any intermediate Gaussian approximation which might explain the
better performance.

In Figure 2b, we provide the marginal errors over time in the same setting. The results
coincide with the time-uniform bound presented in Corollary 2.

4.2.2 NONLINEAR HIDDEN DYNAMICS WITH A NON-(GAUSSIAN OBSERVATION NOISE

We now consider a model introduced in Zhao et al. (2022), where m{ (zj_1, -) is the density of

N (21 + 6 [yW tanh(zy_1) — 2x-1] /7, Q) and g} is the density of a Student-t distribution
with mean zj, v degrees of freedom and scale R. We start by reproducing this chaotic
recurrent neural network setting as in Campbell et al. (2021), Section 5.2. That is, we
fit the parameter A on a given sequence ¥g., and we evaluate the performance on the
same sequence. To assess the variability of the performance, we train and evaluate on
J = 50 sequences (y(()f,,)l)lgjg 7, each drawn from a different model with parameter (), on
which we learn a different variational parameter A7), In Figure 4, we plot the evolution
of the error with d = 5 and n = 500 for both the Conjugate Forward and Conjugate
Backward models together with the state-of-the-art online backward smoother of Campbell
et al. (2021). Once again, all models show a linear dependency on the observations, which

13
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5| — Conjugate Backward
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(a) Smoothing errors |q6\mh0m — ¢8:nh0:n| for hy, (zk, k1) = x. The thick solid lines display the
mean over the 10 independent replicates for both approaches, shaded lines are single sequences.

Model
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(b) Marginal errors (|, hiL, — 0. bk, )m<n, ie. for h*(zp, Thi1) = Txlg—m. The thick solid
lines display the mean over the 10 independent replicates for both approaches, the filling is the
standard deviation

Figure 2: Additive and marginal errors in the setting of section 4.2.1 where qﬁg:n is obtained
by the FFBSi algorithm. All values are normalized by the dimension of the state
space. Experiments are produced on 10 independent sequences.
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Figure 3: Additive (top) and marginal (bottom) errors against FFBSi estimates on the
chaotic data with the Conjugate Backward model on three types of function-
als, from left to right: (i) hi(zr—1,2x) = ||oglln (1) he(zp_1,21) = oz (i)
hk(xk_l, xk) = x%_lxk.

supports our main theoretical claim. In Figure 3, we provide a more thorough analysis of
the additive smoothing performance on other moments for the Conjugate Backward model
by generating more sequences under a single f and training for more epochs. Again, in this
case, the estimates obtain using the FFBSi considered are considered as ground truth. For
all moments, we observe the linearity of the additive smoothing error and the uniform bound
on the marginal error. We also observe the dependency of ||h||o through the increased
slopes and higher error values for the additive and marginal errors, respectively.

This experiment also highlights an interesting aspect on the impact of the parameteriza-
tion choices. In the previous sections, training was performed on multiple sequences of fixed
length, therefore multiple learning signals are available to learn the terminal distribution
¢ (i.e. terminal observations of the sequences in the training set). In the setting of this
section, on the contrary, only one data point is available at n. For the offline setting, we
therefore do not expect the distributions q,i‘ to be good terminal laws of the subsequences
(Y0:k ) k<n under (5). Indeed, except for k = n, the parameters of these distributions only ap-
pear indirectly during optimization (via their relationship with the backward kernels) when
optimization of the joint ELBO is performed at a fixed length n. In contrast, the solution
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Figure 4: ‘qé‘:nho;n — ¢>8:nh0m‘ for Bk(xk,wk_l’_]_) = x} in the setting of section 4.2.2. The
solid lines display the mean over the 5 independent replicates which are shown in
shaded lines.

of Campbell et al. (2021) explicitly performs gradient-descent on a new set of parameters
AL at each timestep such that q,i‘ = q,;\k is always a good terminal law for yg.x. Interest-
ingly, the results for the Conjugate Forward and Conjugate Backward models - which do
not have such regularisation - are only slightly worse than the state-of-the-art, albeit at
a much lighter computational cost. Indeed, in practice, Figure 4 is obtained simply by
using the distributions q,)c‘ as terminal laws for k < n. This suggests that the associated
parameterizations may provide good variational filtering distributions through the laws q,i‘
as a byproduct of the smoothing objective qé‘:n with no additional regularisation. In section
5.3, we discuss more extensively the link between our theoretical results and the choice of
parameterizations for the variational kernels.

On the contrary, the GRU Backward model has a different behaviour. In Figure 5, the
dotted blue curve shows that a good approximation of qé‘:n is obtained by fitting on yg.n,
however the associated parameter A does not provide a good approximation of (q()\:k)kn.
If we instead learn A by computing the gradient of the ELBO for increasingly large subse-
quences (Yo.x)k<n - i.e. mimicking the training scheme of Campbell et al. (2021) - we obtain
a different type of approximation, which is suitable for £ < n, even though this additional
constraint results in slightly worse performance for £ = n. In this case, the results are
comparable with those of Campbell et al. (2021).
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Figure 5: ‘qé‘:nho;n - ¢8:nh0:n| for flk(xk,xk+1) = x5, when training the GRU Backward
model in two different ways, alongside the solution of Campbell et al. (2021)
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5. Discussion

We have provided the first bound on the additive smoothing error in the context of sequential
variational inference using a backward factorization. We have empirically presented cases
to illustrate these results. We have also shown that some existing ideas from litterature
on message passing or conjugate graphical models can be reframed to be used under the
backward factorization. We believe that our theoretical result sheds light on important
properties of sequential variational methods and provides perspectives for future research
which we detail in this section.

5.1 Assumptions

The proposed strong mixing assumptions are classical to obtain theoretical guarantees in
nonlinear smoothing problems. Weaker assumptions have been proposed in the literature
to control filtering distributions. Although these results cannot be extended to smoothing
distributions easily, obtaining similar upper bounds as in our contribution with weaker
assumptions is an interesting perspective for future works. Our numerical experiments do
not restrict to models satisfying these assumptions, suggesting that some relaxations of
these classical hypothesis should be investigated.

5.2 Additional theoretical guarantees

e Recently, Tang and Yang (2021) proposed a general theoretical framework for an-
alyzing the excess risk associated with empirical Bayes variational Auto Encoders,
covering both parametric and nonparametric cases. The authors study the statistical
properties of the VAE estimator using M-estimation theory. In our context of time
series, extending the M-estimation theory requires to first analyze the asymptotic be-
havior of the ELBO. We believe this is another appealing property of the backward
decomposition of the variational family, as in this case thee ELBO writes

log 95 1|s( S 1’X5)
qs 1|5(Xs—1aXs) ’

1 1 n
L0 = Lo+ 1y [10 ¢’q€ } ZEqAn

n n

where ¢y, is the filtering distribution at time n, (b978_1|8)1333n are the backward
kernels of the true model and ¢,(0) is the loglikelihood of the observations. Using
this decomposition and additional assumptions, the limiting behavior of the ELBO
can be derived to extend the results of Tang and Yang (2021) to state-space models.
However, this requires to obtain the asymptotic behavior of various terms which relies
on many technicalities and this is therefore left for future work.

In addition, the backward factorization offers a suitable framework (combined with
strong mixing assumptions and regularity conditions on the state-space model) to
satisfy Condition A of Tang and Yang (2021). In an offline learning setting, with
fixed n, this provides an interesting perspective to control the total variation distance
between the true distribution of the observations and

n

N
1 .
Yo:n '_>/ <N § Q())\:n(ZO:n|y(Z)n > H Zlmyk dZOnv
i=1
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where yé:n, 1 < i < N, are i.i.d. sequences with distribution parameterized by 6.
These extensions are the focus on the ongoing work Gassiat and Le Corff (2023).

e The linear growth with the number of observations matches the results obtained when
the true smoothing distributions are replaced by ”skewed” or Monte Carlo estimators.
Indeed, using for instance (Gloaguen et al., 2022, Theorem 4.10), we can show that
even if the smoothing expectation is computed under the true model but not with the
true parameter, the estimation error of the smoothing expectation grows linearly in
the number of observations:

}¢gjnh01n - ¢8:nh0:n‘ < 0(9/, 9)71 .

Therefore, even if the variational family contains the true model, if the minimization
of the ELBO does not recover the true parameter, we recover the upper bound linear
in the number of observations.

e Obtaining lower bounds for the estimation error of joint smoothing expectation is an
open problem, especially in a variational inference framework. This is also an open
problem in variational inference for state-space models. We believe that it also relies
on important theoretical results which have not been developed yet for the analysis
of variational inference of state space models.

5.3 Variational kernels parameterization

We do not provide constructive assumptions on the variational model, i.e. further works
may provide more explicitly the form of the optimal variational factors when the variational
kernels belong to a parametric family. Obtaining specific conditions on the variational
kernels to optimize the upper bound in Proposition 3 is also an open problem. This leaves a
lot of room for implementation choices, even when restricted to the backward factorization.
As we did however explore several implementations, we now discuss qualitatively their
possible impact on performance and the link with our theoretical results.

Amortization. In Section 3, we deliberately do not specify explicitly what A is. In the
offline setting with sequences of fixed length n, our results hold in these two cases.

e A= ()Ao,...,\,) is directly the set of all parameters of the kernels, where A\ denotes
the parameters of the variational terms involved at k (e.g the parameters for the k-th
backward kernel, and for k = n, the parameters of the terminal distribution qé) This
corresponds to non-amortized inference.

e )\ is the global (temporally-shared) parameter of a function f* which itself outputs
the (local) parameters of the variational kernels from observations, i.e. f(yon) =
(A,...,An). This is usually referred to as amortized inference.

One example of non-amortized setting is the implementation of Campbell et al. (2021),
while both the Conjugate Backward, Conjugate Forward, GRU Backward are amortized
implementations. While experiments all show the linear behaviour of the additive error,
some elements may be discussed with respect to the assumptions involved in the theoretical
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results. In particular, in Proposition 3, the sharpness of the bound on the additive error
is linear in e, where € is an upper bound for the error between the variational kernels
and their counterparts under the true model. As such, minimizing these local distances
with a small ¢ is key to obtaining a low additive error. In the non-amortized scenario, the
parameters of the kernels can be individually tuned during minimization of the joint ELBO
and independently of each other. Intuitively, this leaves the highest flexibility to minimize
local distances ||g)" — ¢? ||t and Hqg‘fl o (Trs ) —bg_”k(a:k, Ity for all k < n, x5, € RY, under
chosen parameteric families for these kernels. One perspective of this work that remains is
to analyse quantitatively how these two types of implementation differ in terms of the local
distances recalled above, which is not direct since such distances are not readily available
explicitely.

Recursions for parameters of the variational kernels.  Under the true model, re-
cursions exist that relate the filtering distributions and the backward kernels explicitly, and
approximating these recursions is at the core of sequential Bayesian inference algorithms.
One question that remains in our study of backward variational methods is whether repro-
ducing similar recursions to build the variational kernels leads to better practical solutions.
Again, our results hold irrespective of the dependencies between the parameters of the
variational kernels, but experimentally we explored many scenarios. In that respect, ex-
periments of Section 4.2.2 are somehow informative. Indeed, we observe, for example, that
the Conjugate Backward exhibits the linear additive behaviour for any k£ < n when using
the (q,’c\)kgn to build the terminal distributions, even when trained on a sequence of fixed
length n. Contrarily, the GRU Backward does not. In the former implementation, de-
noting ¥y : xj — el v @) one has, for all k < n, qp o< ¥ [ mpgy , and q;c\_”k x
qp_,m3, which is similar to the true model where ¢f(-) oc ¢?(-) [ m{(z_1,)¢%_,(dz)_1)
and bzfuk(xk’ Jocdf_(-)ym{ (-, k). On the contrary, for the GRU Backward, no such link
can be made.

Relating the distributions {q}}x<, with implementation choices.  The previous
discussion is tightly linked to the practical existence and meaning of distributions q,i‘ for
k < n in the offline setting that we studied. Indeed, the theoretical study only prescribes
implementing explicitly a term for kK = n. The proof of Proposition 3 suggests that when this
terminal distribution qf; is the last term of a sequence (q,i‘) k<n Where qjg\ = qbz for kK < n, then
it only remains to have the variational backward kernels closest to the true ones to reduce
the additive smoothing error. However it is unclear whether this is the optimal scenario
in the sense of Proposition 1, i.e. the discrepancies ¢ may be lower for some sequence
(Gk)k<n which is not an approximation of the sequence of true filtering distributions, and
an implementation of this optimum might not yield - as is the case for some of our models
- good approximations of the latter as a byproduct.

Nonetheless, coincidentally, standard implementations of the backward factorization us-
ing DNNs involve recursions on some running quantity (i.e. the RNN states (s;)r>0 in the
GRU Backward case). In the offline setting, the parameters of ¢, are obtained as a trans-
formation of such quantity applied at k = n only. In practice, the latter transformation can
always be applied for k < n to yield a sequence of distributions (q,’e\) k<n from which qé is the
terminal term. Therefore, intermediate distributions appear naturally both when deriving
the theoretical bound of Proposition 1 and in efficient implementations. An interesting
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perspective of this work would be to more clearly relate these aspects, which are currently
distinct. In the general case, this falls back on the mathematical problem of computing the
infimum over {(j,)c‘}k<n to gain insight on which sequence should be implemented in prac-
tice. Another approach would be to derive a result under the additional assumption that
q,;\_l‘ p X q,)c‘_lml;amec for all £ < n, given some sequence (q,’c\)kgn which is implemented in
practice - and which explicitly affects the overally joint distribution qé‘:t through the back-
ward kernels - as is the case in the Conjugate Backward implementation. While this would
yield less general theoretical results, it is more approachable mathematically, as one may
adapt the proof of Proposition 1 to this setting.
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Appendix A. Proofs of the main results
A.1 Proof of Proposition 1
Following Gloaguen et al. (2022), write

n—1

qO n ¢0 mlin — Z (qg\nﬁkln - ¢8nﬁk|n> ) (9)

k=0

where, for each k € {0,n — 1}, i_zk‘n is defined on (R%)"*! by

Ek|n X fNLk(xk,karl) . (10)
Define, for each n € N and m € {0,n}, the kernel

n—1

Lfn,n(xIO:m’ dzomn) == 616% (dzo:m) H L?(:L‘g, dzgi1) (11)

l=m

on (RN x B((RY)™+1), with the convention [[}=! f(¢) = 1 . We have the following
decomposition:

n
A7 0

q0: hk - ¢ : hk - 1l i

0:n'tk|n 0:n'Yk|n Z qo:ngl’n]l (]0:771—1]:‘70;1—1,71]1

m=1

<(j():ngl,n}_lk|n (jO:m—lLfn_Ln}_an)

qoLg,nEMn ngng,n}_lkm

doLf, 1 xgfLy 1

where for all 1 <m < n, Go.m = Gm [ [y q,i‘ 1k Go:0 = o, and since x gng hk|n/XeggL87n]l =

¢8;nﬁk|n For each n € N, define Cog(wo,dxo n) 1= 0 (dzo) H?:OI LY (x4, dzey1) and for
m € {1,n},

[,ﬁ‘,fn(:c’m,dxom) i= 0pr (dm) H Q1 (o1, dz) H LY (g, dzy), (12)
= l=m
on R? x B((R?)"*1). As for all m € {1,n} and measurable function A, Go.mLS, ,h =
~ A0
Qmﬁn{,nha

- - _ - - - - P
qOIngz,nhldn B QO:m—lLfn—l,nhkm . Qmﬁ)\ﬂ hk|n Qm—lﬁm—l,nhk\n
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Therefore,
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By Lemma 6,

Q’OL&nEMn ¢8L8,nﬁk|n

QL1 HLG,1

~ O+ 7
<2|do— 08| ZEllell -
tv 00—

Consider now the error term at time m > 0 in (13). Define the kernel

m—2 n—1
Lot @y @y d0:n) = 00 (Axm1) [] @lera(@ers, dwe)da, (dam) [] L2 (e, daera),
=0 l=m
(14)
on (R4)? x B((R)"*1) so that for all 2,1, ., € RY,
A AT Ly, .1 if kb <m—2
L Gn—gfm—1 - - Dl Pk (@m—1) L p L(2m) - if ke <m =2,
‘szi,gnhkln(xm—la Im) = hk(l'n}fla mm)Le ( m) ifk=m-—1,
LY o hi(2m) if k>m.
Then, write
~ P - AN T ~ AN0 T
QmE hk\n _ Qm—l‘Cm’_thldn . quz\l 1|m‘cm ”hk|n _ Qm—ngn_lﬁi\r{,@nhkm
G301 Gm—1L) 1 1 Gm Lol Gm-1L 1 1
Let 1 <m <n and x¥,_; and z}, be arbitrary elements in R%. For k # m — 1, define
0T Em?nﬁk\n(xmfla Tm) Z?ﬁ?nﬁkln(m;—lv )
Ly h'k:|n(xm 1, ) = A0 Y n ) (15)
Eﬁi,n]l(xm—hxm) £77177n]1(xm—17x:rz)
_ E?é%enﬁk\n(xm—luxm) B Z;\ri,enﬁkm(x:qfl)x:n)
Li o1 (@m) Linl(z,)

and for k =m — 1, L hk|n(:cm 1, Tm) = hk(xm 1,Tm). By Lemma 7, n

N7
mon Pgn||  ca
[e.o]

be upper bounded and note that

SR A - A0 3

~ A0 ~ A0
qmﬁnz,n]l Qm—lﬁni_lynll

~ A0T A0T
quz_l‘m {‘C* hk\nﬁ ]l} Gm— 1Lm 1 {‘C* hk|n£ ]l}
(jmﬁf\rfn]l Qm—lﬁn;_lm]l .
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By definition of the normalized measure ¢, .

~ N0 T . A0 7
qum,nhkm q’m—lﬁm—l,nhk\n

dmﬁm?n]l gm—llc;\rze_l n]l
~ AT A0 7
qmqr)\n—lhn {E* hk|n£ ]l} qu 1m { * hk‘n‘c ]l}
(jm‘cﬁi,en]l ¢m 1: m 7)7\1671]]-
~ A0 A0 7
quzl_”m {E* hk|n } (bm 1:m { L, hk\n[’ ]l}
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Then, using that
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Note also that by H1,
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Therefore,
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)\
Hqsm 1m — V.
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The proof is completed using Lemma 7.

A.2 Proof of Corollary 2

It is enough to introduce the same decomposition as the one used in Proposition 1:

5 PG ~ A0 T
qé\ f_’fk| _¢8 Bk n= i chmnhk*In B qm— 1£m lnhk*|n
n * |1 n * |1 ~ pW]
qm[’ni,n]l Jm— 1£m 1 n

qoLO,nFLk*UL ng(e)Lg,nE'kJn

GoL§ 1 XPgoL .1

Each term is then controlled similarly as in the proof of Proposition 1. By Lemma 6,

qoLg,n}_lk* [n ¢8Lg,nﬁk*|n

QLo 1 HLG,1

0' ~
< 260(9)0__+’|hk”oo -

On the other hand, the error term at time m > 0 is upper bounded by

~ a0 T - A0 7
qm‘c’m,nhkln qm—lﬁm—l,nh’ﬂn

~ A0 ~ A0
Qm£rri,n]1 Gm—1L 7_1,n]1

<27 ¢, (6,\) Hc*“’hk|n
o_ [e’e]

The proof is completed using Lemma 7.

Appendix B. Technical results
Lemma 6 Assume that H1 holds. Then for all, 0 € ©, A € A, n > 1, k € {0,n — 1},

bounded and measurable function ﬁk,

oL Pk Xagng,nf_bmn

WLf, 1 xPgfLy,1

o= 98| ZElrloo

where i_zk|n is defined in (10).
Proof Consider the following decomposition of the first term:

QLY nhign X 9L bk Q0L nlhin  SOLOn kin

oL 1 XPgLd 1 oL, 1 PILs 1
oL Pk — BOLG Pk
B (ioL&n]l
SOLY s P0G 1 — GoL 1
PHLG 1 GoL§ 1 ’
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where ng the filtering distribution at time 0, i.e the law defined as qﬁgh = Xaggh/ X()gg . Note
that

(IoLg,anm - ¢8L8,nﬁk|n
qoL§ 1

v oL, 1

8,5 Ll oo 1P oo
v GoLg,1

< HQO —¢f

< HQO — ¢

and, using that d)ng’nf_Lkm/qﬁng’n]l < ||f_Lk|nHoo,
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prr7 par v el el (L M ey
Then,
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GoL{ 1 SLoLL | Ul GoL{ , 1

By H1, for all 29 € R,

L, a0) = [ toa(oo,mn)n(don)Ll, ) < o [ o)L, 1(o1)
and
WLt = [ dldeo)toplan, (o)L 1) > o- [ (o)L 1)

which yields
QOLg,nth ¢8Lg,nhk|n

QLo 1 AfLG, 1

~ O+ 1
<2do— ¢ ZElhuloo
tv 0—

Lemma 7 Assume that H1 holds. Then for allm € N, 0 € ©, A € A, m € {l,n},

ke{0,n—1}, Tm_1,Tm, 251,25, in RY, bounded and measurable function hy,

i 1hklloop™ 72 if k <m—2,
£:ﬁf\ﬁ0hk|n($m—lv$m) < ||}}kHoo ifk=m—1,
il if k>

where p=1—o0_/o4 and Bk|n is defined in (10) and ,Ci,f‘ﬁeﬁkm is defined in (15).

Proof The proof is adapted from (Gloaguen et al., 2022, Lemma D.3) and given here for
completeness. Assume first that k¥ < m — 2. Then,

N0 -
£ni,nhk|n(xm—1axm) q)\ q)\ il (:L‘ )
= ol 1 e k 1

ng n]l(l'm) m—2|m—1 k|k+1 m
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Therefore,

FAO T ANO T . .
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By H1, the Dobrushin coefficient of the variational backward kernels is upper-bounded by
1 —o0_/o4 so that
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where the forward kernel len is given by
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kernels F; 9| are also upper-bounded by 1 — o_ /0. On the other hand
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which concludes the proof.
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Figure 6: Smoothing errors ‘qé‘:nhOm —¢8;nh0:n‘ for hy, (g, Tk+1) = xk at n = 500, when ¢8:n
is given via Kalman smoothing with the true parameters 6 and qé‘m is given via
Kalman smoothing with parameters A selected at epochs 110,140 and 170. Each
plot is generated from the J = 50 sequences (Y{,,)1<j< drawn from P’

Appendix C. Experimental details
C.1 Hardware configuration

We ran all experiments on a machine with the following specifications.
e CPUs: 4x Intel(R) Xeon(R) Gold 6154 (total 72 cores, 144 threads).

e RAM: 260 Go.

C.2 Linear Gaussian models

We provide here additional figures for the experiments of Section 4.1. Figure 6 shows the
accuracy of the optimal Kalman smoothing (with true parameters 8) w.r.t the true states,
as well as the numerical values for the smoothing errors at the three stopping points of
the optimization. We also provide examples of smoothed states for the fully fitted models
against the ground truth Kalman smoother which uses the true parameters 6.

C.3 Nonlinear models

Here we provide additional details on the experiments of section 4.2.
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Figure 7:
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Example of smoothed states when the dimension of the state space is 5 and the
observations is 5. Left column: component-wise (from top to bottom) smoothed
states with true parameters 6. Right column: same thing with learnt parameters
A. The dashed fillings are the 95% confidence intervals. The horizontal axis is

the time axis.
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Figure 8: Smoothing errors ‘hO:n(xEk);n) — qﬁgmho;n‘ for ﬁk(a;k,ka) = xy, where z{),, is the
true sequence of hidden states and qbgm is obtained by the FFBsi algorithm. All
values are normalized by the dimension of the state space. Experiments are
produced on 10 independent sequences. The thick solid lines display the mean
over the 10 independent replicates for both approaches, shaded lines are single

sequences.
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e For the nonlinear emission function d? of the data model, we used a single-layer
perceptron with a ReLLU activation function (which induces non-injectivty on some
portions of the support).

e For the Conjugate Forward and Conjugate Backward methods, the encoder r is a

multi-layer perceptron (MLP) and a tanh activation function. The activation function
is not applied to the output layer to ensure that the values can exceed values outside
the range [—1, 1], being natural parameters of Gaussian distributions. The output of
the network is split into two natural parameters 7; and 79, the latter being constrained
to strictly negative values by applying the softplus function z — —log(1l + €*). We
use Xavier initialization for the matrix parameters, and random normal initialisation
for the bias parameters.

e For GRU Backward model, H” is a Deep GRU as implemented in the Haiku library
from the JAX ecosystem.

For the experiments of section 4.2, we use small networks with two hidden layers of size
8 (both for r* and the GRU in the corresponding models). For the experiments of section
4.2.2, we use configurations similar to that of Campbell et al. (2021) for fair comparison,
i.e. neural networks with a single hidden layer of size 100.

In Figure 8, we plot the evolution of the additive error of the FFBSi oracle against the
true states.
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