J Syst Sci Complex (2024) 37(4): 1488-1506

Compressed Least Squares Algorithm of Continuous-Time

Linear Stochastic Regression Model Using Sampling Data*

XIE Siyu - ZHANG Shujun - WANG Ziming - GAN Die

DOLI: 10.1007/s11424-024-3297-7
Received: 1 August 2023 / Revised: 13 October 2023
(©The Editorial Office of JSSC & Springer-Verlag GmbH Germany 2024

Abstract In this paper, the authors consider a sparse parameter estimation problem in continuous-
time linear stochastic regression models using sampling data. Based on the compressed sensing (CS)
method, the authors propose a compressed least squares (LS) algorithm to deal with the challenges of
parameter sparsity. At each sampling time instant, the proposed compressed LS algorithm first com-
presses the original high-dimensional regressor using a sensing matrix and obtains a low-dimensional
LS estimate for the compressed unknown parameter. Then, the original high-dimensional sparse un-
known parameter is recovered by a reconstruction method. By introducing a compressed excitation
assumption and employing stochastic Lyapunov function and martingale estimate methods, the authors
establish the performance analysis of the compressed LS algorithm under the condition on the sampling
time interval without using independence or stationarity conditions on the system signals. At last, a
simulation example is provided to verify the theoretical results by comparing the standard and the

compressed LS algorithms for estimating a high-dimensional sparse unknown parameter.

Keywords Compressed excitation condition, compressed sensing, continuous-time model, least squares,

linear stochastic regression, parameter identification, sampling data.

1 Introduction

Parameter estimation problem has attracted much attention in many research areas, e.g.,

identification, signal processing, adaptive control, statistical learning, and so on, see [1-3] for
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some design and theoretical analyses on estimation and filtering algorithms. Over the past few
decades, considerable progress has been made in estimating unknown parameters for discrete-
time linear regression models. For example, the stochastic gradient (SG) algorithm, LS al-
gorithm, maximum likelihood algorithm, least mean squares (LMS) algorithm, and so onl* 8.
Note that the LS, which can be traced back to Gauss, is a most basic, widely used and com-
prehensively studied estimation algorithm in many fields of science and engineering. Moreover,
when the unknown parameter is time-invariant, the LS algorithm may generate more accurate
estimates in the transient phase and have faster convergence speed compared with SG and LMS
algorithms. So the LS appears to be more suitable for applications that require fast speed and
accurate estimates for unknown constant parameters. This is one of the main motivations for
us to consider the LS-based estimation algorithm in this paper.

Most of the existing techniques on system identification are oriented to discrete-time sys-
tems. However, practical dynamic systems in physics and engineering are naturally described
by differential equations according to physical laws®.. The continuous-time case tends to be
addressed by modifying these discrete-time techniques. For example, [10] considered adap-
tive estimation and control problems for continuous-time stochastic systems containing both
modeled and unmodeled dynamics, [11] presented some options to deal with the problem of
parameter estimation in continuous-time stochastic systems under white and colored noise per-
turbations using classical methods, [12] considered time-varying matrix estimation problems
in continuous-time stochastic models under a colored noise based on the LMS with forgetting
factor, [13] compared the instrumental variables and the least squares methods applied to pa-
rameter estimation in continuous-time systems and so on. See [14, 15] for more information
about other estimation algorithms for continuous-time systems.

Moreover, with applications of the communication and computer technology, we can only
measure the digital or discrete-time data, which inspires the research of the parameter esti-
mation problem of continuous-time models based on sampling data'®l. The authors in [17]
analyzed LS estimation of continuous-time autoregressive model with exogenous inputs (ARX)
models using discrete-time approximations of the derivatives, [18] identified a continuous-time
Hammerstein system driven by a random signal from observations sampled in time, [19] es-
tablished an upper bound for the estimation error of a standard LS algorithm used to identify
a continuous-time model from filtered and sampling input-output data, and [20] extended the
deterministic learning theory to sampling data nonlinear systems. Also, we proposed the LS al-
gorithm based on the sampling data to identify the unknown parameter vector and established
the almost sure convergence results of the proposed algorithm/(2'.

Although estimation algorithms are able to estimate unknown parameters in continuous-
time stochastic systems based on sampling data, some prior knowledge about the system can
be helpful for performance improvement. A common prior information is sparsity, i.e., the
unknown high-dimensional signals can be sparse on some basis, which means that only a few
elements of the signals are non-zero in the domain. For example, some practical situations
like radar systems, multi propagation, channel estimation in Ultra Wideband communication
systems, and so on. There are many algorithms that have been developed in the literature
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for sparse signal estimation problems in discrete-time[?? 23],

One technique for sparse system
identification is to regularize the error function by adding another item which takes into account
the sparsity of the unknown parameter. For example, [24] proposed an LMS algorithm with
¢p-norm constraint in order to accelerate the sparse system identification, and [25] presented a
theoretical performance analysis of £o-LMS for white Gaussian input data. Also, [26] used an
{1-norm penalty in the standard LMS cost function and performed convergence analysis of the
zero-attracting LMS algorithm based on white input signals, and [27] presented the ¢;-norm
regularized versions of the recursive least squares algorithm. Moreover, there are some other
alternatives to induce sparse solutions, for example, £, (0 < r < 1)-norm!?%].

Another technique is inspired by the CS theory®”!| which is a new type of sampling theory
that appeared in the beginning of the 21st century and makes the additional assumption that
the signal is sparse or can be sparse on some orthonormal basis compared with Nyqvist sampling
theory. Reference [30] applied CS in sensor networks and used the CS technique in the transit
layer, [31] identified the sparse system in the compressed domain and applied the CS method
in estimation layer, [32] proposed a novel diffusion compressed estimation scheme for sparse
signals in compressed state, [33] proposed a tail iteratively reweighted least squares algorithm
to solve the £, (1 < ¢ < 2) minimization problem for the CS sparse signal recovery issue, and
so on. Also, we have incorporated the CS technique into the LMS and LS algorithms with

s34 351 Note that most related work focus

theoretical analyses on the stability and error bound
on discrete-time models, and a rigorous theoretical analysis on continuous-time models and
sampling data for sparse signal estimation problems is still lacking.

Inspired by the CS theory, this paper proposes a compressed LS algorithm for estimating
unknown sparse high-dimensional parameter of the continuous-time linear stochastic regression
models using the sampling data. At each sampling time instant, we first use the LS algorithm
to construct a low-dimensional estimate for the compressed unknown signal by using the com-
pressed regressor data. Then we use a suitable signal reconstruction algorithm to obtain a
high-dimensional sparse estimate for the original unknown parameter. The main contributions
of this paper are summarized as follows:

1) Based on the CS method, we propose a compressed LS algorithm to deal with the
challenges of parameter sparsity for the continuous-time linear stochastic regression models
using the sampling data. In our theoretical analysis, we first provide an upper bound for the
compressed estimation error of the compressed algorithm under some conditions on the sampling
time interval and the stochastic compressed regression signals, and then give an upper bound
for the desired high-dimensional estimation error.

2) The theoretical analysis of the compressed LS algorithm is provided under a compressed
excitation condition, which does not require the independence or stationarity of the system
signal as commonly used in existing work[®, and is much weaker than the excitation conditions
imposed on the original regression vectors.

3) We show in the simulation part that even in the case where the traditional uncompressed
algorithm cannot estimate the unknown high-dimensional sparse signal due to lack of sufficient
information, the proposed compressed LS algorithm can accomplish the estimation task under
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a compressed information condition, because it is much weaker than the information condition
for the uncompressed algorithms.

The rest of the paper is organized as follows. Section 2 introduces some preliminaries on
matrix theory, stochastic process, compressed sensing theory, and gives the continuous-time
stochastic linear regression model studied in this paper. Section 3 proposes the compressed LS
algorithm based on sampling data and introduces the assumptions used to fulfill the theoretical
analysis. The convergence results of the proposed compressed LS algorithm are established in
Section 4, the performance evaluation case studies are presented in Section 5, and the main

conclusions of this paper are summarized in Section 6, respectively.

2 Problem Formulation
2.1 Some Preliminaries
2.1.1 Matrix Theory

For an m-dimensional vector z, the p-norm of x is defined as ||z||, = (Z;”Zl |lz;[P)1/P (1 <
p < 00), where z; denotes the j-th element of x. The notation ||z|o refers to the number of
nonzero elements of x. For an m x m-dimensional matrix A, the Euclidean norm, denoted by
| A]|, is defined as || Al 4 (Amax{AAT})Z, where Amax(-) represents the largest eigenvalue of the
matrix and T denotes the transpose operator. The smallest eigenvalue of the matrix is denoted
as Amin (), and the determinant of the matrix is denoted by det(-). Consider a matrix sequence
{Ak, k > 0} and a positive scalar sequence {ax,k > 0}, if there exists a positive constant C,
such that || Ag|| < Cay holds for all k > 0, then we say A, = O(ay); and if limy . || Ak|| /ax = 0,
then we say A = o(ay). For matrices A, B, C' and D with suitable dimensions, the matrix

inverse formula (cf., [3]) is given by:
(A+BDC) ' =A"' - A'B(C'+DA'B)"'DA, (1)

where all relevant matrices are assumed to be invertible.
2.1.2 Stochastic Processes

Let (2, F, P) be a probability space, and {F;,t > 0} be a nondecreasing family of sub-o-
algebras of F. A continuous, adapted, stochastic process {W;, Fy;t > 0} is called a standard
Wiener process if:

1) Wy = 0 holds almost surely (a.s.);

2) {Wy, Fi;t > 0} is an independent incremental process, and for any 0 < s < ¢t < oo, the
increment W; — Wy is independent of Fs and obeys the normal distribution with mean
zero and variance t — s.

An adapted sequence {vy, F} is called a martingale difference sequence if E(vj41|Fy) = 0,
where E(-|-) denotes the conditional expectation operator. For a martingale difference sequence,
we have the following martingale estimation theorem.

Lemma 2.1 (see [3]) Suppose that {my, Fi} is an adapted process (my can be a number
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or a matriz), and {vi, Fi} is a martingale difference sequence (vy, can be a number or a matriz)
satisfying sup,, B[||vn11]/%|Fn) < oo with B € (0,2]. Then for any n > 0, we have

> mivies = O(Ma(8)log? (M, (8) + ) as.,
k=0

where )
n B
1,0) = (3 )

k=0

2.1.3 Compressed Sensing Theory

The CS theory has emerged as a new framework for sampling theory, offering several at-
tractive properties such as robustness to noise, fault tolerance, and bandwidth saving. In CS
theory, the vector z is called p-sparse if ||z||p < p, that is, x has at most p nonzero elements.

Assume that the sparse signal x obeys the following equation:

z=Dzx+e, (2)

RIX™ is the sensing matrix whose number of rows is much

where z is the measurement, D €
smaller than the number of columns, and € € R? is the measurement perturbation bounded
by ||| < C. We are interested in how to recover the signal = from the noisy measurement z.
Recovering a general signal x accurately is typically challenging or even impossible. However,
when the signal z is sparse, the recovery problem becomes feasible. Candes, et al. introduced
the concept of the restricted isometry property (RIP) of sensing matrix D in CS theory to study
the reconstruction problem of sparse signals, and they proved that the sparse signal x can be

recovered with high accuracy if D satisfies the RIP and the noise is small (see e.g., [29, 37]).

Definition 2.2 (see [29]) Let D € R?¥™ be the sensing matrix, and Dy, (L C {1,---,m})
be the sub-matrix obtained by extracting the columns of D corresponding to the indices in the
set L. For given integer p (1 < p < m), we define the p-restricted isometry constant v, € [0, 1)
to be the smallest quantity such that the following inequality

(1 =) < IDLb]* < (1 +7)lIb]> (3)

holds for all real vector b and all subsets L with cardinality at most p. Then we say that D
satisfies the RIP with order p.

Remark 2.3 From (3), the restricted isometry constant v, reflects the degree of preserva-
tion of the signal’s 2-norm, with 7, = 0 being exactly preserved. The condition (3) is equivalent
to that all eigenvalues of the matrix D} Dy, lie in [1 —,, 1 +7,]. Moreover, from Definition 2.2,
we can see that the p-restricted isometry constant v, increases with p.

The construction of a sensing matrix D satisfying the RIP has attracted significant attention
in the fields of information theory and signal processing. Researchers have proposed various
methods for constructing such matrices. For example, DeVore in [38] introduced a deterministic
construction method based on the concept of mutual incoherence, and Xu and Xu in [39]
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constructed a class of special sensing matrices called partial Fourier matrices. In addition
to deterministic constructions, there is also a body of literature focusing on random sensing
matrices. Random matrices can be generated using various probability distributions, and under
certain conditions, they are known to satisfy the RIP with high probability. For example,
Gaussian random matrices are commonly used as random sensing matrices. In this case, each
entry of D € R¥™ is an independent realization of a Gaussian random variable with zero mean
and variance 1/d. Gaussian matrices exhibit good RIP properties and have been widely studied
in theoretical analysis and practical applications. We have the following result about random
sensing matrices.

Lemma 2.4 (see [40]) For given d, m, and 0 < § < 1, if the sensing matriz D € RI*™
is a Gaussian or Bernoulli random matriz, then there exist positive constants c1, co depending
only on & such that the RIP (3) holds for D with the prescribed 6 and any p < c1d/log(m/p)
with probability no less than 1 — e~ 2%,

Remark 2.5 In [40], Baraniuk, et al. showed that the constants ¢; and co satisfy the
inequality ¢y < % - % - [1 + %W
co > 0. For example, if ¢y = %, then we can obtain that the sensing D satisfies the RIP with

probability no less than 1 —e~“¢ if d > 120slog(m/p) /5.

and the constant ¢y can be small enough to ensure

After constructing the sensing matrix, the recovery problem of the sparse signal x can be
formulated as the following convex optimization problem:

min |[2'||1, s.t. [|[Dz' —z|| <C. (4)
:E/GR"YL

For the signals obtained by solving the above convex optimization problem, Candes and Tao
in [37] established the following lemma on the upper bound of the error between the recovered
signals and original signals, which provides a theoretical guarantee for the accuracy of the
recovery of sparse signals using the convex optimization approach. It has been widely used in
the analysis and design of compressed sensing systems and has significantly contributed to the
development of signal processing and related fields.

Lemma 2.6 (see [37]) Let p satisfy vysp + 3vap < 2 where 73, and ~ya, are defined in
Definition 2.2. Then for any p-sparse signal x and any perturbation € with |e|| < C, the

recovered signal x* obtained by solving the optimization problem (4) obeys ||z* — z|| < C,C,
L 4 )

V31 =7ap)—/T+73p
Remark 2.7 Note that for p satisfying the condition of Lemma 2.6, we can get the true

where the positive constant C), can be taken as C,

value of the sparse signal by the reconstruction process if there are no measurement perturba-
tions in (2).

2.2 Continuous-Time Stochastic Regression Model

Let us consider the continuous-time stochastic linear regression model described by the
following stochastic differential equation:

0 =80T, +ny, t>0, (5)
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where S is the integral operator, i.e.,

t
Scpt=/ psds,
0

ot € R is the scalar observation at time t, § € R™ is an unknown p-sparse parameter vector
that needs to be estimated (i.e., # has at most p non-zero elements), ps € R™ is a stochastic
regression vector, and the system noise n; is a standard Wiener process. We can see that many
models such as the continuous-time ARX model and autoregressive moving average system with
exogenous inputs (ARMAX) model can be included by (5).

With the application of computer and communication technology in many practical scenar-
ios, we can only receive the discrete-time sampling data {oy, , ¢+, } 72, rather than continuous-
time signals, where t; is the k-th sampling time instant. Besides, the sampling stochastic
regression vector is always sparse. Here we assume that the sampling stochastic regression vec-
tor oy, is 3p-sparse for all k. In this paper, we aim at designing an algorithm to estimate the
unknown sparse parameter vector 6 by using the sampling data based on compressed sensing

theory, and providing the asymptotic results for the proposed algorithm.

3 Compressed LS Algorithm Based on Sampling Data
Now, we propose the compressed LS algorithm based on sampling data (see Algorithm 1),

where 0, = tx41 — tr and tj represents the k-th sampling time instant.

Algorithm 1 Compressed LS algorithm based on sampling data
Input: {¢;, € R™, 04, €R}, k=0,1,---
Output: {0, ., e R}, k=0,1,---
Initialization: Begin with any initial vector £y € R? and any initial positive definite matrix
Py € Réxd,
for each £ =0,1,--- do
Step 1 Compression: ¢;, = Dy;, € R%, where D € R¥™™ is the sensing matrix.

Step 2 Estimation in a low-dimensional space:

ftk+1 = gtk + 6katkptk ¢tk (Otk+1 — Ot — Q%;ftkak)v (6)

Ptk+1 =P, - 52atkptk Pt ¢tTk k., (7)
1

a = T T =~ 8

tk 1 =+ 5}%¢;[,;Ptk ¢tk ( )

O = tgpy1 — ti- (9)

Step 3 Reconstruction:

9tk+1 = argg}:}g ”0”17 (10)
where = = {aeRM‘HDe—gmn gc}. (11)
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Remark 3.1 In Step 3 of Algorithm 1, the positive constant C' can indeed be chosen
as an upper bound on the estimation error ||§tk I, and the explicit value of C' can be found in
Theorem 4.4 of Section 4. To solve the convex optimization problem (10) in the reconstruc-
tion process (i.e., Step 3), various algorithms including orthogonal matching pursuit (OMP),
compressive sampling matching pursuit (CoSaMP), and interior-point (IP) algorithms can be
employed, see e.g., [41, 42].

To proceed with the theoretical analysis of the proposed algorithm, we introduce some

assumptions on the sensing matrix, the sampling interval, and regression vectors.

Assumption 3.2 The sensing matrix D € R?*™ satisfies the RIP with order 4p where
the 3p- and 4p-restricted isometry constants denoted as s, and 74, (see Definition 2.2) satisfy
V3p + 374p < 2.

Remark 3.3 The above properties (RIP) of the sensing matrix D which is often used
in the compressive sensing theory can guarantee that the sparse signals can be recovered with
high accuracy (see Lemma 2.6). By Lemma 2.4, we know that for any given restricted isometry
constant, if the sensing matrix D is taken as a Gaussian or Bernoulli random matrix, then it

satisfies RIP condition with a high probability.

Assumption 3.4 The sampling interval d;, is designed to satisfy > ,_, 62 = oo and
D=0 O < 00.

Assumption 3.5 The stochastic regression signal ¢, in the model (5) is F;-measurable,
where F; = o{¢s,vs,s < t} is a family of nondecreasing o-algebras. And ¢, is also Lipshitz
continuous for almost all sample paths, i.e., there exists a positive constant L such that for all
t>0and s >0, ||[¢ — ¢s|| < L|t — s| holds almost surely.

Assumption 3.6 (Compressed persistent excitation condition) There exists a positive
constant M such that

n n

min <M

— )

—— 00, SUp <
n—oo n>0 )\min

where " "
Tn £ 1+Z51%H¢tk”27 g}iné)‘min(PO_l—*—Za?fgbtk rtIll)
k=0 k=0

Remark 3.7 Assumption 3.5 is often used to deal with the effect of the approximation
deviation caused by the sampling data, see Theorem 4.2. Assumption 3.6 is called compressed
persistent excitation condition since it is imposed on the compressed regression vectors ¢, ,
rather than the original high-dimensional sparse regression vector ¢, , which is different from
the existing literature, see e.g., [21, 22]. Moreover, it can be verified that Assumption 3.6 is

much weaker than the traditional persistent excitation condition imposed on the original high
Amax ( > h—o Pty 493;)
Amin ( > ko0 Py, ‘P;F,C)

dimensional regression vector[¥, i.e., sup,, < 00.
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4 Performance Results of Algorithm 1

In this section, we will investigate the asymptotic convergence properties of the proposed
Algorithm 1. Denote ék as the compressed estimate error at the time instant ¢ in the low-
dimensional space, i.e., §~tk = ¢ — &,, where £ = Df. Substituting (5) into (6), we can obtain
the following error equation:

gtk+1 :§ - ftk+1

trt1
=£ - gtk — Qg 6thk¢tk{ / SD'SI‘dse - ¢tTk£tk§k + Nty — ntk}

tr

. tet1
=&, — a1, 0P, b1, { / ga?ds& — (p'trk%k + gortrk%k — 'trkf(;k

tr

+ QSE\E(;]C - rtIllftk 6}(} + ntk+1 - ntk}

:gik- - atk(skptk ¢tk {¢tTkgfk O + A;I,;+19 +wg, + ﬁtk+l} ’ (12)
where
tet1
Atk+1 = / ¢Sd$ - ¢tk5k}7 (13)
173
wy, = ¢r 00k — ¢}, E6, (14)
ﬁtk+1 = Nty — Ny - (15)

By the fact that {n, F;} is a standard Wiener process, we have the following properties:
1) For k > 0, Ty, obeys a normal distribution with mean 0 and variance dx;

2) {Mtyyr, Fr, k > 0} is a martingale difference sequence, and 0 < E [|my,,,[°|F;,] < oo
holds a.s. for any constant 3 > 2, where F;, = 0{¢s, ns, s < tx}.

In many existing results on the estimation of the unknown parameter vector of continuous-
time systems based on the sampling data (cf., [17, 20]), continuous-time systems are often
discretized, and the approximation error A;, caused by discretization is seldom considered.
Different from these studies, we will consider the effect of the approximation error A;, and the
sensing error wy, on the estimation performance of algorithm, see the following theorem.

Theorem 4.1 Under Assumption 3.2, for the dynamical system (5), the compressed es-

timation error Etm satisfies the following relationship:
T -1 7 1 - o (17 )2
6tn+1Ptn+1£tn+1 + 5 + 0(1) Zatkdk <¢tk£tk)
k=0

" 6372 |10]]* &
g?Z (A;FHIG)Q + &% Z (lpe, I76%) + O <logdet(Pt;il)> a.s.

k=0 1p) k=0
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Proof By (12), we have
Einnr = (I — an, 02 P b1 61 ) &, — a1, 04 Py b1, (A'Ekﬂe +wy, + mm) . (16)
Multiply both sides of (7) by P, ', we have
Py Pt =1—ay,0,P 1, 01 - (17)
Substituting (17) into (16), we can obtain that
€t = Poos P € — a0k Py 60, (AT 0+ wy, +700,,),

which is equivalent to the following equation
tk+1§tk+1 Ptzlgtk atkék tk+1Ptk Qstk ( tk+10 + wy, + n’tk+1> . (18)

Now, we consider the Lyapunov candidate function W;, = g}; Ptjé}k. From (12) and (18), we
have - L~
Wtk+1 :ftk+1Pt;+1§tk+1

~ ~ T
= |:§tk - atk(S/%Ptk Qstk ¢;[,;£tk - atk(skptk Qstk ( tk+10 +wyy, + ntk+1>:|
. {Ptzlék — atkdth;il‘Ptk¢tk ( tk+16 =+ wtk + ntk+1>:| .

By matrix inverse formulas (1) and (7), we have Pt: = Pt:1 + 02 ¢, 01, . By this equation

and the definition of a;, in (8), hence we obtain P, | P, = I+ ¢y, ¢t P, and 1 —ay, =

tk+1
2T
at,, 05 ¢y, Pty @1, Then we have

Wi :gtl;ﬂpt;ilgfwl
= &, — a0 P 60 0L &, — a0 SkPy by, (AT 0+ wi, + ntkﬂ)r
(B - 0kbu (A, 0w, w7, )]
Hence we can get the following equation
Wiy, =68 P18, — ay, 63 (qﬁ?;%ik)Q — a1, 0507 &1, (A;Tk L0+ wy, + mm)
+ atkéiéb;i Py, ¢y, ( tk+19 +wy, + ntk+1>2
<Wi, — ay, 8} (cb?,ftk) — 2a4, 1 0F &0, AT 0 — 204, 5481 &, w0,
— 204, 8408 &0 ey, + 301, 5707 Pry b, (AtTMG) + 31, 6201 Py, 07,
+ 3ay, 6767, Pr, b0, My, - (19)

By summing both sides of (19) from k = 0 to n, we have

th+1 - Wo + Z Qg 5}%(915;[,;5%)2
k=0
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S_Qzatkakgﬂtzgﬁk tk+19 2Zatk6k¢tk§tkwtk Zzatk6k¢tk£tkntk+l (20)
k=0

I Iz I3

+3) a, 05t P, (AL, 0)*+3 Z ag, 02 o7 Py, drw? +3 Z ar, 5r b}, Pry b 17, -
k=0 k=0 k=0

Iy Is 16

In the following, we estimate the six terms Iy, I, - - -, I on the right hand side of (20). B
the Holder inequality and mean inequality, we have for any h > 0,

n % n 2 %
|I1|<{Z(hatk5k¢;igtk)2} {Z( A;FkH&) }

k=0 k=0 (21)
<5 > endt (68) + Y (4%,.0)
k=0 k=0
Denote the set A; = {zgi), e ,igip),j(l), e ,j(p)}, where igi), e z§fp> are the indices of 3p
nonzero elements of ¢;, and j(),--- | () are the indices of p nonzero elements of #. The analysis

for the case where the cardinality of A;, is less than 4p (i.e., part of the nonzero elements of the
vectors g, and 6 are in the same position) is almost the same as that for the case where the set
A¢, has 4p elements. Thus, we just consider the latter. The vectors obtained by extracting the
4p nonzero elements from ¢, and 6 are denoted as gogip ) and 5§fp ), and the indices of these 4p
elements come from the set A;, . Correspondingly, we extract the 4p columns from the matrix
D, and denote the new matrix as Dﬁfp ),

T
By Assumption 3.2 and Remark 2.3, we see that all eigenvalues of the matrix (Dt(:p )) Dﬁfp )
lie in the interval [1 — 74, 1 + 74p]. Thus, we have

we,| = ||, (I = D*D)]| 3

= (<p§fzﬂ>T [[4]0 - (D§3P)>T ngp)}égjp) 5

T
<(ﬁ%[aﬂmm—@ﬁﬁDﬁwwaﬁml@ﬁ)&“@
T

< (@gfp) H L+ yap) Lap — (Dﬁf’”)) Dt(:p) (Sﬁgip)) 9(3;9) Ok
<0 2] [ o]
= 3y e, || - 110 6%

3y
< —=L2__||Dey, |01

\/1_’741)

3y

= —— |y, ||[|6)]] 6. (22)

Mo
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By (22), we can obtain the following inequality for any h > 0,

k=0 k=0
<—Zatk5k Op &) + 3 Zwtk (23)
18+7 ||9H2 -
<_ Zatkdk ¢tk£tk) (IL Z (||¢tk||2§l%) .
v ;D) k=0

Note that 5katk¢}; 5“ € Fi,, by Lemma 2.1, we can derive the following estimate for I3,

1] = 0() + o(zéiatkw;iék)?). (24)
k=0
By (8), it is clear that 0%ay, ¢f P, ¢y, < 1. Thus, we have
n 2
L<3y (af,.0) (25)
k=0

27~2 1102
T 5 (1, 1252) (26)

k=0 T 5

For Ig, it follows that

Is = Z 5ka‘tk¢tkptk¢tk {ntk+1 —E [ntk+1 |‘Ftk:|} + Z 5zatk¢t’1;;Ptk¢tkE [ﬁ%k+1|ftk:| . (27)
k=0

Note that {ntk+1 Ilil[ntHl | Fi ], Fi,, } is a martingale difference sequence, by the C).-inequality
and the Lyapunov inequality, we see that for any a € (1, 2],

SupE{ [ntk_H - (ntk+1|ftk)i| |ftk}
SQSI;DE [|ﬁtk+1 |2a|ftk] + 251}1pE {(E [|ﬁtk+1 |2|ftk])a |.7:tk]
<4 Sng [|ﬁtk+1 |2a|‘7:tk]

<00

holds almost surely. From Lemma 2.1, we can derive that for any n > 0,
- 2 T =2 _ Z4n
Z&katk¢tthk¢tk {ntk+1 —E [ntk“ |ftk]} =0 (Mn(a) log=™" (M, (a) + e)) a.s.,
k_

where

1
a

M(e) 2 {3 (0o o P |

@ Springer



1500 XIE SIYU, et al.

In the following, we need to analyze M, («). Since

p-1

toyr

then we can derive that
det( tk+1) = det(Ptzl) (1 + 5]%¢tTk.Ptk¢tk) :
Thus, it follows that

det(P, det(P; det(P, det(P !
( tk+1) _ ( tr )7 atkénggeptk ¢tk _ ( tk+1) ( tr )
det (P, ) det(P,

et Pr by =

tk+1 )
Then, it follows that

" " det(P; ! ) —det(P 1Y)
> ran o Py, =Y thit t

k=0 k=0 det(
n det( tk+1) dﬂ:

<X
k—o/det(P ) T

=logdet(P; ) + logdet(Py ). (29)

tk+1)

According to the inequality ay, 5,%¢tTk P, ¢, < 1 and (29), we can deduce the following equation

M, (a) = O(1 )+o<logdet< ) +)) (30)
where « > 1 is used. Thus, from (27), (29) and (30), it can be deduced that
Is = 0(1) + (logdet (Pt +)) +0 <logdet (Pt +)) 0 (logdet (Pt +)) . (3

Hence by (20), (21), (23)-(26), (31), taking h = % we have the following inequality

th+1 - WO + Z atkalz(gbg);gtk)Q
k=0

RS 6373, 101° <
52 ¢tk£tk +7Z AtTk+19 11#2(”¢ kHQék +O<Z§katk ¢tk£tk) )
k=0 P

k=0 k=0

10 <1ogdet< ) +)) ,

which implies that

1 - ~\2
§L+l tn+1£tn+1 + (5 + 0(1)> Zatkdz (¢tTk£tk)
k=0

Ty (ar.,0) + % S (I6nIP82) + 0 (togdet (P1,)).
k=0

P L—0

IA

This completes the proof of Theorem 4.1. |
@ Springer



COMPRESSED LEAST SQUARES USING SAMPLING DATA 1501

Therefore, an upper bound for the compressed estimation error of the proposed compressed
LS algorithm is established as follows.
Theorem 4.2 Under Assumptions 3.2 and 3.5, the compressed estimation error Etm has

the following upper bound:

z TL2)|60]1% Ypoo 6h | 6373,001°  r log r
2 < k=0"k D n O n . 32
||£tn+1 H B 4 A:ILIII] + 1 - 74p A:ILIII] )\?nll'l ( )
Proof By Theorem 4.1, we have
6372 191* &
& Pt o < 72 (A5,07 + =722 57 (I6l1257) + 0 (logdet (P71, ) )
k=0
Then we have the following equation
- T3 k=0(40,,0)° | G3LlI0° 7y log det(P; 1)
||§tn+1 H2 S 2\" = + 1 jp74 . (@) Tt“ a.s., (33)
min P min min

where A\, and r, are defined in Assumption 3.6. Using (13) and Assumption 3.5, we obtain

the following inequality

trt 1
||Atk+1|| - H/ ¢tk ds

7/“1 L(s — tg)ds = —6k (34)

Note that
logdet (P, +1 Zlog/\ A L ) < dlog Amax (P; il) =0 (logry,), (35)

where d is the dimension of the vector ¢, . Substituting (34) and (35) into (33) yields

py TL2I0)* Yo 52 | 6395M101> log 7
2 < k=0"k P . n o) n 36
S U e T Y A 2
which completes the proof of the theorem. |
Remark 4.3 By (36), we see that the upper bound of the estimation error & .., consists

of three parts: The first part is mainly caused by the approximation error 4;, . ; the second
part is mainly concerned with the sensing error wy,; the third part is mainly caused by the
system noise 7y, . Under Assumptions 3.4 and 3.6, the first part and the third part tend to zero
as n — 00, and the second part tends to zero as the 4p-restricted isometry constant ~4, goes to
zero. Furthermore, by Remark 2.5, we can see that the 74, can be arbitrarily small when the
dimension of the sensing matrix D satisfies the inequality d > 480plog(m/4p)/~3,.

Theorem 4.4 Under Assumptions 3.2-3.6, we have the following upper bound for the

estimation error of the compressed LS algorithm:
_ 02 2
P = O 222) s,
1- Yap

where gtnﬂ 0—0,., and Cp = defined in Lemma 2.6.

4
VA0 /T
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Proof By Assumptions 3.4-3.6 and Theorem 4.2, we have

64073, [10]*

a.s., 37
1- Yap ( )

sup Hetn-m ”2 <
n

where M is defined in Assumption 3.6. Note that & ., = DO — &t,.1» by (37), the constant

n+1

2
C in Algorithm 1 can be taken as C' = w. Furthermore, by Assumption 3.6 and
Lemma 2.6, we have for large n,
64M 3, 10]12
16,0 = 01 < Gy | 22 (39)
— Vap
This completes the proof of the theorem. |

Remark 4.5 Theorem 4.4 gives an upper bound of the original high-dimensional estima-
tion error, which is positively related to the RIP constant v4,. The estimation error goes to

zero when vy, tends to zero.

5 A Simulation Example

In this section, we provide a simulation example to verify the performance of the compressed
LS algorithm based on sampling data. Consider the following dynamic system:

0y = Sor 0+ ny,

with the dimension m = 100. Set the regression vector ¢; = [sin(t), cos(t), v/, 1 + sin(2t),2 —
cos(2t),0,---,0]T € RYY the system noise {n; > 0} is a standard Wiener process, and the
———

95
unknown sparse parameter § = [0.3,1.2,0.8,0,---,0,0.1,0,0.2]" € R0, For the settings of
——

94
Algorithm 1, we take the initial estimate as 6y = [0.1,---,0.1]T and the initial covariance
N ———

100
matrix as Py = diag(1,1,1,1,1). The sampling interval §, is same as that in [21], i.e.,

ao

(03— & 1403 ’
lrlog 20 ) ol _4
b5
b

0

O =

where [-] is a round up operator. According to [21], we have for any given ag > 0,b9 > 0,¢co > 1,
Yh_00% = oo and Y p_ 6t = O (ZZ:O %b%k) < 00. Thus, the time interval dj satisfies
Assumption 3.4. Here we choose ag = 0.24,by = 1.2, ¢ = 200.

The sensing matrix D is selected as a 5 x 100-dimensional matrix whose elements are Gaus-
sian random variables with zero mean and variance 1/5. Reference [40] showed that such a
sensing matrix can satisfy RIP condition (3) with probability no less than 1 — e~5¢ for some
positive constant ¢ (see Lemma 2.4). For the reconstruction procedure (i.e., Step 3 in Algo-

rithm 1), the OMP algorithm is used to solve the optimization problem. It can be shown
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that the compressed regression vector ¢;, = Dy, € R5 can satisfy Assumptions 3.5 and 3.6
(i.e., compressed persistent excitation condition) while the original high-dimensional regression
vector ¢y, cannot satisfy the excitation condition in [21]. We compare our algorithm with the
traditional uncompressed LS algorithm based on sampling data (cf., [21]) in Figure 1. From
Figure 1, we can see that the mean square error (MSE) (averaged over 200 runs) of our com-
pressed LS algorithm is much smaller than that of the uncompressed LS algorithm in [21],
which means that for the sparse regression vectors, the compressed distributed LS algorithm
has better estimation performance than the uncompressed LS algorithm based on sampling
data. Moreover, in Figure 2, we compare our algorithm with cases where the sampling intervals
are constants and taken as §; = 0.4, 0 = 0.6, §;, = 0.8 and J; = 1, respectively. Then we find
that the MSE of the algorithm with fixed constant sampling interval increases as § increases,
while the MSE of the proposed algorithm based on flexible sampling interval performs better

than cases of fixed constant sampling intervals.

3.0
= Algorithm 1
Uncompressed LS algorithm based on sampling data

\
T

0.0
0

T T T T T
500 1000 1500 2000 2500 3000

k

Figure 1 MSEs of the compressed and uncompressed LS algorithms based on sampling data

= flexible §;

—— fixed sampling period 6; = 0.4

—— fixed sampling period 6, = 0.6
fixed sampling period 6; = 0.8

2.0 = fixed sampling period 6; = 1

MSE

1.04

0.0

0 500 1000 1500 2000 2500 3000
k

Figure 2 MSEs of the compressed LS algorithm under flexible sampling interval

and constant sampling intervals

@ Springer



1504 XIE SIYU, et al.

6 Concluding Remarks

In this paper, we proposed the compressed LS algorithm to estimate an unknown high-
dimensional sparse parameter of continuous-time linear stochastic regression models using the
sampling data based on compressed sensing methods. Under a compressed excitation condition
and suitably choosing sampling time interval, we established the performance result and up-
per bound for the compressed parameter vector and the original high-dimensional parameter
vector of the proposed compressed LS algorithm. Also, the theoretical results do not require
independence and stationarity conditions on the system signals, which indicates that our theory
is available for feedback systems, which plays a key role in the system and control fields. There
remains some interesting open problems in the direction of this paper. For example, to consider

the networked systems and the compressed distributed LS algorithm.
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