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Abstract

In this paper, we consider the filtering and smoothing recursions in nonparametric finite state space hidden Markov
models (HMMs) when the parameters of the model are unknown and replaced by estimators. We provide an explicit
and time uniform control of the filtering and smoothing errors in total variation norm as a function of the parameter
estimation errors. We prove that the risk for the filtering and smoothing errors may be uniformly upper bounded
by the L'-risk of the estimators. It has been proved very recently that statistical inference for finite state space
nonparametric HMMs is possible. We study how the recent spectral methods developed in the parametric setting may
be extended to the nonparametric framework and we give explicit upper bounds for the L2-risk of the nonparametric
spectral estimators. In the case where the observation space is compact, this provides explicit rates for the filtering
and smoothing errors in total variation norm. The performance of the spectral method is assessed with simulated data
for both the estimation of the (nonparametric) conditional distribution of the observations and the estimation of the
marginal smoothing distributions.
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1 Introduction

Hidden Markov models are popular dynamical models applied in a variety of applications such as economics, ge-
nomics, signal processing and image analysis, ecology, environment, speech recognition, see [14] for a recent overview
of HMMs. Finite state space HMMs are stochastic processes (X, Y;),;>1 such that (X;),>1 is a Markov chain with fi-
nite state space X" and (Y}),>1 are random variables with general state space )V, independent conditionally on (X),>1
and such that for all £ > 1, the conditional distribution of Yy given (X),>1 depends on X, only. The state sequence
X1 := (X3, ,X,,) is only partially observed through the observations Yi.,, := (Y1,---,Y},,). The parameters of
the model are the initial distribution 7w* of the hidden chain, the transition matrix of the hidden chain Q, and the con-
ditional distribution of Y; given X; = z for all possible x € X which are often called emission distributions. In many
applications of finite state space HMMs (e.g. digital communication or speech recognition), it is of utmost importance
to infer the sequence of hidden states. This inference task usually involves the computation of the posterior distribution
of a set of hidden states X..r, 1 < k < k' < n, given the observations Y7.s, 1 < s < n. When the initial distribution
of the hidden chain, its transition matrix and the conditional distribution of the observations are known, computing
posterior distributions can be efficiently done using the forward-backward algorithm described in [6] and [34]. In this
paper, we focus on the estimation of the filtering distributions (X}, = |Y7.;) and marginal smoothing distributions
P(Xy = z|Y1.,) forall 1 < k < n when the parameters of the HMM are unknown and replaced by estimators. These
approximations of the posterior distributions are for instance required to compute expectations of additive functionals
of the hidden states given the whole set of observations Y7.,, which appear in popular maximum likelihood inference
procedures. In the case of large data sets, online variants of the Expectation Maximization (EM) algorithm which
update parameter estimates as new observations are received have been proposed, [7, 8, 24]. The convergence of such
online algorithms remains an open problem despite some empirical evidence highlighted in these papers. Alternatives
based on the decomposition of the observations into non overlapping blocks with convergence results easier to prove
have been proposed to overcome this difficulty, [27]. We believe that the results given in this paper could be useful to
establish convergence properties of such online procedures since they rely on the control of the smoothing error when
the posterior distributions are computed with the current estimate of the parameter. The aim of our paper is twofold.

- The paper analyzes the propagation of the parameter estimation error to the estimation of filtering and smoothing
distributions. Providing explicit bounds for filtering and smoothing distributions under modeling uncertainties (in our
case when the parameters are replaced by estimators) is an important step for real world online learning applications,
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see for instance [38] for Simultaneous Localization and Mapping problems, [4] for target tracking problems or [35]
for other applications in engineering, telecommunications... The ability to monitor and control such dynamic systems
depends on the accuracy of the estimation of the true state of the process which may be obtained using filtering or
smoothing distributions. Providing explicit bounds for filtering and smoothing errors allow to tune the algorithms to
obtain a given accuracy for the parameter estimates and the required control of the posterior distributions to optimize
state estimation. Although replacing parameters by their estimators to compute posterior distributions and infer
the hidden states is usual in applications, there are very few theoretical results to support this practice regarding the
accuracy of the estimated posterior distributions. We are only aware of [18] whose results are restricted to the filtering
distribution in a parametric setting. When the parameters of the HMM are known, the forward-backward algorithm
can be extended to general state space HMMs (or to finite state space HMMSs when the cardinality of & is too large)
using computational methods such as Sequential Monte Carlo methods (SMC), see [11, 15] for a review of these
methods. In this context, the Forward Filtering Backward Smoothing [25, 23, 16] and Forward Filtering Backward
Simulation [21] algorithms have been intensively studied, with the objective of quantifying the error made when the
filtering and marginal smoothing distributions are replaced by their Monte Carlo approximations. These algorithms
and some extensions have been analyzed theoretically recently, see for instance [12, 13, 17, 32]. SMC methods may
also be used in algorithms when the parameters of the HMM are unknown to perform maximum likelihood parameter
estimation, see [24] for on-line and off-line EM and gradient ascent based algorithms. Part of our analysis of the
filtering and smoothing distributions is based on the same approach as in those papers and requires strong forgetting
properties of HMMs.

- Then, the paper extends spectral methods to a nonparametric setting and provides an explicit control of the L2-risk
of the estimators. Such estimators may then be used in the computation of posterior distributions as surrogates for
the true parameters and emission densities. The upper bounds obtained for the L2-risk of the estimators are useful
since asymptotic properties of estimators for finite state space HMMs have been mainly studied in the parametric
case while nonparametric HMMs are used in a variety of applications with no theoretical results. Many statistical
inference procedures have been proposed for nonparametric HMMs, see for instance [26] for the identification of
climate states (wet and dry), [28] for automatic speech recognition, [41] for Markov chain Monte Carlo methods
to identify mixtures of Dirichlet process with application to the analysis of genomic copy number variation. These
nonparametric methods allow the identification of HMMs without providing any insight on their consistency or rate
of convergence to establish their statistical efficiency. This is only very recently that theoretical results have been
obtained for the inference of nonparametric HMM [10, 29], see also [20] for translation mixture models or [39] for
Bayesian posterior consistency.

In latent variable models such as HMMs, spectral methods are popular since they lead to algorithms that are not
sensitive to a chosen initial estimate. Indeed, standard estimation methods for HMMs are based on the EM algo-
rithm, which possesses intrinsic limitations that are hard to circumvent such as slow convergence and convergence
to suboptimal local extrema. Extending spectral methods to nonparametric HMMs is thus very useful. In particular,
they may be used to provide a preliminary estimator as starting point in a EM algorithm. They are also used in a
refinement procedure proposed in [10]. To the best of our knowledge, the spectral method has not been extended
nor studied yet in the nonparametric framework. We start from the works of Anandkumar, Hsu, Kakade and Zhang
on spectral methods in the parametric setting. Their papers [22, 3] present an efficient algorithm for learning para-
metric HMMs or more generally finitely many linear functionals of the parameters of a HMM. Thus, it is possible
to use spectral methods to estimate the projections of the emission distributions onto nested subspaces of increasing
complexity. Our work brings a new quantitative insight on the tradeoff between sampling size and approximation
complexity for spectral estimators. We provide a nonasymptotic precise upper bound of the risk for the variance term
with respect to the number of observations and the complexity of the approximating subspace.

Section 2 provides an explicit control of the total variation filtering and smoothing errors as a function of the
parameter estimation error, see Propositions 2.1 and 2.2. Application of these preliminary results to the parametric
context are detailed in Theorem 2.3, and to the nonparametric context in Theorem 2.4 where it is proved that the uniform
rate of convergence of the filtering and smoothing errors is driven by the L!-risk of the nonparametric estimator of the
emission distributions. Section 3 describes how spectral methods can be extended to the nonparametric setting and
provides a nonasymptotic control of the variance term in Theorem 3.1. This leads to the asymptotic behavior proved
in Corollary 3.2, which may be invoked when spectral methods are used in the computation of posterior distributions,
see Corollary 3.3. Finally, the results proved in the paper are illustrated in Section 4 with numerical experiments. It is
shown in particular that when the number of observations increases, the errors on the filtering and marginal smoothing
distributions remain bounded which illustrates our theoretical results. All detailed proofs are given in the appendices.
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2 Main results

2.1 Notations and setting

In the sequel, it is assumed that the cardinality K of X is known (for ease of notation, X is set to be {1,..., K}) and
that )V is a subset of R” for a positive integer D. P(X) denotes the space of probability measures on X’ and write
LP the Lebesgue measure on ). For all n > 1 and all x € X, the density of the conditional distribution of Y,, given
X,, = x with respect to £P is written f;*. Consider the following assumptions on the hidden chain.

[H1] a) The transition matrix Q, has full rank.

b) 0" := | Jnin Q. (i,7) > 0.

[H2] The initial distribution 7* := (77, ..., 7} ) is the stationary distribution.
Remark 2.1. Note that under [H1]-b) and [H2], for all k € X, 7}, > 6* > 0.

Remark 2.2. Assumptions [H1]-a) and [H2] appear in spectral methods, see for instance [3, 22], and in identification
of HMMs, see for instance [1, 2, 19]. It is established in [20] that [H1] is sufficient to obtain identifiability of all
parameters and of the number of states K in nonparametric finite translation mixtures from the joint distribution of
two observations. In the special case where K = 2, the assumption is equivalent to require that X1 and X5 are not
independent. [1] detailed the necessity of the full-rank assumption of Q. to identify the model when the emission
densities are all distinct.

For all y € Y, define ¢, (y) by
= min Z Q. (z,2") 5 (y) . ()

reX
z'eX

For all y1., € Y7, the filtering distributions ¢} (-, y1.;) and marginal smoothing distributions ¢z|n(~, Y1.n) may be
computed explicitly for all 1 < k& < n using the forward-backward algorithm of [6]. In the forward pass, the filtering
distributions ¢ are updated recursively using, for all x € X,

™ () fz (y1) * o ZL rcx Q. (2, ) fr (yx)dr_1 (2", y1:k—1)
S () ) M ) = S O ) Fon ()9 @)

Note that for all 1 < k < n, ¢5(z,Y1.x) = P(Xx = 2|Y1.x). In the backward pass, the marginal smoothing
distributions may be updated recursively using, for all z € X,

o1 (1) o= @

¢:7,|n(mvy1:n) = QS:L(xayl:n) and ¢2\n(‘ray1n) = Z Bgz(47y1:k)(x/;x)¢z+1|n(x/vyl:n)7 (3)
z'eX

where, for all u,v € X andall 1 < k < n,

Q*(U? U)QSZ(’U, yl:k)
ZZEX Q*(za U)¢Z(27 yl:k) ’

Note that forall 1 < k < n, qﬁz‘n(x,Yhn) =P(Xk = z|Y1.0).

By (W 0) i=

2.2 Preliminary results

In this paper, the parameters 7, Q, and f* are unknown Then, the recursive equations (2) and (3) may be applied
replacing 7*, Q. and f* by some estimators T, Q and f to obtain approximations of the filtering and smoothing
distributions. Using forgetting properties of the hidden chain, we are able to obtain an upper bound of the filtering
errors and of the marginal smoothing errors involving only the estimation errors of 7*, Q4 and f*. These upper
bounds are given in Propositions 2.1 and 2.2. Their proofs are postponed to Appendix A and B. Note that the upper
bounds are given for any possible values y;.x, £ > 1, and may be applied to the set of observations associated with the
target filtering and smoothing distributions, regardless of the set of observations used to estimate 7*, Q, and f*. Let
Il v - ||2 the Euclidian norm and || - ||z the Frobenius norm. Forall 1 < k < n, 1, and
ng\n denote the approximations of ¢} and ¢Z|n obtained by replacing 7*, Q, and f* by the estimators 7, Q and fin
(2) and (3).
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Proposition 2.1. Assume [H1]-b) and [H2] hold. Then, for all k > 1 and all y.}, € Yk,
167 y1) = Br )l < Cu (574 17" = 7l /6% + Q. = Qll/(57(1 = )
+ Zp H(ye) max | f (ye) f.’c(?ﬁ)‘) ;

where p,, :=1—06%/(1 — %) and C, := 4(1 — 6*)/d*.
The control of the marginal smoothing distribution errors is given by the following result.

Proposition 2.2. Assume [H1]-b) and [H2] hold. Then, for all 1 < k < n and all y;.,, € V",
16310 10) = B t)llew < Cu (570" = Fa/87 4 [1/(1 = ) + 1/(1 - D]IQ. — QlL/o"

) ekl wio N F
+é§_1 PV pe) el (ye) mase | £ (ye) fx(ye)D :
where § := ming, . Qz,2)and p:=1— 5/(1—90).

2.3 Uniform consistency of the posterior distributions

Propositions 2.1 and 2.2 are preliminary results that can be used to understand how estimation errors on the parameters
of the HMM propagate to the filtering and smoothing distributions. Assume that we are given a set of p+n observations
from the hidden Markov model driven by 7*, Q4 and f*. The first p observations are used to produce the estimators
77 Q and f while filtering and smoothing are performed with the last n observations. In other words, the estimators 7,
Q and f are measurable functions of 7., and the objective is to estimate ¢} (-, Yp41:p+%) and ¢k‘n( Ypthiptn)-

2.3.1 Parametric models

In the parametric case, the hidden Markov model depends on a parameter 6, which lies in a subset of R? for a given
q > 1. In this situation, 6, may be estimated by 9 € R7 and we may write 7 := 7?, @ = @z and f = 7 In the
following, for any sequence of real random variables (Z,, ), >0 and any sequence (a,,)»>0 of positive real numbers, the
notation Z,, = Op(ay,) means that (Z,,/a,,)n>0 is bounded in probability i.e. for all ¢ > 0 there exists M > 0 such
that for all n > 0, P(|Z,|/an > M) < e.

Theorem 2.3. Assume [H1] and [H2] hold. Assume also that for all z,x’ € X, 0 — Qq(x, ") is continuously
differentiable with a bounded derivative in the neighborhood of 0, and that for all x € X and ally € Y, 0 — f9(y)
is continuously differentiable in the neighborhood of 0, and such that the norm of its gradient is upper bounded in this

neighborhood by a function h,, such that [ h( y)dLP (y) < +oo. Let 0 be a consistent estimator of 0. Then for any
1<k<n, N —~
||¢2<'7Yp+1:p+k) - ¢k(',yp+1:p+k>||tv = OP(HQ - 9*||2)
and
[19%n (s Yot 1pn) — Bifn (> Yortipn) e = Op(10 — 0. ]2) .

The smoothness assumption in Theorem 2.3 is usual to study the asymptotic distribution of the maximum likelihood
estimator in parametric HMMs. By Theorem 2.3, tlght bounds on the uniform convergence rate of |7 (-, Ypr1:p1k) —

¢k( pt+1ptk) [ev and of [[@F,, (-, Ypi1:p4m) — ¢k|7,( Yt 1:p4n)|lev may be derived by controlling the estimation
error ||9 — 6, |. There exist several results on this error term depending on the algorithm used to obtain f. For instance,

[37] provides explicit upper bounds for this error term in the case where 6 is a recursive maximum likelihood estimator
of 6, under additional assumptions on the model.

Proof. First, under [H1] and [H2], the assumption on 6 — Qg (z, z') implies that 6 wg is continuously differentiable
with a bounded derivative in the neihgborhood of 6,. Note also that SUpPj>1 p’j_l < 1 and SUpy>1 ,5’“_1 < 1. Then,

using a Taylor expansion the first two terms of the upper bound in Propositions 2.1 and 2.2 are Op(||§ — 04||2). There
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just remains to control the last term for each of the upper bound in Propositions 2.1 and 2.2. Using a Taylor expansion,
Cauchy-Schwarz inequality, and Proposition 2.1, for any 1 < k£ < n,

k
165, Yortipr) = O Yorrpan) lov < Op(l6 = ull2) + 118 = 0ull2 D o5~ e (Yore) D ha(Ypre)

=1 reX

As the (Y5) j>1 are stationary with distribution having probability density ) ., 75 fx(y) < c.(y)/0*, the random
variable % 11 PEET (YVpre) Do pe v ha(Yp4e) is nonnegative and has expectation upper bounded by

5*szzfz/ y)ALP (y) < 5*22/ y)ALP (y) < +oo.

zeX reX

Thus, Ze P (Ypqe) Y e v ho(Ype) = Op(1) which ends the proof of the first part of Theorem 2.3. The
result for the smoothing distributions follows the same lines since, for some ¢ > 0 such that p, + ¢ < 1, the event
{p > ps + €} has probability tending to 0 as p tends to infinity when 6 is a consistent estimator of 6. O

2.3.2 Nonparametric models

We first state a general theorem providing a control of the uniform consistency of the posterior distributions depending
on the risk of the nonparametric estimators. This theorem also holds in the parametric context. However, the parametric
literature usually focuses on the properties of the estimators distribution while nonparametric results mostly study the
risk. It is known that hidden Markov model are identifiable up to permutations of the hidden states labels. Therefore,
without loss of generality, the following results are stated indicating the prospective permutation of the states. Let Sx
be the set of permutations of {1, ..., K}. If 7 is a permutation, P, denotes the permutation matrix associated with 7.

Theorem 2.4. Assume [H1]-b) and [H2] hold. Then for all n > 1, for any permutation 7, € Sk,

sup B [l67( Yosrpn) = 07 - Yorrpin) lov]

2,
< S Bl B 00 P, @R+ S - ool
and
300 B {651, Yorpsn) = G0 Yossipn) o
<G {E[||w*—ﬁ%ﬁp||2}+E[||Q B Qe+ 3 E [|f;—ﬁp<w>||1/5}}.

Here, qASkT” and QASIZ"’n are the estimations of ¢}, and (;Szln based on P, Q ]P’Ip, P, 7 and ﬁp(m), forallz € X.

The uniform control provided by Theorem 2.4 depends explicitly on the estimation errors of all the parameters and
is a theoretical guarantee that posterior distributions may be approximated consistently in nonparametric HMMs when
parameters are unknown. This result has also practical consequences. For instance, in the case of online parameter esti-
mation procedures, new parameter estimates are computed on-the-fly as new observations are received. This parameter
estimate is computed using the approximation of the posterior distributions based on previous parameter estimates and
Theorem 2.4 is therefore a first step to analyze the convergence properties of such algorithms (and it may also be used
to tune algorithms to obtain a required accuracy on smoothed expectations approximations).

Theorem 2.4 provides a control driven by the L!-risk of the emission densities. Section 3 introduces a spectral
method to obtain, in the nonparametric context, estimators of the transition matrix, the stationary distribution and the
emission densities. The algorithm is based on projection methods which leads to controls on the L2-risk of the emission
densities. This control may be easily transformed when ) is a compact subset of R”, since in such a case there exists
C(Y) > 0 such that for any square integrable functions h; and ha,

|h1 — hal[1< C(Y)||h1 — hal|2. @
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Note also that very recently other methods have been proposed to control the risk of estimation procedure in nonpara-
metric HMMs. In [10], the authors introduced a penalized least squares estimator and established an oracle inequality
for the L2-risk of the estimation of the law of three consecutive observations and a minimax rate of estimation for the
emission densities. In [20], a nonparametric estimator of the unknown translated density is proposed in finite translation
mixture models for which the authors proved asymptotic rates for the minimax L!-risk.

Proof. Forany x € X andany 1 < ¢ < n,

E {C:l (Yerﬁ)

F2 (V1) = Fry YVpro)|| =B [E [ (Vi)

FrVore) = froo) (YpH)HYLqu” ;

with

E (e ()| £2 0s) = Fryi Bt Wi | = [ [£22) = @) e (hgn(adaz,

where g¢(z) = Zu,l,uex &1 (we—1, Ypi1pre—1)Qu(xe—1,7¢) f},(2). By [H1]-b) and (1), i (2)ge(z) < (1 -
0*)/6* and

E [ (Vo) |£2(Ypre) = oY) [Viprema| < (1= 87182 = Fruwlla/o™-

The result for the filtering distributions is then a consequence of the upper bound of Proposition 2.1. The proof for the
smoothing distributions follows the same steps. O

3 Nonparametric spectral estimation of HMMs

3.1 Description of the spectral method

This section describes a tractable approach to get nonparametric estimators of the emission densities and the transition
matrix. This procedure relies on the estimation of the projections of the emission laws onto nested subspaces of
increasing complexity. This allows to illustrate the uniform consistency result provided in the previous section. Let
(M, )r>1 be an increasing sequence of integers and (Bas, )->1 be a sequence of nested subspaces such that their union
isdense in L2(), LP). Let @51, := {1, ..., @ar, } be an orthonormal basis of 93/, . Note that for all f € L2(Y, LP),

M,
Jim Y (fpm)em = f in L2, LP). )
m=1

Note also that changing M, may change all functions ¢,, 1 < m < M, in the basis ®,,,, which will not be indicated
in the notation for better clarity. We shall also drop the index r and write M instead of M,. The following standard
examples may be considered.

- (Spline) The space of piecewise polynomials of degree less than d,. based on the regular partition with p? regular
pieces on ). In this case, M, = (d, + 1)PpP.

- (Trig.) The space of real trigonometric polynomials on ) with degree less than r. In this case, M, = (2r + 1)%.

- (Wav.) A wavelet basis ®j,, of scale 7 on ), see [31]. In this case, M, = 2(r+1)D

The functions f}3; 1, ..., fi; x denote the projections of the emission densities on the space 3,4, that is, for all z €
X,
M
f]t]m = Z (fz>Pm)Pm-
m=1

Our approach follows the strategy described in [3] to get an estimate of the emission densities. However, the
dependency on the dimension is of crucial importance in the nonparametric framework and it has not been addressed
in [3]. Hence, we present in Theorem C.3 a new quantitative version of the work [3] that accounts for the dimension
M. Moreover, the authors of [3] estimate the transition matrix Q, but they do not give any theoretical guarantees
regarding this estimator. In this paper, we introduce a slightly different estimator that is based on a surrogate 7 (see
Step 8 of Algorithm 1) of the stationary distribution. Our estimator (see Step 9 of Algorithm 1) is then built from the
“observable” operator (rather than its left singular vectors as done in [3]). Eventually, Theorem C.2 provides theoretical
guarantees on our estimator of the transition matrix and its stationary distribution.
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Algorithm 1: Nonparametric spectral estimation of the transition matrix and the emission laws

Data: An observed chain (Y7, ...,Y,12) and a number of hidden states K.

~

Result: Spectral estimators 7, Q and (far,z)eex-

[Step 1] Forall a,b,cin {1,..., M}, consider the following empirical estimators: L (a) := P va(Ys)/p,
1/\\/IM (a, b, C) = i):l ‘Pa(Ys)Wb(Ys-i-l)WC(Ys+2)/pa NM(a, b) = i):l ‘Pa(Ys)Wb(YS-i-l)/p and
Py (a, C) = 5:1 ‘Pa(YS)QOC(YSJrQ)/p'

[Step 2] Let U be the M x K matrix of orthonormal right singular vectors of P M corresponding to its top K
singular values.

[Step 3] Forallb € {1,..., M}, set B(b) := (UTP,U)" 10 My (.,b,.)U.
[Step 4] Set © a (K x K) unitary matrix uniformly drawn and, for all z € X, C(z) := é\il(ﬁ@)(b, z)B(b).

[Step 5] Compute R a (K x K) unit Euclidean norm columns matrix that diagonalizes the matrix 6(1):

R'C(1)R = Diag[(A(1,1),...,A(1,K))].
[Step 6] Forall z,2’ € X, set A(z,2) := (R"*C(2)R)(2/,2’) and O, := UOA.

[Step 7] Consider the estimator (fMJ,)Ie x defined by, for all z € X, fMJ = 2%21 3) M (M, ) pm.

[Step 8] Set 7 := (UTOy) U Ly

. . . . ~ = U L e S |
[Step 9] Consider the transition matrix estimator Q := ITy; ((UTO uDiag[7]) U'NyU(0;,U) ) where
Iy denotes the projection (with respect to the scalar product given by the Frobenius norm) onto the
convex set of transition matrices, and define 7 as the stationary distribution of Q.

The computation of those estimators is particularly simple: it is based on one singular value decomposition, matrix

inversions and one diagonalization. It is proved in Theoremn C.2 and C.3 that, with overwhelming probability, all the
matrix inversions and the diagonalization can be performed safely.

For all (p x q) matrices A with p > ¢, 01(A) > 02(A) > ... > g4(A) > 0 denote the singular values of A and |-||

its operator norm. When A is invertible, let 5(A) := o1 (A)/0,(A) be its condition number. AT is the transpose matrix
of A, A(L,¢") its (¢,¢)th entry, A(., ) its ¢th column and A(k,.) its kth row. When A is a (p x p) diagonalizable
matrix, its eigenvalues are written A1(A) > Aa(A) > ... > A, (A). Forany 1 < ¢ < 400, ||||4 is the usual L¢
norm for vectors. For any row or column vector v, Diag[v] denotes the diagonal matrix with diagonal entries v;. The
following vectors, matrices and tensors are used throughout the paper:

Ly € RM is the projection of the distribution of one observation on the basis ®;: for all a € {1,..., M},
La(a) := E[pa(Y1)] 5

Ny € RM*M g the joint distribution of two consecutive observations: for all (a,b) € {1,..., M}2, Ny (a,b) :=
Elpa(Y1)pp(Y2)] 5

M, € RMXMxM i the joint distribution of three consecutive observations: for all (a,b,¢) € {1,..., M}3,
M (a, b, ¢) = Elpa(Y1)po(Y2)pe(Ys)] ;

O, € RMXK 5 the conditional distribution of one observation on the basis ®;: for all (m,x) € {1,..., M} x X,

OM(m7$) = E[Spm(ylﬂXl = CL'] = <f;7‘pm> ;

Forall z € X, f}, , is the projection of the emission laws on the subspace Pas: , [y, = 2%21 O (m, x)om.
Write £, := (flf/m, ce fIT/IK) ;

Py € RM*M g the joint distribution of (Y7, Y3): forall (a,c) € {1,..., M}2, Py(a,c) := Elpa(Y1)p(Y3)].
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3.2 Variance of the spectral estimators

This section displays results which allow to derive the asymptotic properties of the spectral estimators. The aim of
Theorem 3.1 is to provide an explicit upper bound for the variance term with respect to both p and M. Assumption [H3],
together with [H1]-b) and [H2], is sufficient to obtain identifiability of nonparametric HMMs. More precisely, [19]
proved that if [H3], [H1]-b) and [H2] hold, the model is identifiable from the distribution of 3 consecutive observations.
[1] proved that it is enough to assume that the emission densities are all distinct to prove that the parameters may be
identified. However, [H3] is a necessary condition to apply the spectral method to obtain the nonparametric estimators
of the emission densities, see for instance Lemma C.1.

[H3] The family of emission densities §* := {f7, ..., fx} is linearly independent.
Finally, the following quantity is required to control the L2-risk of the spectral estimators. For any M, define

M

M(@u) = sup Y (0a(y1)en(y2)pe(ys) — pa(yh)on(yh)pe(5)” - (6)
Yy’ eys a,b,c=1

n3(®ar) is the only term of the upper bound of the L2-risk involving M.
In this section, assumption [H1] may be replaced by the following weaker assumption [H1’].

[H1’] a) The transition matrix Q, has full rank.

b) (X,,)n>1 is irreducible and aperiodic.

Note that under [H1’] and [H2], there exists 7. > 0 such that, forall x € X,

min
Ty > Tin - 7

Theorem 3.1 (Spectral estimators). Assume that [H1’] and [H2]-[H3] hold. Assume also that for all x € X, f} €
L2(Y,LP). Then, there exist positive constants u(Q*), C(Q*,T*) and N(Q*,T*) such that for any u > u(Q*),

any 0 € (0,1), any M > Mg+, there exists a permutation Ty; € Sk such that the spectral method estimators fy o,
7 and Q (see Algorithm 1) satisfy, for any p > N(Q*, F*)n3(®ar)?u(—logd)/62, with probability greater than

1—-25—4e™,
) R ey V=108 0 3(Par)
_ <
B e e A

v—1logd n3(Pas)

5 NG Ve,
v—1ogd n3(Par)

5 75 Vu.

Theorem 3.1 provides a control of the L2- risk of the estimators with overwhelming probability. By Theorem 2.4,
the uniform control of the filtering and marginal smoothing distributions requires to upper bound the expectation of
these L2- risks. This may be obtained by slightly modifying Algorithm 1. Following [29], step [4] may be replaced
by sampling uniformly (0,)1<;<, independent unitary matrices with » > 1 and associating with each ©; and each

2 € X a matrix C;(z) defined as C(z) where © is replaced by ©;. Then step [5] provides matrices (R;)1<i<r which

~ ~

|7 = Pry, 2 < C(Q7, §7)

Q" — P, QP [I< C(Q*,5%)

diagonalize (C;(1))1<;<, with eigenvalues (A;(1, z))zex. Then, the new spectral estimator is defined as

M
fzrw,x = Z Onr(m, x)om

m=1

where 6M = ﬁ@ioﬂio, with 1 < ¢y < r maximizing:

Nk, ky) — As(k ko) -

4 — min min
k  ki#ka

Corollary 3.2 establishes an upper bound for the expectation of the L2- risk of this estimator.
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Corollary 3.2. Assume that [H1’] and [H2]-[H3] hold. Assume also that for all x € X, fr € L*(Y,LP) and
| folloo < 4+o00. Let av > 0. Let (rp)p>1 and (My),>1 be sequences of integers growing to infinity and such that
n3(®nr,) = o(y/p/ logp), logp = O(rp) and r, = O(logp). Then,

TESK TEX

B | inf w5V (Fiye 78%) = T o ] = O @1 080/

Here, the expectations are with respect to the observations and to the ry, random unitary matrices drawn at [Step 4] of
Algorithm 1. A similar bound holds for Q and 7.

Proof. Following [30, Theorem 1] a similar control as the one of Theorem 3.1 may be obtained for f M, . In this case,
[30, Theorem 1] shows that there exist positive constants C, xg, 39, My and p; such that for all x > To, Y > Yo
andr > 1, forall M € {m € M; m > My} and all p > p1n2(®ar)x(y + logr)e?/, with probability at least
1—4e ™™ —2e7Y,

Jnf max (S5 = firal3 <Cni(@a)aly +logr)e"/p. ®)

Under the assumptions of Corollary 3.2, it is possible to choose constants to apply the inequality withy = y, = alogp
and z, = O(log p/e,) where (g,),>1 is a sequence of positive numbers such that lim, ¢, = 0. Define

Fr « * 2
Zp = TIGI}SnglEa)}({ | (=p™) V (fM,,,w AP ) = [, 2

and £, the event of probability 1 — 4e~*» — 2e~Y» on which (8) holds for a sufficiently large p and where Lemma ??
holds (the reader may consult Remark F.1 for the appropriate version of the lemma in this framework). Then, noting
that on Ep, P(pZ,1 5, > zpn3(®a,) logp) =0,

p p
E|Z,——L2 | <poP(ES +E{Z }
P03 (@) logp} ( P03 (@) logp
+o0 P
<Ol+/ IP’(Z >x>dx,
( ) 0 Png(q)Mp)logp P
’I'p p
<0()+ IP’(Z 1g Zx)dx,
. @0 "3 (®ar, ) logp
<0(1)
The proof is similar for the other terms. O

Applying Theorem 2.4 and (4) is enough to get the following corollary whose proof is omitted. The first point is an
application of Corollary 3.2 and the second is obtained following the same lines as in the proof of Corollary 3.2. For
all & > 0, Let I1,; be the projection on {f € L2(V, LP); || flleo < K}-

Corollary 3.3. Assume [H1]-[H3] hold. Assume also that for all v € X, fr € L2(V,LP) and ||f}]|cc < Koo
Let (rp)p>1 and (My),>1 be sequences of integers growing to infinity and such that n3(®n,) = o(y/p/logp),
logp = O(rp) and r, = O(logp). For each p, define Q. 7 as the estimators obtained by the spectral algorithm

given in Section 3 with this choice of My, and for all x € X, f Mye = i ( f;}’p »)- Then, there exists a sequence of
permutations T, € Sk such that

{SUPHQ%( Ypt1p+k) = ¢k () p+1p+k)||tv]: (773 ‘I>M )V 1logp/p +Z||fx fM,,,JL )

TeEX

and

E { sSup ||¢k|n( Yoi1. p+n) ¢k\n( Ypr1 p+n)tV} = O(WB((I)MP) logp/p + Z Hf; - fIT/Ip,z”Z)'

1<k<n rEX

In (Spline), (Trig.) and (Wav.), there exists a constant C,, > 0 such that n3(M) < C, M 3/2_ 50 that the uniform rate
of convergence for the posterior probabilities is O(Mp‘g/2 Viegp/p+ 3 ex I fr — fJT/Ip@ ||2)
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Figure 1: Ilustration of Theorem 2.4: worst expected marginal smoothing probabilities obtained with the forward-
backward algorithm (n = 1eb) combined with the spectral method or the least squares method using the projections of
the emission laws on the histogram basis (left hand term in Theorem 2.4) as a function of the estimation error of the
hidden parameters (right hand term in Theorem 2.4), for p = 3e4, 4e4, 5e4, 6e4, 7e4 and 8e4.

4 Experimental results

This section displays several numerical experiments to assess the efficiency of our method. The K = 2 emission laws
are beta distributions with parameters (2, 5) and (4, 3). In all experiments, the transition matrix Q, is

04 0.6
Q.= <0.8 0.2)
and the estimation is based on the observation of a chain (Y)l 1 of length p + n with n varying from 1 to 100,000
and p varying from 30,000 to 80,000. We considered the histogram basis to build our approximation spaces, as defined
in (5). The near minimax adaptive procedure described in [10]—referred to as the least-squares metho
estimation of Q. and of the emission laws. It is based on minimizing the empirical least squares in order to estimate

the emission laws. Using the slope heuristic [5], the selected size of the model is M with M = 13,14,17,19,20 and
22 for p = 3ed, 4ded, Hed, 6e4, Ted and 8e4 respectively. We use these values with the spectral method as well.

The Matlab codes can be found at My CoRe cloud

This section displays four numerical results:

1. The main goal is to illustrate Theorem 2.4. Expectations of the smoothing probabilities are computed taking
the mean value over iter = 20 independent numerical experiments. Figure 1 displays the right hand side of
Theorem 2.4—the worst expected marginal smoothing probability—as a function of the right hand term—the
estimation error of the hidden parameters. It may illustrate an “at most linear” dependence between these two
terms and that their ratio is bounded for small errors on the hidden parameters.

2. Figure 2 illustrates that the worst expectation of the error on the marginal smoothing probability does not explode
when the chain length n goes to infinity. More precisely, the left hand side of Theorem 2.4 has been computed
forn =1,...,100000 based on an estimate of the hidden parameters built from the spectral method or the least
squares method on a chain of length p varying from 30,000 to 80,000. This figure may illustrate that, for small
estimation errors on the hidden parameters—Iarge values of p, the error on the marginal smoothing probability
is small and bounded whatever the chain length is.

3. Figure 3 presents a qualitative illustration of the adaptive estimation of the emission laws. Using a chain of
length p = 60,000, the histogram and trigonometric bases are used as approximation spaces. Once again, the
size M of the approximation space has been set using the least squares method together with the slope heuristic
as in [10]. We found M = 19 for the histogram basis and M = 18 for the trigonometric basis. One may observe
that the least squares method gives a better estimation than the spectral method.

10
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Figure 2: Illustration of Theorem 2.4: worst expected marginal smoothing probabilities obtained with the forward-
backward algorithm combined with the spectral method or the least squares method using projection of the emission
laws on the histogram basis (left hand term in Theorem 2.4) as a function of n = 1, ..., 100 000.
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Figure 3: Estimation of beta distributions with parameters (2, 5) and (4, 3). The projection basis is the histogram basis
(M = 19) on the left and the trigonometric basis (M = 18) on the right.
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Figure 4: Marginal smoothing probabilities obtained with the forward-backward algorithm using projection of the
emission laws on the histogram basis (top) or the trigonometric basis (bottom).

4. Using these hidden parameter estimates, the marginal smoothing probabilities are computed using the forward-
backward algorithm with a chain of length n = 60, 000. The results are presented in Figure 4.
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Conclusion and perspectives

This article focuses on the control of the estimation of the filtering and marginal smoothing distributions in nonpara-
metric hidden Markov models when the parameters are unknown. These posterior distributions are approximated using
the forward-backward algorithm where parameters are replaced by any given estimators. This is the first time an ex-
plicit control of the worst expected filtering and marginal smoothing errors is established as a function of the L'-risk of
the hidden parameters. Numerical experiments assess this result by showing in particular that, for small errors on the
hidden parameters, the error on the filtering and marginal smoothing distributions remains bounded when the number
of observations grows.

In addition, this article introduces a new estimation procedure for nonparametric HMMs based on the spectral
method and establishes upper bounds on its risk. As a byproduct of the spectral method, the algorithm does not suf-
fer from convergence to a local minimum which leads to a reliable procedure to estimate the filtering and marginal
smoothing distributions. From a computational view point, estimating the filtering and marginal smoothing requires a
robust estimator of the hidden parameters and we believe that the spectral method can be efficiently used as such. Per-
formance of this method relies heavily on the conditioning number of the empirical Gram matrix [29] of the emission
densities and, hence, it requires a sufficiently large number of observations. These robustness issues are analyzed in a
recent ongoing work, see [29] for a study of order estimation issues (i.e. selecting the number of hidden states) using
the spectral method and the empirical least squares method. Also, interesting perspectives may include how to adapt
these estimators to different regularities on the emission densities.
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Appendix

A Control of the filtering error - Proof of Proposition 2.1

Let y1., € V™. The aim of this section is to establish that the total variation error between ¢% (-, ¥1.») and its approx-
imations based on Q and f is bounded uniformly in time k. Before stating the main result, we introduce a standard
decomposition of the filtering error ¢j (-, y1:k) — Or(-, y1.)- Forall k > 1, let F;yk be the forward kernel at time k&

and f‘k,yk its approximation, defined, for all v € P(X), as:

Zx/ex Q*(x/a x)f;(yk)y(x/)

) Do amex Qu(@2) f (yi)v (')’
and ) A
B o) iw owrex QUL D) el ()

S aren Qa',x”) fur (yi)v(a’) |

)
Clearly, for all y1., € V" and 2 < k < n. ¢5( y1) = Ff ., &5y (- y1:k—1) and dr (-, y1k) = Fry o1 (- yracr).
The filtering error is usually written as a sum of one step errors. For all k > 2,

O Coyin) — Ol yam) = Fry dh 1 Coyiem1) — Froga e (Y1)

k-1
=3 ApeWer) + Fi oy de-1( v1:6-1) — Frgo b1 y10-1) 5 ©)
=1
with F} qubo &7 (-,y1) and
Ape(yer) =Fp o Fipr g Fly Gem1(oyre—) = Fr g o Fiig ) e(ye)

Let @”I i [Weg1:] and le «[ye:r:] be the backward functions and the forward smoothing transition matrix as defined in [9,
Chapter 3],

Blklyer k] (ze) - Z Q. (e, wes1) fr,, Wer1) -+ Qul@r—1, k) f7, (Y) » (10)

To41:k

B Weri) (@e) Quwe—1, o) £, (ye)
e Bl (@) Qu (@1, @) 2 (e)
In the sequel, the dependency on the observations may be dropped to simplify notations. By [9, Chapter 4], for any

probability distribution v, F} ... F7 v = vy F] FRTIREE F;l i Where vy, o Ba V- Therefore, the filtering error (9) is
given by:

Y

Fz\k [yfzkz] (xg,h l‘g) =

k—1

== (M2|kF1*e+1|k o Fre = BenF 7 - ~F2\k) +Fror-1 — Fror-1, (12)
=1

where '“e|k x ﬁmFg (Z)g 1 and fig)s, o lekqﬁg By [H1]-b), the transition matrix F} fln CAN be lower bounded uniformly

in its first component:
& Blyerinl () 2 (ye)

T 1= Y ex Bl lyerikl (2) 2 (ye)

Fz\k ('rv z )
By [9, Chapter 4], this allows to write,

~ k—¢ ~
HNZ\szHm e — B - - lek”tv < o ke — Hepgllew - (13)

Eq. (13) is the crucial step to obtain the upper bound for the filtering error stated in Proposition 2.1. By (12) and (13),
R k-1 R L
6% — Prllew <D pE" Hu?uc - ﬁeucHtv + HFWH - Fk%ﬂHtv
(=1

14
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Foralll </<k o (h) — ﬁak(h)‘ < T, + T, where

[ Seex Bl ral @h(@) [Fidis (@) — Fefr (@)
. Swer Biplyes 1) (@)F i1 (2) ’

1o | Seex Biplyral @h)E G ()| | Eeex Fiplyerial (@) [Fide-1(@) = Fedea ()]
B erX ﬂak[w-&-l:k](w)ﬁé(&—l(m) Zzex Bak[y@-&-l:k}(x)Fz(Zf—l ()

Both T} and 75 are upper bounded by the same term so that

bl - |57 koo

T < 2||. lloo - | *£|k[y€+1 il

lnfzg)( ﬁglk[y€+1:k]($)

By (10)’ forallz € X, ﬁz‘k[ye+1;k](-r) < (1_6*) sz+1:n, f;k+l (yk+l) . Q*<.’L‘n71, -Tn)f::n (yn) and ﬁz‘k[ye‘l’l:k](x) >

o* Za:m-l;n f;kJrl (yk+1) s Q*(mn—h x”)f;n (yn)’ ShOWiIlg that

1-¢o
6*

IE;be—1 — Fodo—1lev -

T+ Ty < 2h ( ) P33 1 — Pude ]l

Now, for all 2 < ¢ < k and all bounded function & on X, )F;@,l(h) - ﬁ@q?z,l(h)‘ < Ry + Ry, where

o | Berer 0@ [Qu(e )12 () — Qo) () M)
T > Ge—1(@)Qul, 2) f5 (ye) ’
oo ‘zmem 1 (@)Q(, 2) for (ye) ()

S wex G—1(2)Q(@, 2) fur (ye)

S e be1(@) | Qule, @) f2 (o) — Qle,a!) o (v
e v Ge-1(2)Qulr, ') 1 ()

X

Then,

Ry <
z,x'eX

')f;*f(yz)) > Gem1@) [Qula )£ () = Qa2 o ()| )

AN
~—
Sy
L
&
o
>*
&
&

2 (yeo)h(z)

< ( > 601 (2)Qul, m)f;(ye)) > bl ’Q* z2') = Q(z,2)

T,z €X

~

wr (Ye) = for (ye)| P(2") ,

( > G1(2)Qu( m)fi(w)) Y bea(@)Qla, ')

z,x'eX z,x'eX

< Il 1. = Qlle/0*+ () | 20) = oo

where c, is defined in (1). The same upper bound holds for Rs. In the case ¢ = 1,

Therefore, the filtering error is upper bounded as follows:

[Fido -], <ot - ], 2|1 =75t 4 e Gy mag| 22 - Futon)]|

k
* N 1—o" k—/¢ A * —1
_ < _
ok — drlley < 4 ( 5 ) ;:2 P {HQ* Qllp/0* +c; (yg)glea))(c

far(ye) — fx(ye)”

1-—6* _ ~ _
(S5 ) o I = 7l /6 e ) mag

) - £
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B Control of the marginal smoothing error - Proof of Proposition 2.2

Let y1., € Y™. The aim of this section is to establish that the total variation error between ¢2|n('= Y1.n) and its approxi-
mations based on Q and fis bounded uniformly in time k. Before stating the main result, we display the decomposition
of the smoothing error ¢2‘n(-, Y1:n) — kjn (-, Y1:n) depicted in [13] and used in [17] to obtain nonasymptotic upper
bounds for the marginal smoothing error when ¢Z|n(~, Y1.n) is approximated using Sequential Monte Carlo methods.
In the sequel, the dependency on the observations may be dropped to simplify notations. For any bounded function h
on X", ¢Im‘n(h) can be written, forany 1 < /¢ <n

Y oo(LE (5 h)
*. / h — Ma
¢1.n|n( ) ’{zew(LG('y]l))

where 1 is the constant function which equals 1 and, for all 1., € X ¢
Lip(reh) = > ] Q@u-1,20)f, u)h(x1n) - (14)
Tpp1n €X L u=L+1
As for the filtering error, the smoothing error can be decomposed as a telescopic sum of one step errors:
() — & (h) = zn: Gr0e(L7 (5 R)  br—1je—1(Li_q . ( R))
lin|n - %P1 - > T *
" (L (1) breoaje1(Liy (1)

£=2
ALin( ) LR o
(L5, (1) iLi,(,1)

This smoothing error can be written using filtering distributions only by introducing the following backward operators:

L} (xe,h) = Z Bg;,l(xf’x“l) o B;I (z2,21) L7, (T1:0, 1)

Z1:0—1

Lon(ze,h) =Y By, (ze,20-1)... By (z2,21) L], (w10, h),

Z1:0—1
where for all v € P(X), B, is the backward smoothing kernel given by

Q. (2, z)v(z")
Yex Qulzz)r(z)

Then, for all 2 < ¢ < n, the one step error at time £ is given by

_ $1;e|z(LZn(',h)) B 51:ef1|571(L271,n('7h)) _ Ge(Lyn(-,h)) B bo—1(Lo—1n(- D)) .
orage(Ls,(w1)  Gre—tjer Ly, (5 1) Ge(Lom(-1))  Gror(Lim1n(1))

This decomposition allows to obtain the upper bound for the marginal smoothing error stated in Proposition 2.2. The
result is obtained by applying the decompositions (15) and (16) to a bounded function ~ on X™ which depends on zj,
only: for all (x1,...,2,) € X", h(x1,...,2,) = h(zy). The one step error given by (16) is then analyzed separately
wether k > for k < /.

Case k >/

In this case, the function Lj (-, h) defined in (14) depends on z, only. Therefore, Ly (2¢,h) = L, (ze,h) =
L5, (xg, h). Thus, Eg_l_’n(wg_l, h) =% ., ex Qe(@e—1,20) f3,(ye) L7 ,,(we, h) and the one step error given by (16)
becomes

() = PLEnC ) Ger (Ec Q) L2, () (a0 ).
T L) e (e Qulsw) f, (9L (e, 1)

Define the measures ji, and iy on X by:

B (z,2') =

don(h) : (16)

o~

pe(xe) == > Gooa(we-)Qulzemr, w) f2, () and fig(we) =Y Go1(@e1)Qlwe—1,20) fa, (i)

Te_1EX Ty 1E€EX

16
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Then,
te(Ly,, (- h)  pe(Ly
(L, (1) (L

)

By [9, Lemma 4.3.23] and [H1]-b), |6¢,(h)| < p¥=¢(1 — 6*) ||pe/1e(1) — fie/1ie(1)]|;, ||h]loc/6*. Following the
same steps as for the proof of Proposition 2.1 yields

o) — o),

e/ pe() = fie/Tie(D) o, < 201Qu — Qllp/6* +2¢5 (o) max FE(ye) = fulyo)| -

The term $1 (LT,n(v h))/(gl(l’{n(’ 1)) - ¢T(L,1(,n(’ h))/(bT(LT,n(’ 1)) is dealt with SImllarly

Case k < (
In this case, L], (z1.0,h) = h(zg) L], (¢, 1). Therefore,

Lon(meh) = > BA (e, o) - §$1(5627$1)h(33k)£2n($4,]l)7
Z1:0—1
= Z E;,n(xfa]l)g@_l(vaxffl)-"Egk(karlvxk)h(xk)-
LTk:£—1

On the other hand, if v;(z,) := szle qAbg_l(xg_l)Q*(mz_l, ve) fr, (yz)ﬁzn(w, 1),

bo-1(Lo-1n(- ) = Z Vz(xe)é@_l(fw,weq) . "E@ (1, 2x) () -

mk:zexl—k«#l

Define Up(z¢) := (Eg(w)ﬁzn(x@, =3, cx ag_l(.rg_l)@(z[_l, Ig)']/[;[ (y¢) L7 ,, (¢, 1). Then, the one step error
given by (16) becomes

Sen(h) = Y (ife(gf)) - ”Vi(&f)) ) By, (we,we-1)... By (wrr z)h(ar)

Th:e—1
y [9, Lemma 4.3.23] and the fact that, for all (z, ') € X2, Q(z,2) > 6

1800 (h)] < [|Pllocp ™ ;ﬂ ve()
4

Asforall zp € X, L} (z,1)/11£7,,(-, 1) |loc > 0% /(1 — 6*), following the same steps as for the proof of Proposi-
tion 2.1 yields

ve(-)  wel)

I//\g(]l) l/z(]l)

<2 (55) (190 - QUe/ot 4 e ()
tv

Fn) = o))

C Nonparametric spectral estimators

Theorem 3.1 follows from the following more precise results proved in this section. The proofs of the intermediate
lemmas require assumptions [H1’] and [H2]-[H3].

Lemma C.1. There exist a constant 0 < o g« < 1 and a positive integer Mg+ such that for all M > M-,
ok(Om) > ok 3 > 0.

Proof. By [H3], the (K x K') Gram matrix defined by O/ O, := ((fZ,, f.))a1,zsc is invertible. Let ez« ps be given
by:

g5 = [|O30nr — O Ou| = [|[((f¥ray Farmn) — (Firs fs D aae || - (17)
From (5), there exists Mg+~ > 1 such that for all M > Mg+, ez« < 3)\K(OIO*)/4. By Weyl’s inequality

(see Theorem D.1), 0% (0y) = Ag(01,0n) > A(0]0,)/4. If 0k (0,) = )\%Q(OIO*), note that for all
M > Mg+, 0x(Op) > 0k (04)/2, which concludes the proof. O

17
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Define the pseudo spectral gap G of the Markov chain (X, ),>1 as
Gy := max {G (Diaglr"] ' (Q] )" Diag[r*]QF) /k} .
where G(A) denotes the spectral gap of a transition matrix A defined by

G(4) = 1 — max{\ : Xeigenvalueof A, X\ # 1} if eigenvalue 1 has multiplicity 1,
"o otherwise.

Note that G5 depends only on the transition matrix Q. which is assumed to be aperiodic and irreducible with unique
stationary distribution 7*. Perron-Frobenius theorem ensures that the spectral gap G(A) is well defined and such that
0<G(A) <2.

Remark C.1. If Q, is aperiodic and irreducible then Gps > 0. In this case, there exists k such that Q¥ is positive
(entrywise) and so is A = Diag[n*]"H(Q[ )*Diag[n*|QF. As A is a positive transition matrix, Perron-Frobenius
theorem ensures that its spectral gap is positive.

Remark C.2. If Q, is aperiodic, irreducible and reversible then Gps = G(Q,)(2 — G(Qy)) > 0, see [33] and
references therein.

Define the mixing time T,y of the Markov chain (X,)n>1 as

1+ 3log2 —logmy;n
Thix ==
Gps

This mixing time has a deeper interpretation in terms of convergence towards the stationary distribution in total varia-
tion norm, see [33] for instance. For any § € (0, 1), set

Ci(Qx,9) :=1/2/Gps + 24/ =2 Tpix log (18)
which is a constant that depends only on Q, and .

Theorem C.2. Assume that [H1’] and [H2]-[H3] hold. Let 8,6’ € (0, 1) then, with probability greater than 1—26—44’,

there exists a permutation T € Sk such that the spectral method estimators fur,, ™ and Q (see Algorithm 1 for a
definition) satisfy, for any M > Mg+,

- forallp > Ny (Q,, 3, D, 6,6") and all z € X,
| fire — Frtr(o o< Car(Quy 3, 6)Ca(Qu, )3 (Pr) / /P (19)
- forallp > No(Q,, ", P, 6,6"),
1Q. — P, QP [|< Dar(Qu, §, 6)Cu(Qu, ') (®r) [/ (20)
- forallp > N3(Qu, §*, P, 0,8"),
[7* =P ]l2< Enr(Qu, T 0)Cu(Qu, 8" )13(Par) / /D 21

where P is the permutation matrix associated with T, and

4K
N1 (Q.,5", P, 6,0") == 32761\4((2*73*75)26*((;2*75/)2773((1)1\/1)2>

O—K,S"*

4
N2(Q*7 3*7 @]\/17 6a 6/) = WTDM(Q*’ g*; 6)2 C*(Q*» 6l)2773(q)]\/1)2 )

4
N3(Q., 3", P11, 6,6") = —————Dun(Qs, §*,0)* Co(Qx, 8')?m3(Par)?
0% (Aq,)

18
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with
o maxllfells lg*lz 1
Crm(Qs,3%,9) = + |1+
w(Q8"0) VMU%{,&*“;%inUK(Q*Q) W;lino—%(,S*UK(Q*Q) vM
6 *
BRQUKY? k3. 83 (@K " el 1+(210gK2>1/2
W;]inO'K(Q*Q) U%{’S" 5 7.(-;11110-1(((2*2) U%,S* 6 ’
2 3\/30’]{3*
D’ W 50) =—— [AVEKCy(Q,, T, 0 * —,
w(Q870) =5 [f 2(Qu, §, 8) max|fllo + = ]
81l f iy, v ll2 5t
Dur(Qu. §.0) 1=y " | Dy (Qu. . 0) + 4VBE i Car (Qu, 3, 0) + ——min |
30% 5+ min ||f(Y1,Y3)H2\/M
16] £y, v 2 S
& * §) = 1,Y3) ’ * 8) + 4VBE TS Car(Qu, §*,6) + —Tmin |
AI(Q*737 ) U%{(AQ*)U%QS*W*IZ‘MH ]\/I(Q*H?):v )+ T min ]M(Q S )+ ”f(*YhYa)HQ\/M

where kg« is given in Lemma C.4, for all (y1,y2,y3) € V3,

g (g2 ys) = Y m (@) Qul(@r, 2)Qu(wa, m3) £, (1) £7, (2) 2, (Us)

T1,T2,T3€EX

T
and 0%-(Aq, ) is the K-th largest singular value of (IdK iﬁQ*) > which is positive, see (30).
K
Theorem C.2 is proved using the analysis of [3] to control the L2-error of the estimation based on the spectral
method described in Section 3.1. Establishing this control in the nonparametric framework requires to state explicitly
how all constants depend on the dimension M. Therefore, Theorem C.3 recasts and optimizes the results of [3] and is
proved in Appendix F. Define
9(0x) = min Oy (.,a1) = Ony(- )], @2)

and for all A € RMXMXM apd a]] B € RM*K

M

| Alloo,2:= max UbA(wbw)H and ||B||2,oo::rlnea%<||B(.,x)||2. (23)
1

llvfl2=1

b=

Theorem C.3. Let 0 < § < 1. Assume that 3||13M —Puy||< ok (Par) and that

2(Q,07,) — Mzl oo2Par — Parll
8.25%/2() — 1)t (@O My - M + %, <1, (24)
( )57(0A1)0K(PM) IMas Moo,z ok (Pn)
x(Q.0y,) = M loo 2l Par — Pl
434K4(K — 1 M M — Maslloo 2+ e <1, (25)
( )(5’}’(OM)JK(PM) IMas M loc.2 ok (Pa) =

then, with probability greater than 1 — 26, the matrix IAJTISMG is invertible, the random matrix (Aj(l) is diagonalisable
(see Algorithm 1), and there exists a permutation T € Sy such that for all v € X,

< 2Py — Pyl Mt |loo.2|Par — P

O . _6 . O o0 ﬁ _M [’}
10Mm(.,2) m(,7(2) o (Por) 10a]l2,00+ | Mas Mloo,2+ orc(Par)
2(Q.07,) 121 £%(Q.O;,) Ol
X 13K1/2M+116K5 1+ (2log(K?%/6 x M ’m}.
O'K(PM) { ( Og( / )) } 57(OM)UK(PJ\I)

Preliminary lemmas

Lemma C.4. There exists a constant kg~ that depends only on §* such that for all M > Mg+, k(Opr) < Kz where
M- is given in Lemma C.1. For all M > Mg+, K(Q.0};) < kg+r(Qx).
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Proof. Note that O] O, is nonsingular. From (5) and (17) we deduce that O}, O/ tends to O] O, as M grows to
infinity. This proves the first point. Recall that o;(AB) < 01(A)o (B) foralli = 1,..., K. Applying this identity to
A=Q, "and B = Q,0}, yields 0x(Q.)ox(0n) < 0k (Q,0},). It follows that H(Q*OT) < k(Qu)K(Onr).
The second claim follows from the first claim. 0

Lemma C.5. Forall M > Mg+, v(Oyf) > \@oKﬂg* and ||O prl|2,00 < maxzex || f
are defined in (22) and (23).

Proof. Observe that ||Opv||2> 0k (Opr)]||v||2. With an appropriate choice of v and using Lemma C.1 this proves the
first inequality. As ®j; is an orthonormal family, ||Oas (., 2)||2< || f¥||2 which proves the second claim. O

2, where (O ) and ||Opr]|2,00

Lemma C.6. Forall M > 1,

Mt [|oo,2:= max ZUbMM <llg*ll2,

llvll2=1

where || - ||co.2 is defined in (23).
Proof. Asforallz € X, fr € L2V, LP), g* € LQ(yS’LD‘X’?’). Denote by (. ,.>L2(y3,£D®3) the inner product of

L2V, LP9%). As @ape(y1,Y2,43) = Pa(y1)0(y2)c(ys) is an orthonormal family of L2(%, £2%7),
[Maslloo,2 = A Z%MM b, ‘ hax Z|va\MM b, I
1/2 1/2
< (Do) < (D)
o 1/2 o 1/2
_ 2 _ * 2 *
- Z E[(pa(yl)wb(yé)(pc(l/:})] - Z <g 7wa,b,C>L2(y37£D®3) < Hg H2
a,b,e=1 a,b,c=1

using Cauchy-Schwarz inequality. O

M |loo,2< |[Mar — My

7, where || - || 00,2 is defined in (23).
Proof. Forall M > 1,

M
M — Ml = max, va(MM—MM)(.,b,.) <”Hﬁaxlz|vb\H M — Ma)(. b )’,
2 — v =
< (35w off) = (S5t warn )
b b
|
F
using Cauchy-Schwarz inequality. O

Lemma C.8. Under [H1°] and [H2], for all M > 1, 0 (Ppr) > Tmin0 % (Onr)ok (Q?). If [H3] holds, then, for all
M > Mg+,

ok (Pum) > JK S*ﬂ-mm (Q*2),
where Mg« and o 3+~ are defined in Lemma C.1.

Proof. By Lemma F.1 and (7),
ok (Py) = ox(UTPyU) = 0x (U Op)Diag[r*]Q.2(UTOx) ),
> ox (U Onr)og (Diag[r*]Q.*(UTOn) "),
=0k (On)ox (Diag[r*]Q.>(UTON) "),
> o (Diag[r*]) ok (Oar)ox (UTOm) ok (QL?),
= Thin0 i (Oa) ok (Q.7)

which concludes the proof. O
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First step: Estimation of the emission laws using a spectral method

Appendix E shows that:
IED{HEM —Lyl|[F> C*(Q*ﬁ')?h@M)/x/ﬁ} <y, IED[HﬁM — My llr> Ci(Qs, 5')?73(‘I’M)/\/15} <d,
P[IINos = Nogllp> Cu(Qu, o @nr)/vB] <8, B[IPas = Pasllr= CulQu, 8')a(®ar) /5] < 0.

Using the preliminary lemmas of Section C and the elementary fact that Mn; (®pr) < VM n2(Par) < m3(Par), (24)
and (25) along with 3||Py; — P||< ox (Pyy) are satisfied when M > Mz« and p > No(Q,, §*, Par, 6, 0") where:
942 k3(Q,)K10 8. * 1

No(Qu. 5 a8 = 2 QIR By () lotle
0 7T*minaK(Cz* ) O-K,S'* 7T;;lino-K,{"{* JK(Q* ) \/M

Using Theorem C.3, with probability greater than 1—26—44’, there exists a permutation 7 satisfying for any M > Mgz,
p > No(Qu, &, Ppr,6,0") and x € X,

10ar(-,2) = Ons (-, 7(2))[l2 Car(Qu, § 8)Co(Quy ) (1) /P
This proves the first part of Theorem C.2.

)20*(Q*7 8 )ns(@ar)? .

Second step: Preliminary estimation of the stationary density using a spectral method
For sake of readability, assume that 7 is the identity permutation. Observe that:

N1(Q., T, Par,0,0") > No(Qu, §°, Par, 6,0") .
Recall 7 := (I]'T(A)A4) “'OTL,y and 7t = (IAJTOM) ULy,
Lemma C.9. With probability greater than 1 — 26 — 45, if p > N1(Q,, &%, s, 6, 0") then,
\/ngWC*(Q*’a/)m (\‘/I%M)

+ 2 \/Nl(Q*v ‘3’*; q)l\/fa 57 5,)
\/30'[(’3* \/]3 - \/Nl(Q*H’g*, (I)Mv 57 o’

Proof. Set A = U0y, A= ﬂTaM and B = ﬂT(OI\/j — 6M) Then,

[ | PES

D)
* (Q,. 0 771( M .
< (a2l + (@ 8 22
IBII< |Oar — Ou]|< |0 — O < VKgleaggﬂoM(-,iv) —Owm(.,2)|2,

which gives || B||< VKCa(Qx, §*,0)Cu(Qx, 8")n3(®1r) //P- Similarly, by claim (iii) of Lemma F.3:
2VK maxex[|On (-, 7) — On (., )2

AT BI< IATHIIBI< o (A)]1B]<

V3ok(On) 7
so that VR
_ 2 K 773(@]\/[)
[A™'B||< —=———Cam(Qx, §",0)C4(Q, 0") ==
V3ok 3 VP
Observe that the condition on p and M ensures that || A1 B||< 1. Apply Theorem D.2 to get that:
2 \/NI(Q*7§*7¢J\/[;57 5/)

1(GT0M) ™" = (TTOM) < (26)

V3ok 5+ P — VN1(Qs, 3, P11, 0,8) .
Furthermore, using (26):
17— 7*s = [(OGTOM) O Ly — (UTON) U Ly
— [(TTO0u) ULy — (UT04) ULy + (UT0N) 'O Ly — (UT0N) U Ly,
< [[(0TOM) ™ = (TTOM) M [ Tr o+ A I Tar — Las
VN1(Q4, §*, @1, 6,0)
VP — VN1(Q., §*, P, 6,8)

(IfM — L2+ (1Tl Tar LMIIz)) :

< =
~ Viok g
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Write fy, = >, cx m(z1)ff, (y1) the density of Y7. Observe that:

M 1/2 M 1/2
L2 = (ZE[%(Yl)]2> = (Z(f?l,%>2) < (1% llo< max|| £71]2

a=1 a=1
which concludes the proof. 0

This results allows to state that for all p > 4N (Q4, F*, Pas, d,97),

|7 = Pr7ll2< Dy (Ques §, 0)Cu(Qu, )13 (Par) / /P - 27

Third step: Estimation of the transition matrix using a spectral method

Write Q := (fJT(A)MDiag[ﬁ])_1[AJT1(TMIAJ((A)1TV[IAJ)_1 and note that Q = I (Q) and Q, = II7,(Q,). Then, by
non-expansivity of the projection onto convex sets, ||Q — Q. ||r< ||Q — Q.|| #. Moreover,

N2(Q*,S*,(I)M,5, 5/) 2 4N1(Q*73*7®M767 5/) 2 NO(Q*vg*vq)Mv(;v 5/) .

Lemma C.10. With probability greater than 1 — 25 — 40', if p > Na(Qx, §*, Pas, 9, 0’) then

16-aic Monlle oL 2 2 5 st @a)
305 5 T min T /P
where
Er(Q..§",6) = fUK - VECH(Q.,§, )Hf(*ylyyg)nﬁw% .
Proof. Observe that (21) shows that |7 — 7*||2< 7%, /2. Then, for any = € X
Ty 2 % >0. 28)

Set V.=(UTOy) U T and V = (UT0y)'UT. Note Q = Diag[#] ' VN,V and:
Q = Diag[r*] ' VN, V.

Set E =V — Vand F = N, — N ;. Using (26) yields:

2 N1 (Q,, 5", P, 0,0 8VK . N3 (P
1B]< VRNUQ ' 0 b 8) BYK o o i (qu e B0
V3ok 5 /P — VNi1(Qu, 35, P11, 0,0") ~ 30% 3 VP

By claim (iii) of Lemma E3, | V||< o' (UTOu) < 2/(V30k 5+). Furthermore, 0a.c(y1,¥3) = ©a(y1)@e(ys) is

an orthonormal family of L2()2, £P ®2) and
M M , 1/2 .

Nulle= (30 Elaec®)P ) = (3 Ui feclZagmoen) < Il

a,c=1 a,c=1

Then,

[VNy, VT = VN, VT = [VNy V! = (V+E)(Ny +F)(V+E)T,
=||[VNyE" +VEVT + VFE" + ENy V' + ENyE" + EFV' + EFET|,
<2 EIIVIIINaA 2 ENVIIEN+IEIP N+ VI EIPFL
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yields
n o~ N 32\/?6 *,3’*75 C* *75/ o !
VNuVT - VRV [< m(Q ) 3 (Qu: ) iy, v ll2 {1 n C*EQ*JS) n3(Par)
3\/§JK,C§* Hf(y17y3)||2 VoM
N 2VEKCwn(Qx, 8, 0)Ca(Qs, 0') 13(Par)
V3o 5 VP
\/EO'Kg* 1

+
4CM(Q*73’*7 6)||f(*Y1Y.3) HQ\/? \/M
2VKCy (Qx, T*,6)Ci(Qx, 0)? ng(q)M)} 173 ()
\/gaK,S*”f(*yl,)fg)'b P\/M VP

AS p Z NQ(Q*7 ‘S*; ®Ma 57 5,) Z 4N1(Q*) ‘Sj*a @J\la 5, 5/) - 301.§6<K CJW(Q*» ‘S*; 5)2 C*(Q*, 5/)2773(q)1\/1)2s

F*

NP SN ~ i}
VNGV = VR VT < ar(Qu. 5, 5)C. (Qu. ) B 021). 29)
VD
Observe that:
1Q, — Q|| = ||(Diag[r*] ™" — Diag[a] " )VN, VT + Diag[7] (VN VT — VN, V)|
< | ©iag[r*] ™! — Diagla] ||| V12N ||+ || Diagla] [ VN VT — VN, V|
4||f(*Y1 Y3)H2 w—1 ~_1 ~—18 / 773((1)1\/1)
ngea%(w . =T )—&—r;.lea?wx En(Qu, T, 0)Ch(Qx, 0") 7
811/ (v, v ll2 2 13(Par)
< 1, 3) ~ * N * 6 . N 5/ 3 ]\/[
= 30_%(,%'*71_*1%’1“1”7( ™ ||2+7T:nin5]\/[(Q 73' ) )C (Q ) ) \/ﬁ )
using (28) and (29). O

Combining (27) and Lemma C.10 proves the second point of Theorem C.2.

Last step: Final estimation of the stationary distribution

By [H1’], the transition matrix Q, is irreducible and aperiodic. Perron-Frobenius theorem shows that Q, has a unique
stationary distribution 7*. More precisely,

- R.7* =ker(Idg — (Q,) ") so that (R.7*)* = range(Idgx — Q,),
- and (7*, 1) =1,
where 15 = (1,...,1) € RE. Then, 1x ¢ range(Idx — Q,) and

Rank (IdK B (Q*)T) =K. 30)

1j
Set - T
A= (IdKTQ ) and A* = (IdKﬁQ*) ) )
Tg Tg

Derive first an upper bound on ||[A* — (A*)*|| where AT denotes the Moore-Penrose pseudo-inverse of A. Note that

At = (AT = (AT (A" — A) AT — (A (Idgss — AAT). 31)
The last term can be written as

(A*)+(IdK+1 - AA+) = (A*)+(A*(A*)+)(IdK+1 - AA+) = (A*)+Prange(A*)Prange(A)i )

where P,ange(a+) = A*(A*)" denotes the orthogonal projection onto range(A*) and Ppge(a)r = Idgy1 — AAT
denotes the orthogonal projection onto the orthogonal of range(A). Define

$(Qy) = ok (A¥). (32)
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Lemma C.11. If ||Q — Q.||< s(Q4)/2 then Rank(A) = Rank(A*) = K and

2[Q —Q
Pty P 1< 3L

Proof. The first point follows from Weyl’s inequality, see Theorem D.1. By [40],

||F)range(A’*)i range(A) H: ||Prange(A)iPrange(A")|| .

Moreover, since projections P are orthogonal (P,ange(a)t Prange( A*))T = Prange(A*) Prange(a)+- Using notation of
[40], one may notice that |[sin f(range(A), range(A*))|(|= [|Pange(a+)t Prange(a)ll. By Wedin’s theorem [40], if

ok (A) > s(Q,)/2 then ||sin f(range(A), range(A4*))|| < %. We conclude using Weyl’s inequality, see Theo-

rem D.1. O

Triangular inequality in (31) gives

AT = (A < 1A 1R~ Qull (14T I+ ).

UK(A*)
||Q7Q*H * 3
<o (A =@

using that ||(A*)"||= 1/ k (A*). Deduce thatif ||Q — Q.|| < ok (A*)/2 then ||AT — (A*)T||< 6]|Q — Q.| /0% (A*).
From Weyl’s inequality, if ||Q — Q. ||< ox(A*)/2 then o (A) > ok (A*)/2. Idg — QT has rank K — 1 and the
eigenspace ker(Idg — Q) has dimension 1. Thus, Q is an irreducible and aperiodic transition matrix, and 7 is the

unique solution to
Idg — QT 0
1. )"\
K

Now |7 — 7*[|2< [|[AT — (A*)"|| and the last part of Theorem C.2 is proved.

D Matrix perturbation

This section provides some useful results in matrix perturbation theory. Proofs of the following theorems may be found
in [36] for instance.

Theorem D.1 (Weyl’s inequality). Ler A, B be (p X q) matrices withp > q then, foralli =1,...,q,
‘O’i(A + B) — O'Z(A)|§ Ul(B) .
Theorem D.2. Let A, B be (p x p) matrices. If A is invertible and | A~ B||< 1 then A := A + B is invertible and

IBIIA~

-1 _ g-1j< J20IA 1™
A= T ey

Theorem D.3 (Bauer-Fike). Let A, B be (p x p) matrices and A := A+ B. Assume that A is diagonalizable, i.e.
XYAX = A, where A = Diag[(A1,...,\,)]. Then,

sva(4) < w(X)|B], (33)
where sv 4 (A) := maxmin|\; — \;| and \; denotes the eigenvalues of A.
J i

Remark D.1. If the disks D; = {£§ : |£ — MNi|< wk(X)||B||} are isolated from the others, then (33) holds with the
matching distance md(A, A) < k(X)||B| where md(A, A) := migl max|A ;) — Ail. Eventually, if A, A are real
TES) [3

valued matrices then A has p distinct real eigenvalues.
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E Concentration inequalities

Consider consecutive observations of the same hidden Markov chain Z := (Y, Y41, Yet2) for 1 < s <p,

Lemma E.1. For any positive u, any M and any p:

~ 2m (P
]P|:HL]W — L]w”p > M(l + QU\/l + log(S/W*min))

VPGps

P[I¥ — Ml > Y220 (1 4 o T Tog(8/7 )] < expl(—1)

VPGps
~ \/i i) _
]P)|:||N]\4 — NJWHF > j;%m(l + 2U\/1 =+ log(S/ﬁ*min)) < eXp(—UQ) ,
ps -
~ 219 (D
P[HP]VI —Puyllr > M(l + 2u\/1 + 1og(8/m* min))

V/PGps
Pl"O()f. Set CLM(Zl,.../,\Zp) = ||f4M(Zl,7Zp) — L]V[”Q, CMM(Zla”ng\) = ||MA4(Z1,...,ZP) — MMHFs
(N (Z1, -2, Zp) = [Nw(Za, . Zp) = N[ and Cp o, (21, - Zy) o= [Pas(Zy, - ., Zp) — Pl p where, for

instance, Ly (Z1, . .., Z,) denotes the dependence of EM inZi,...,Z, Webegin with (n,,, other cases are similar.
Form the difference with respect to the coordinate i:

< eXp(—’U,Q) )

< exp(—u?).

G = sup |CMM(2’1;~--,Z¢—1,Zi,zi+17~-~,zp)*CMM(Zh--~7Z¢—1727';,Zi+17--~72p)| .
z; €Y3,2[€y3

By the triangular inequality,

¢ < sup MM(Z17~.72i—172iazi+17~-pr)—MM(ZL-~~,Zz'—hzzl-,ziﬂauwzp)H s
2, €32/ €Y3 F
so that
1/2
1 ) ) ) ) . N2
a<= s D (el )e08)) — pal ey’ S Neely's))

D zieys zeys

ab,c
Eventually, we get that ¢; < n3(®as)/p. By McDiarmid’s inequality [33], for all u > 0,
P(||[M M pu?
(IMy = My||p= E [HMM - MMHF} +u) <exp (-W) -
The following lemma may be deduced from [33].
Lemma E.2. Forany a,b,c€ {1,..., M},

E Z %[¢a<n>¢b<m1m<m> — E [pa(Y1)b(Ya) el Y3)]]

< 2 Efpu(1)en(2)e(¥s) ~ Epu(¥)pu(Va)pe (1))

Pops

Proof. Notice that (X1, Y1), (X2,Y2), ... is homogenous, irreducible, aperiodic and stationary Markov chain on A’ x
Y, whose stationary distribution is 7(x,dy) := m,u.(dy). Observe that its transition kernel Q satisfies, for all
z,v’ € Xandally,y €,

Q('ra Y; 1'/, dy/) = Q*(Jf, 'T/)/uﬂ?/ (dy/) .
The transition kernel Q can be viewed as an operator Q on the Hilbert space L2(7) defined, for all f € L2(7), by:

@)(@) =By s () = 3 Qulaa)) /y Fa Y ()

z'eX
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Note that Qf (z,y) does not depend on y. Set E := {f(z,y) € L%(7) : f does notdepend on y}. The L?(7)-self-
adjoint operator defined, for all f € L2(7), by

([ f) (. y) = /y F(@,y ) a(dy),

is the orthogonal projection onto E. Since IIzQIly = Q, the set of nonzero eigenvalues of Q is exactly the set of
nonzero eigenvalues of the K dimensional linear operator I1 QI 5. Eventually, note that the matrix of Q in the basis
((z,y) = Ly =z)wex is Qx. Then, the pseudo spectral gap of Q is equal to G (the pseudo spectral gap of Q).

Furthermore, note the same analysis can be made for (X1, Xo, X3, Z1), (X2, X3, X4, Z2), . .. and its pseudo spec-
tral gap is the pseudo spectral gap of the Markov chain (X1, X2, X3), (X2, X3, X4), ... which is Gps. Indeed, the set
of nonzero eigenvalues of the Markov chain (X, Xa, X3), (X2, X3, X4), ... is equal to the set of nonzero eigenvalues
of the Markov chain X1, Xo,.. ..

Eventually, set g(Xs, X541, Xs+2,Zs) = (1/D)0a(Ys)0p(Yst1)@e(Ysi2) and apply Theorem 3.1 in [33] to con-
clude the proof. O

Then,
1/2
{”MM - MMHF} < E |MM MM”F} )
01 1/2

|: Z Saa s+1)SOC(Ys+2) -E [‘Pa(Yl)<pb(Y2)‘PC(YE3)]> s
a,b,c

07 1/2
< E(Z {0a(Ys)pp(Yst1)pe(Ysr2) — Efpa(Y1) oo (Ya)pe(Y3)]} :
a,b,c s=1
1/2
< o | Y Ela)a0ape(ss) - B (a)ecBo) |
PS fab,c
1/2

1/2
<o) [EX i) - et e ar] .

a,b,c

1/2
< (i) "
PGps

using Jensen’s inequality, Lemma E.2 and then 2E[U — E[U])? < E[U — U’)? where U is any real valued random
variable with finite second moment and U’ an independent copy of U. The proof is similar for Ls, Np; and Py, O

F Proof of Theorem C.3

Preliminaries lemmas
Lemma F.1. Forallbe {1,..., M},
Mu(.,b,.) = OnDiag[r*]Q.Diag[On (b, .)]Q.Oyy
Similarly, Py = Oy Diag[r*]Q.20],.
Proof. Leta,c € {1,..., M}? and observe that:
(O Diag[r*]Q.Diag[Onr (b, . )]Q.O ) (asc)
= Y Oufla,z)m(@1)Qulwr, 22) O (b, 22) Qu (2, 23) O s (¢, a3) ,

(z1,22,23)€X3

= Y ElpY)IX1 = 2] P(X1 = 21)P(Xz = 22| X1 = m1)

(z1,22,23)EXS
x B [pp(Ya)| X2 = 22] P(X3 = 23| X2 = 22)E [p.(Y3)[ X3 = 23] ,
=E [pa(Y1)pp(Ya)pe(Y3)] -
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Similarly,
(OMDiag[r*]Q.*0)(a, ¢) = Z O (a,z1)m(21)Qu(1, 22)Qu(22,23)Om (e, x3) ,
(z1,x2,23)EX3
= ) Elpa(M)[X1 = 2] P(Xy = 21)P(Xp = 25| X1 = 31)
(z1,22,23)EX3
x P(X3 = x3| X2 = 22)E [pc(Y3)| X5 = 23] ,
= Elpa(Y1)pe(Ys)] ,
which concludes the proof. O

Lemma F.2. Let U be any (M x K) matrix such that P ;U has rank K. Then,
- forallbe {1,...,M},
B(b) := (P U)"My(.,b,.)U = RDiag[O (b, . )JR 7,

where R™! := Q,0},U and (P, U)! := (UTP}, P, U)" UT P}, denotes the Moore-Penrose pseudoinverse of
the matrix P ;U ;

- UTP U is invertible and, for all b € {1,..., M},
B(b) = (U'P,U)'U ™M (.,b,.)U = RDiag[O (b, . )JR'.

Proof. Observe that My, (., b,.)U = Oy Diag[r*]Q.Diag[O (b, . )] R~ = P, URDiag[On (b, . )] R as claimed.

O
Lemma F.3. Assume that 2||f’M —Puyll< o (Pyr), then:
(i) )
o [P — P
EPy = — s
ox(Par) — ||Par — Pl

(ii) )

5 orx(Pum) — I[Py — Py orx(Pwm)

B> | Jon®a > 75P)

ox(Py) > ok (Par) ok (Par) > 5

(iii) ox(UTU) > (1 -3, )2,

(iv) ox(UTPyU) > (1—€}, ok (Pu),

(v) forall o € RX and for all v € Range(P ),

Ua —v[3< o = UTvl3+ep,, v

2
2

i) if3|[Pa — Pasl|< ok (Par) then:

P P
ox(UTP,0) > %1”)7
(vii)
N R . Py -P
J(OTB0) — (UTP )Y < IPar = Po| _ ,
2 2
ox(Pu)(1—ep, N1 —ep, )ox(Pu) — [Py — Pul])
< 3.2HP1\24 — Pyl
JK(PM)

Proof. See Lemma C.1 in [3] for the first five claims. The sixth claim follows from the fourth point and Theorem D.1.
The seventh point follows from the fourth claim and Theorem D.2. O
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Control of the observable operator

Claim (iv) in Lemma F.3 and Lemma F.2 ensure that, for all b € {1,..., M},

B(b) := (U'PyU)'U My (.,b,.)U = RDiag[On (b, . )]R!,
where R~! may be defined as
R = Diag[((Q.050) 7 (., 2., (QO5,U) (., K)||2)]Q.0}, U.
Set A := ©TUTOy; and forall z € X, C(x) := Zé\il(fj@)(l), z)B(b) = R®iag[A(z,.)]R!. Note that R has
unit Euclidean norm columns:
R = (Q.0;,U0)"! Diag[((Q"04,U) 7} (-, Dllz, .., Q.05 U) ' (., K)2)] 7",
corresponding to unit Euclidean norm eigenvectors of C(k‘)
Lemma F4. Assume that 3||Py; — Po||< o5 (Pay), then, forallb € {1,..., M},

[Mas(.,0,. )l {HMM('vba ) =My (0,0 [Py — PM||]

||B(b) 7B(b)H§ 3.2 UK(PM) ||MM(-ab,')H UK(PM)

and forall x € X,

M oo 2 [nﬁM ~ Murlloos | P — PM||}

1€(@) - Cla)ll< 327 p=t [ == o1 (o)

Proof. Observe that:
IB(b) — BO)|<[(TTPy0) " U My (.,b,.)U = (UTPyU) U My, b,.)U|
+[[(UTPLU) MU My (,b,.)U — (UTP,U) " U My (,0,.)U|,
<JOT (M-, b,.) = Mag(, b, ) U (UTP0) 7|
H[(TTPy ) = (TP O) T My (-, b,.)
<IMas(.,b,.) = Mps (-, b, ) log (UT P, 0)
+ [Mar(, 0, )][(TTPHU) L — (UTP,U0) Y.
By cAlaims (vi) and (vii) of Lemma F.3, SUK(ﬂTf)]wﬂ) > ok (Pys) and ||(fITf’MfJ)_1 — (fJTPM ’ )74
3.20%=Porl Replacing M (., b,..) by 550, (UO) (b, k)May(., b, .) yields the same result for |C(z) — C(x)

U%{(PJVI

0= IA

Lemma F.5. Assume that 2||13M —Puyll< ox (Par), then,

(i)
R = R R < 2(Q,05,0) < S (220,
" : e e Q0T
svo(€() < /BICH) - Em)< FE2e) ).
where svg(1)(C(1)) := max min M1, 21) — M1, 22)].
(iii) If in addition,
Q2 e - Gl< min, A1)~ AL /2

md(C(1), &(1)) <

TESK | z€X

where md(C(1), C(1)) := min {max ’A(I,T(x)) — A(l,a:)‘}.
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Proof. Observe that U is an orthonormal basis of range of O ;. The first point follows from claim (iii) of Lemma F.3.
The second point is derived from Theorem D.3 and the first point. The remark following Theorem D.3 proves the last
point. O

Control of the spectra

Lemma F.6. Forany 0 < <1,

25(1 — 3 )12
P[Vz,xl 7y M) = M aa)|2 T (oM)} >1-4.
Furthermore:
2
B> THVEEE D) 16,1, ] <.
VK

Proof. Observe that:
Az, 1) — Az, 20) = (O(, ), (UTOM) (., 21) — (UTOW) (., 22))
=(0(.,2), UT(On(.,21) — Opr(-,22))) .
Furthermore, from (iii) in Lemma F.3, we get that:
0T (Onr(-,21) = Onr(-a2)) 2> (1 =3, )2[Ons (- 1) = Ona (-, w2) 2> (1= 5,,)*¥(Our) -

Similarly, note that: A
|Aloe= max|(©(.,), U O (., a))]

and [UTOu (., 2")]|2< [|Oar (-, 2")[|l2< ||Oas]|2,00- For sake of readability, we borrow the result of Lemma F.2 and
the argument of Lemma C.6 in [3] to conclude. ]

Remark F.1. In the framework of Corollary 3.2 which requires to control uniformly r samplings of the matrix ©, we
get that for all y > 0 and for all v > 1, it holds

2exp(—y/r)(1 —ep )2
VeRTA(R 1)

P e st 1oz LIV, ]

P|dp € [r] s.t. Vo, 21 # 2o, |[AP(z,21) — AP (2, 22)|>

V(OM)} > 1 —exp(—y).

Furthermore:

< exp(iy) )

where subscript AP denotes A obtained from the p-th independent sample of the matrix ©.

Perturbation of simultaneously diagonalizable matrices

Lemma E7. If 3| Py — Pu||< o5 (Par) and:

*(QOy,) < 1M llso2 | Par — Pl
8.255/2 () — 1)—"(QOu My — M|l ot e 1, 34
(K =1 5 Omomtpr 1My~ Ml B < (34)
Oy) < 1M llo.2|Par — Pl
434K4(K — (Q My — Mysllooa+ Sk <1, 35
(K =1 5 momtpr 1My~ Ml B S (35)
and for all x, x| # o,
V36
Az, 21) — Az, 22)|> \[ng—()’Y(OM),
and:
1+ /2log(K?/6)
Allo< Ourll2,00 5
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then there exists T € Sk such that for all x € X:

IAG.2) — Al or@)los [1352QOM) L yygperr g ) {1+ (2108(K2/8))'"*}

ox(Pur)
6(QO7)|I0 2,00 — Mo |loc.2||Par — P
£°(QO ) |02, } " ||MM_MM||00,2+H M [oo,2[Pa — Po|

67(Om)ok (Par) ok (Pu)

Proof. Noteep,, < 1/2. Invoke the last part of Claim 4 of Lemma C.4 in [3] with y4 + %W(OM), k(R) +
eK?2 —
4k2(QO], = 412 (QO7], Mt lloo.2 [ IMar =Moo, Pu-P 1+4/2log(K2/5)
(C§ M)’ ||RH%<_ (3 M)’EA “ 3‘2“01(1\(41"'1”)2 [H HI\/IIVIJ\IHZ,HQ 2+H0’Z(Pﬂlj\)ll‘i| and Ao < \/Ig? 102,00

Observe that (34) agrees with e5 < 1/2 and (35) agrees with ¢4 < 1/2. O

Since O is an isometry, observe that:
[TTOwn(.,2) = OA(,7(@))ll2= [[A(, 2) = A(, 7(2))[2< VEA(, 2) = A, 7(2)]| oo -

Claim (v) in Lemma F.3 (with @ = ©OA(., 7(x)) and v = O (., x)) give

0u(..) = Our( 7@l < [07Ou(..0) = OAC. )t D PM 0 o)
< VRIAG2) = A @l g 0y (e

Theorem C.3 follows from Lemma F.7.
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