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Abstract

This paper studies the problem of line spectral estimation in the continuum of a bounded
interval with one snapshot of array measurement. The single-snapshot measurement data is
turned into a Hankel data matrix which admits the Vandermonde decomposition and is suitable
for the MUSIC algorithm. The MUSIC algorithm amounts to finding the null space (the noise
space) of the Hankel matrix, forming the noise-space correlation function and identifying the s
smallest local minima of the noise-space correlation as the frequency set.

In the noise-free case exact reconstruction is guaranteed for any arbitrary set of frequencies
as long as the number of measurement data is at least twice the number of distinct frequencies
to be recovered. In the presence of noise the stability analysis shows that the perturbation of the
noise-space correlation is proportional to the spectral norm of the noise matrix as long as the
latter is smaller than the smallest (nonzero) singular value of the noiseless Hankel data matrix.
Under the assumption that the true frequencies are separated by at least twice the Rayleigh
Length (RL), the stability of the noise-space correlation is proved by means of novel discrete
Ingham inequalities which provide bounds on the largest and smallest nonzero singular values
of the noiseless Hankel data matrix.

The numerical performance of MUSIC is tested in comparison with other algorithms such
as BLO-OMP and SDP (TV-min). While BLO-OMP is the stablest algorithm for frequencies
separated above 4 RL, MUSIC becomes the best performing one for frequencies separated be-
tween 2 RL and 3 RL. Also, MUSIC is more efficient than other methods. MUSIC truly shines
when the frequency separation drops to 1 RL or below when all other methods fail. Indeed, the
resolution length of MUSIC decreases to zero as noise decreases to zero as a power law with an
exponent much smaller than an upper bound established by Donoho.

Keywords: MUSIC algorithm, single-snapshot spectral estimation, stability, super-resolution,
discrete Ingham inequalities.

1 Introduction

The field of Compressive Sensing (CS) [16] has provided us with a new technology of reconstructing
a signal from a small number of linear measurements. With a few exceptions, signals considered in
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the compressive sensing community are assumed to be sparse under a discrete, finite-dimensional
dictionary.

However, signals arising in applications such as radar [9], sonar and remote sensing [19] are
represented by few parameters on a continuous domain. These signals are usually not sparse under
any discrete dictionary but can be approximately sparsely represented by indicator functions on a
discrete domain. An approximation error, called gridding error [21[I7] or basis mismatch [22} 26], [10]
exists, manifesting the gap between the continuous world and the discrete world. This issue is well
illustrated by the spectral estimation problem [46] as follows.

Suppose a signal y(t) consists of linear combinations of s time-harmonic components from the
set

{e7?mit L, € R, j=1,...,5}.

Consider the noisy signal model
Yty =y(t) +e(t), y(t)=> zje 2meit "

where ¢(t) is the external noise.

The task of spectral estimation is to find out the frequency support set S = {w1, ...,ws} and the
corresponding amplitudes z = [x1, ..., 75]7 from a finite data sampled at, say, t = 0,1,2,--- , M € N.
Because the signal y(¢) depends nonlinearly on S, the main difficulty of spectral estimation lies in
identifying S. The amplitudes x can be recovered by solving least squares once § is found.

More explicitly, denote (with a slight abuse of notation) y = [yx]il,, € = [ex]iL, and y© =
y+e € CMTL with yp = y(k), vi = y°(k) and 5, = (k). Let

M (w) = [1 e 2w gm2mi2w | pm2mMll o oML @)
be the imaging vector of size M + 1 at the frequency w and define
M = [pM(w1) oM (wa) ... ¢M(ws)] € CHMFDXs,
The single-snapshot formulation of spectral estimation takes the form
y* =Mz + e (3)

Again the main difficulty is in the (nonlinear) dependence of ®¥ on the unknown frequencies in
S. In addition, with the sampling times t = 0,1,2,--- , M € N, one can only hope to determine
frequencies on the torus T = [0, 1) with the natural metric

d(wj,wy) = lglei%kdj +n—wyl.

One can attempt to linearize by expanding the matrix ® via setting up a grid

g:{}%,i{,...,]\;l}cm,n, (@)

where N is some large integer, and writing the spectral estimation problem in the form a linear
inversion problem

Yy =Ax+e (5)
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Discretizing [0, 1) as in amounts to rounding frequencies on the continuum to the nearest grid
points in G, giving rise to a gridding error which is roughly proportional to the grid spacing. On the
other hand, as N increases, correlation among adjacent columns of A also increases dramatically
[21].

A key unit of frequency separation is the Rayleigh Length, roughly the minimum resolvable
separation of two objects with equal intensities in classical resolution theory [12, [I5]. Mathemati-
cally, the Rayleigh Length (RL) is the distance between the center and the first zero of the Dirichlet
kernel

eQW@twdt —

/M/2 sin mwM
—M/2 W ’

D(w) =

Hence 1 RL =1/M.

The ratio F' = N/M between RL and the grid spacing is called the refinement factor in [21]
and super-resolution factor in [6]. The higher F' is, the more coherent the measurement matrix A
becomes.

1.1 Single-snapshot MUSIC

In this paper, to circumvent the gridding problem, we reformulate the spectral estimation problem
in the form of multiple measurement vectors that is suitable for the application of the MUltiple
Signal Classification (MUSIC) algorithm [43] 42], widely used in signal processing[48, 30}, [34] and
array imaging [8| [13] 31].

Most state-of-the-art spectral estimation methods ([46] and references therein) assume many
snapshots of array measurement as well as statistical assumptions on measurement noise. In con-
trast, we pursue below a deterministic approach to spectral estimation with a single snapshot of
array measurement in common with [11].

Fixing a positive integer 1 < L. < M, we form the Hankel matrix

Yo Y1 -eo YM-L
Y1 Y2 cee YM-L+1

H = Hankel(y) = | . , ) ) . (6)
yr Yr+1i .- Ym

Since its first appearance in Prony’s method [40] the Hankel data matrix @ plays an important
role in modern methods such as the state space method [35], 41] and the matrix pencil method [27].

It is straightforward to verify that Hankel(y) with y = ®z admits the Vandermonde decom-
position

H=9alXx(@M-1)T X = diag(x1,...,z,) (7)



with the Vandermonde matrix

1 1 . 1
e—27riw1 e—27riw2 o e—27riws
(I)L _ (67271'1'(.01)2 (67271'2'(.02)2 L (6727riws)2
(efQ%iwl)L (efQ%iwg)L ) ) (67271:1'0.;5)L

Here we use a special property of Fourier measurements: a time translation corresponds to a
frequency phase modulation.

Let H® = Hankel(y®) and E = Hankel(¢). The multiple measurement vector formulation of
spectral estimation takes the form

H*=H+E=3a!Xx(@" )T L B (8)

The crux of MUSIC is this: In the noiseless case with L > s and M — L 4+ 1 > s the ranges of
H and ®F coincide and are a proper subspace (the signal space) of CL*L. Let the noise space be
the orthogonal complement of the signal space in CX*1. Then S can be identified as the zero set
of the orthogonal projection of the imaging vector ¢*(w) of size L + 1 onto the noise space.

More specifically, let the Singular Value Decomposition (SVD) of H be written as

H:[ U1 U2 } diag(Ul,Ug,...,JS,O,...,(])[ V1 V2 ]*
~— ~— ~— ~—
(L+1)xs (L+1)x(L+1—s) (L4+1)x (M —L+1) (M—L+1)xs (M—L+1)x(M—L+1-s)

with the singular values ; > 092 > 03 > ---0s > 0. The signal and noise spaces are exactly the
column spaces of Uy and Us respectively.

The orthogonal projection Py onto the noise space is given by Pow = Us(Usw), Vw € CEHL,
Under mild assumptions one can prove that w € S if and only if Pa¢”(w) = 0. Hence S can be
identified as the zeros of the noise-space correlation function

Pt )l _ 1U56H @)l
Bl =0t = @l

or the peaks of the imaging function

k@l k@)l
T = sl ~ 1050 @)

The following fact is the basis for noiseless MUSIC (See Appendix [A| for proof).

Theorem 1. Suppose wy # w; Vk # 1. If
L>s, M—L+1>s, (9)
then
weS <= Rw) =0+= J(w) =oc.

Remark 1. Condition (@) says that the number of measurement data (M + 1) > 2s suffices to
guarantee exact reconstruction by the MUSIC algorithm.



For the noisy data matrix H® let the SVD be written as

H* =] Uj Us | diag(of,05,...,05,05,1,--) [ Vf Vy I*
~— ~— ~— ~—
(L+1)xs (L+1)x(L+1—s) (L+1)x(M—L+1) (M—L+1)xs (M—L+1)x(M—L+1—s)
with the singular values of > 05 > 05 > --- . The noise-space correlation function and imaging

function become

Re() = IPE0H @) _ 156w

It @)l o™ (@)l

and

) - L 16H @l et
Re(w)  [Psot(w)llz (U oL (w)]2
respectively with P§ = U5 (US)*.
The MUSIC algorithm is given by

MUSIC for Spectral Estimation

Input: y° € CM+1 5 L.

1) Form matrix H® = Hankel(y®) € CEAD)*(M=L+1),

2) SVD: H¢ = [Uf Usldiag(os, ..., 0%,.. . )[VF Vs]*, where U € CEADxs,
3) Compute imaging function J¢(w) = ||¢*(w)|l2/|US* ¢ (w)||2-

Output: S = {w corresponding to s largest local maxima of J¢(w)}.

Figure[l|shows a noise-space correlation function and an imaging function in the noise-free case.
True frequencies are exactly located where the noise-space correlation function vanishes and the
imaging function peaks.
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(a) Noise-space correlation R(w) (b) Imaging function J(w)

Figure 1: Plots of R(w) and J(w) when M = 100, L = 50 and there are 10 equally spaced objects
on T represented by red dots.

The MUSIC algorithm as formulated above requires the number of frequencies s as an input.
There are some techniques [14), B3] for evaluating how many objects are present in the event that
such information is not available. When os > 2||E||2, s can be easily estimated based on the
singular value distribution of H® due to Weyl’s theorem [49].



Proposition 1 (Weyl’s Theorem). |05 —o;| <[[Ell2, j =1,2,...

As a result, 05 < [|E|]2, Vj > s+ 1 and 0 > o5 — ||El]2. Hence o > o5, creating a gap
between ¢ and {Uj :j > s+ 1}. An example is shown in Figure

Before describing our main results, we pause to define notations to be used in the subsequent
sections. For an m x n matrix A, let opmax(A) and opin(A) denote the maximum and minimum
nonzero singular values of A, respectively. Denote the spectral norm, Frobenius norm and nuclear
norm of A by ||All2, ||Al|r and [[A|.. Let Zmax = maxj—1, . ¢|z;| and Tmin = minj—y s |z;|. The
dynamic range of x is defined as Tpax/Tmin. Fixing S = {wi1,...,ws} C T, we define the matrix
dN1=N2 guch that

QTN = TR = Ny, Ny, =1, s,

For simplicity, we denote ®M = $0—=M

1.2 Contribution of the present work

The main contribution of the paper is a stability analysis for the MUSIC algorithm with respect
to general support set S and external noise.

In the MUSIC algorithm frequency candidates are identified at the s smallest local minima of
the noise-space correlation which measures how much an imaging vector is correlated with the noise
space. In noise-free case, the noise-space correlation function R(w) vanishes exactly on S. For the
noisy case we prove

. 401 + 2||E||2

|Rf(w) — R(w)| < al|El2, a= (05 — |E]2)?

(10)

which holds for any support set S C T.
To make the bounds explicit and more meaningful, we prove the discrete Ingham inequal-
ities (Corollary (1)) which implies

o S 2 2 4 2 2 4 (11)
L(M—-L) — "™ \x wl%?* L)\m =(M-L)?2¢? M-L

2 (m V2 m) <m+ V2 sﬁ) )

2
s

L(M—1) = "ma\ "o Top2ge L T a(M-L22  M-L

under the gap assumption

_ mind(w;.w) > 1224‘§1\/52 4 \72 13)
@= P Qy =M\ TN\ T D) M-V T \x M—1L ‘

Furthermore, we prove that for every w; € S, there exists a local minimizer @; of R® such that
wj — wj as noise decreases to 0.

To relax the restriction on the minimum separation between adjacent frequencies, condition
suggests that L should be about M /2 and then the resolving power of the present form of
MUSIC is as good as 2/M = 2 RL.

By the results of [1], the spectral norm of the random Hankel matrix E constructed from a zero
mean, independently and identically distributed (i.i.d.) sequence of a finite variance is on the order




of VM log M for M > 1 while oy is on the order of M (with L ~ M /2). In this case the factor «
in is almost always positive for sufficiently large M regardless of the variance of noise and

R (w) = R(w)| = O(M~1/?)

up to a logarithmic factor.

Also the super-resolution effect of MUSIC is studied. When the minimum separation between
frequencies drops below 1 RL, we show that the noise level that MUSIC can tolerate obeys a power
law with respect to the minimum separation with an exponent smaller than an estimate established
by Donoho.

Our analysis can be easily extended to other settings where the MUSIC algorithm can be applied,
such as the estimation of Directions of Arrivals (DOA) [34] and inverse scattering [8, [13], 31].

1.3 Comparison with other works

Among existing works, [20] is most closely related to the present work. Central to the results of
[20] is a stability criterion expressed in terms of the Noise-to-Signal Ratio (NSR) E(]|¢]|2)/]|y||2, the
dynamic range and, when the objects are located exactly on a grid of spacing > 1 RL, the restricted
isometry constants from the theory of compressed sensing [4]. The emphasis there is on sparse (i.e.
undersampling), and typically random, measurement. For the gridless setting considered in the
present work, the implications of the analysis in [20] are not explicit due to lack of the restricted
isometry property for a well-separated set in the continuum. This barrier is overcome in the present
work by the discrete Ingham inequalities and the resulting bounds on singular values.

Other closely related work includes [11] and [7] where Vandermonde decomposition of the Hankel
matrix @ are used to design different algorithms.

In [1I] Demanet et al. proposed an approach to spectral estimation with a selection step of the
support set followed by a pruning step. In the selection step, any w satisfying sin £ (¢ (w), Range H?)
< n for some judicious choice of 1 > 0 is kept as a frequency candidate based on their estimate

s Ell2

sin £(¢%(w;), RangeH®) < C ’
(d) ( J) & ) xminamin(q)M_L)||¢L(wj)”2

ij eS

for some constant C' > 0. In comparison, our estimates — are more comprehensive as they
apply to T including & and more explicit due to discrete Ingham inequalities. In addition, the
choice of the thresholding parameter n can affect the performance of the algorithm in [I1] while
MUSIC does not contain any thresholding parameter.

In [7] Chen and Chi exploited the low-rank property of the Hankel matrix H and applied
the matrix completion technique to recover a spectrally sparse signal from its partial time-domain
samples. The focus of [7] is on the completion and denoising of of data from the partial noisy samples
while MUSIC is designed for frequency recovery. A combination of [7] and our work constitutes a
new framework for single-snapshot spectral estimation with compressive noisy measurements which
is to be discussed in Section [6l

As for frequency recovery, recent progresses center around greedy algorithms and Total Variation
(TV) minimization.

The challenge of applying greedy algorithms to while N > M lies in the high coherence
and ill conditioning of the sensing matrix A. In order to mitigate this effect, we exploited the
coherence pattern of A and introduced the techniques of Band exclusion and Local Optimization



(BLO) to enhance standard compressive sensing algorithms. The performance guarantee in [21]
assumes ¢ > 3 RL and ensures reconstruction of § to the accuracy of 1 RL.

In [6, 5], Candes and Fernandez-Granda proposed TV minimization and showed that, under the
assumption of ¢ > 4 RL, the TV minimizer yields an Lq reconstruction error linearly proportional
to noise with a magnification factor proportional to F? where F is the refinement /super-resolution
factor. Inspired by this approach, Tang et al. [47] developed an atomic norm (equivalent to the
TV norm in 1D) minimization for the completion of y from its partial samples and showed exact
reconstruction in the noise-free case. Like [20], a main emphasis in [47] is on sparse measurements.
Unfortunately, the effect of noise is not considered in [47]. For numerical implementation a SemiDef-
inite Programming (SDP) on the dual problem is solved in [47, [5] where numerical efficiency and
stable retrieval of primal solutions may become a problem.

Historically, Prony was the first to address the problem of spectral estimation [40]. Unfor-
tunately, Prony’s method is numerically unstable and numerous modifications were attempted to
improve its numerical behavior. Approximate Prony Method (APM) proposed by Beylkin and
Monzén in [3] is a major breakthrough for function approximation by exponential sums. Specifi-
cally, Beylking and Monzén considered the following problem: given 2N + 1 values of function f(t)
on a uniform grid on [0, 1] and a target accuracy € > 0, they find the minimal number s of complex
weights w; and complex nodes 7; such that

k S
/ <2N> _;wﬂj <e, Vk,0<k<2N.

Many interesting examples were provided in [3]. For instance, the Bessel function Jy(1007t) in [0, 1]
is approximated by exponential sums of 28 complex nodes with accuracy ¢ = 10719 by APM.

In comparison the spectral estimation problem is the identification of {v;} from noisy data,
instead of approximation of the signal. For spectral estimation with noisy data, APM’s stability
may be questionable. The numerical examples of spectral estimation by APM in [39] all have low
NSR = O(107?) where § > 4. In contrast our simulations in Section [5| are performed with NSR as
large as 0.5. Furthermore, the super-resolution effect of MUSIC is quantitatively documented in
Section [4] while it has not been reported in literature whether APM has the capability of localizing
closely spaced frequencies.

In terms of discrete Ingham inequalities, Theorem [2| is the first result in which both the gap
condition and the upper/lower bounds are explicitly given. In comparison semi-discrete Ingham
inequalities in [32], 39, Lemma 3.1] give the correct scaling with respect to the size of the Vander-
monde matrix ® without an explicit estimate for the constants (cf. (17) and in Section. In
other words the previous Ingham inequalities affirm only that the matrix ®% has a finite condition
number under certain gap condition of & without an explicit estimate on the magnitude of the
condition number.

Detailed numerical comparisons of the MUSIC algorithm with Band-excluded Locally Optimized
Orthogonal Matching Pursuit (BLOOMP) of [21], SemiDefinite Programming (SDP) of [6] [5] [47]
and Matched filtering using prolates enhanced by the Band-excluded and Locally Optimized tech-
nique [18] are presented in Section

Since the SVD step is its primary computational cost, MUSIC has low computational com-
plexity compared to other existing methods. As we will also see, MUSIC is also among the most
accurate algorithms. Finally, MUSIC is the only algorithm that can resolve frequencies with com-



plex amplitudes closely spaced below 1 RL. Indeed, the resolution of MUSIC can be arbitrarily
small for sufficiently small noise.

The paper is organized as follows. We estimate nonzero singular values of rectangular Van-
dermonde matrices with nodes on the unit disk in Section Perturbation theory for MUSIC is
presented in in Section [3] and super-resolution effect of MUSIC is studied in Section |4l Numerical
experiments are provided in Section [5] We finally conclude and discuss extensions of our current
work in Section [Gl

2 Vandermonde matrices with nodes on the unit circle

Performance of the MUSIC algorithm in the presence of noise is crucially dependent on o1 and oy,
the maximum and minimum nonzero singular values of the noiseless Hankel data matrix. To pave
a way for the stability analysis, we discuss singular values of the rectangular Vandermonde matrix
®L in this section.

Our estimate is motivated by the classical Ingham inequalities [28], [50), (pp.162-164)] for non-
harmonic Fourier series whose exponents satisfy a gap condition. Specifically Ingham inequalities

address the stability problem of complex exponential sums in the system {e?™«it, ¢t € [-T/2,T/2], w; €

R, j=1,...,s}.

Proposition 2. Let s € N and T > 0 be given. If the ordered frequencies {w1,...,ws} fulfill the
gap condition

wip1 —wj >q¢>1/T, j=1,...,5s -1, (14)

then the system of complex exponentials {e=2™wit t € [-T/2,T/2], j = 1,...,s} form a Riesz
basis of its span in L*[~T/2,T/2], i.e

) 1 T/2
;(1 T2 2>||C||2 < / ‘ZC e —2miw;t

for all complex vectors ¢ = (cj);_; € C.

44/2 1 9
<7 -
it (14-47Qq2)nqb (15)

Remark 2. Ingham inequalities can be considered as a generalization of the Parseval’s identity for
non-harmonic Fourier series. The gap condition is necessary for a positive lower bound in but
the upper bound always holds.

We prove a discrete version of Ingham inequalities.
Theorem 2. Suppose S satisfies the gap condition
1 [2/2 4\-3
= mind(wy,w) > 1\/= (5 - 7). 16
qr}l;ll(w]wl) LV7m\mr L (16)

When L is an even integer,

2 2 W2 VI 3e 5
( F)lell < FIRvel < (252 + =2 + 22 el vee ©, (17)

7 wlL2¢?




In other words,

Loz (ab W2 V2 32 18
Eamax( ) = TrLQqQ L ( )
and
1, .2 2 4
Zamin(q) ) > x rli2 L (19)

2 2 4 9 1.1 2 1 4.2 V2 3v/2 )
r 7¢I < pleellz = (14 £ Ve € C.(20
(w rL2q2 L> llellz < LH cllz < < + L) ( — L 1) t I llcll3, Ve (20)

Proof of Theorem [2]is provided in Appendix B}

Remark 3. The difference between the bounds of the discrete and the continuous Ingham inequal-
ities is O(1/L) which is negligible when L is large. The upper bound in holds even when the
gap condition 1s violated; however, s necessary for the positivity of the lower bound.

Remark 4. Some form of discrete Ingham inequalities are developed in [37, [38] for the analysis
of the control/observation properties of numerical schemes of the 1-d wave equation. The main
result therein is that when time integrals in are replaced by discrete sums on a discrete mesh,
discrete Ingham inequalities converge to the continuous one as the mesh becomes infinitely fine.
Thewr asymptotic analysis, however, do not provide the non-asymptotic results stated in Theorem

2

3 Perturbation of noise-space correlation

In this section we use tools in classical matrix perturbation theory [45, 29] and develop a perturba-
tion estimate on the noise-space correlation function, the key ingredient of the MUSIC algorithm.
Our main results are presented in Theorem [3] Corollary [I] and Theorem [4 and proofs are provided

in Appendix and
Theorem 3. Suppose L > s, M — L+ 1> s and ||E||2 < 0s. Then

[P56 — Poglls _ 4o + 205

|F*(w) = R(w)| < [|P; = Paflz := sup < 1E]]2- (21)
’ gect+r 9]l (05 = [ Ell2)?
In particular, for wj € S, R(w;) =0 and
2|E
| R (w))] < 1E]: L i=1,2,...,s (22)

N mmingmin(((bM_L)T> ”¢L(wj) H2

Remark 5. While is a general perturbation estimate valid on T, including S, is a sharper
estimate for w; € S.

Remark 6. Suppose noise vector e containsi.i.d. random variables of variance 0%, |[E|2 < | E|r =
O(o). For fixed M and S,
| (w) = R(w)| = O(0).

10



Theorem [3] holds for all signal models with any support set S. In view of the Vandermonde
decomposition we next derive explicit bounds for the perturbation of noise-space correlation by
combining Theorem [2] and

Corollary 1. Let L and M — L be even integers. Suppose S satisfies the following gap condition

1 1

1 [2/2 4\ 1 [2(2 4 \?
— min d(w; bl e R Y el . 23
1=0E (“J’wl)>maX<L 7r<7r L) ’M—L\/;(w M—L) ) (23)

Then
4oy + 2 lE]]2
- FE
|R5( )_R(w)’§ L(M L)2 . H HQ ’ (24)
( 12 > L(M—1L)
L(M—L)
where
L (wa e s\ (ne 32 )
LT e r | nl’@? L m  a(M-L3?@2 M-L
and
(22 _ay2_o 2 1 %)
@I\ T T w2 L) \x a(M-L2@ M-1)

Remark 7. Corollary[1] is stated in the case that both L and M — L are even integers. However,
the results hold in other cases with a slightly different aq based on and .

Remark 8. As noted in Section for i.i.d. noise |E||2 grows like /M log M which is much
smaller than /L(M — L) with L ~ M as M — co. As a consequence,

Viog M
)

m%m—RWM=O<

under the gap condition .

How close are the MUSIC estimates, namely the s lowest local minimizers of R°(w), to the true
frequencies which are the zeros of R(w)? While we can not at the moment answer this question
directly, the following asymptotic result says that every true frequency has a near-by strict local
minimizer of R? in its vicinity converging to it. Denote [¢¥(w)] = d¢™(w)/dw.

Theorem 4. Suppose
Palot(W))'],_,, #0, Vw;€S. (27)

When ||E||2 is sufficiently small (details in and (64)), there exists a strict local minimizer @;
of R*(w) near w; such that

|0j —wj|  min [Q"(&)] < 4an(L)||E|ls (28)
£€(wj,5)

11



where Q(w) = R%(w), n(L) = 2rvV12+22 + ...+ L2//L+1 and
_ 4o +2||E2
(05 = 1El2)*
Remark 9. Fori.i.d. random variables of variance o2, |E||s = O(0) for fizved M. Hence
|0j — wj| = O(0)
as o — 0.

Remark 10. In view of the z’dentity

Q" (wj) = 7= [Palo" (@)I'lI3 #0, V)

L+1 W=,

cf. @ assumption (m s a generic condition that says the true frequencies are not degenerate
minimizers of R%. Figure @ shows || Pt (w)]'l|2/]|[¢% (w)]'||l2 for various M and suggests that for
q=>4 RL,

Crillle"@)]'[I3 < IP2[¢" (@))'[13 < Calll¢"(w))'[13, ¥ w € [0,1) (29)
for some constants C1,Co > 0 independent of M.

nnnnnn

Figure 2: Function ||Pa[¢”(w)])'|l2/]/[¢% (w)]'||2 with varied M in the case that frequencies in S are
separated by 4 RL. L = M /2 and S is marked by red dots.

Remark 11. Under the assumption , the right hand side of (@) scales like o/ M log M with
L = M/2 for i.i.d. random noise of variance 0. Under the assumption ,

" (w; Tz < 208 @3 201 (12 + 22 + ... + L?)
Q" (w;)| = L+1||732[ Lwprz > L+1J _ L

As shown in the proof of Theorem/[]] (Step 1),

= O(L?).

min [Q"(¢)] > %Q"(wj) —O(M?), M=2L>1.

£€(wj,@5)

As a result

M3/2

@i —wjl = 0< 10gM> :

12



Strong stability in the case of well separated objects is demonstrated in Figure [3| Let M = 64,
L = 32 and then 1 RL = 1/64. External noise is i.i.d. Gaussian noise, i.e. £ ~ N(0,0%I). Noise-
to-Signal Ratio (NSR) = E(|l¢]|2)/|ly|l2 = 20%. We display singular values of H and H€ in Figure
Bf(a), noise-space correlation function R(w) and R°(w) in Figure 3(b), and imaging function J(w)
in Figure [3|(c). With a minimum separation of 4 RL imposed on S, R®(w) is stably perturbed from
R(w). More importantly, every peak of J¢(w) is near a true object in S. Simply extracting s largest
local maxima of J¢(w) yields a good reconstruction.

singular values R(w) and R'(0) Je)

« —e— oxact —— exact

—— noisy. 09 | —— noisy

5 10 1520 25 30 A RE R 10 20 30 0 50 60

(a) Singular values of H and H® (b) R(w) and R®(w) (c) Jo(w)

Figure 3: Perturbation of noise-space correlation and imaging function in the case where objects
are separated by 4 RL and NSR = 20%. In (c) true objects are located at red dots.

4 Super-resolution effect of MUSIC

Super-resolution refers to the capability of resolving frequencies separated below 1 RL. The super-
resolution effect of MUSIC has been numerically demonstrated in various applications [13| B34) 20,
46], but theoretical guarantees are lacking. In this section we aim to analyze the super-resolution
effect in light of the preceding results and that of [I5].

With 2s noiseless data MUSIC guarantees to exactly recover s distinct frequencies. With noisy

data, the resulting perturbation of the noise-space correlation function depends crucially on o1 and
os (Theorem [3). As

op < Jmax((I)L)xmaxUmax(q)M_L)a (30)

os 2 O'min((I)L)xmino'min((I)M_L)y (31)
the larger oumin(®Y), Zmin, Omin (@M ~F) and the smaller oymax(PY), Zmax, Cmax (@ ~L) are, the less
sensitive MUSIC is to noise. It follows that a close-to-unity dynamic range Tmax/Tmin and good
conditioning of ® and ®¥~L are conducive to the stability of MUSIC.

In particular, the denominator (s — ||E||2)? on the right hand side of indicates that the
amount of noise that can be tolerated by MUSIC is approximately o, which by is at least
xminamin(q)L)O'min(q)M_L)-

Hence, to understand the super-resolution effect of MUSIC it is essential to estimate the smallest
nonzero singular value of ® with closely spaced frequencies. Under certain weakened gap conditions
proposed in [2, [15], we provide an explicit upper bound on o (®*) and discuss the possible
implication of the bounds on o, (%) in [15] on the super-resolution effect.
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4.1 Maximum singular value of ®*

Motivated by [2} [15], we consider a sequence S = {w; : j € Z} which is s-periodic in the sense that
SN[0,1) = {wi,ws,...,ws} and wjips = k+w;,Vk € Z,j = 1,...,s. Without loss of generality, we
assume 0 < wp <wgy < -+ <wg < 1.

Define

S
2[5
w
o

+ Wi/qu + if L is even

B(q, L) = b b b
1Y (42 3 e T s
(1+Z) (T+W+L+1> lfLISOdd.
Theorem 5. Suppose S is an s-periodic sequence and satisfies the following weakened gap condition

|Wj+R—w]">Rp,j:]_,...,S, (32)

for some R € Z" and p € R*. Then
1< ,
S e il < B(Rp, L)R|c|3, Ve € C°. (33)

In other words,

1 o2

L max

(1) < B(Rp, L)R. (34)

Proof of Theorem [5]is in Appendix D}

By choosing R and p such that Rp = 2/L, in which case there are at most R frequencies in any
interval of 4 RL (1 RL = 1/(2L) when L = M/2), we can maintain B(Rp, L) roughly independent
of L > 1 and obtain the (asymptotic) upper bound 11\7{5}2 for o2, .(®F)/L. Tt is noteworthy that
the minimum separation between two consecutive frequencies significantly affect the least nonzero
singular value but not the largest one.

4.2 Minimum nonzero singular value of ®*

Presently we can not prove an ezplicit lower bound for oy, (®¥) when two or more frequencies are
spaced below 2 RL (1 RL = 1/(2L) when L = M/2).

Now we recall and reformulate the lower bound established by Donoho [15]. Let S = {w;};ez
be a subset of the lattice L(A) = {kA, k € Z} of spacing A. Let the Rayleigh index R, be the least
positive integer such that

wjtr. —wj| > 2R /L, Vj. (35)

In other words, R, is the size of the largest cluster whose members are separated from each other
by less than 4 RL. Define

N[

L/2
v(A, L, R,) = min / ‘ZC —2miwjt

llell2=1 L/2

(36)
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According to [15]
v(A, L, R,) > A*™Ta(L,R,) (37)

where a(L, R,) is some positive constant depending on L and R,. No algorithm is proposed for
support reconstruction in [15].
The definition is the continuous analog of

1
2
2

L s
. Ly _ : L —2mikw;
omin(®7) = hin, g’;cﬂe ’ (38)

Hence by making the identification A = min;; d(w;,w;) = ¢, it is plausible that, even with discrete
data and without the lattice substrate, the bound

Tmin(®") > ¢ Ha(L, R,) (39)

holds with some positive constant &(L, R,) under the condition (35].

Our preceding analysis in Sections [2| and [3]is for the case R, = 1.

As commented above, for a support set with Rayleigh index R, the amount of noise that
can be tolerated by MUSIC is approximately o, which, according to , decays at worst like
Tming* T2 as ¢ — 0. Our numerical experiments in Section show that the noise level that
MUSIC can tolerate obeys ¢¢(*=) for R, = 2,3,4,5 and e(2) = 3.6691, e(3) = 6.0565, e(4) = 8.3861
and e(5) = 11.2392, suggesting that e(R,) ~ 2.504R, — 1.4262.

5 Numerical experiments

A systematic numerical simulation is performed on MUSIC, BLOOMP, SDP and Matched Filtering
using prolates in this section, showing that MUSIC combines the advantages of strong stability and
low computation complexity for the detection of well-separated frequencies and furthermore only
MUSIC yields an exact reconstruction in the noise-free case regardless of the distribution of true
frequencies and processes the capability of resolving closely spaced frequencies.

5.1 Algorithms tested.

We compare the performances of various algorithms on the spectral estimation problem with
M =100 and i.i.d. Gaussian noise, i.e. € ~ N(0,02I) +iN(0,0%I). Define the

Noise-to-Signal Ratio (NSR) = E(||e||2)/llyll2 = ov/2(M + 1)/||ly]|2. (40)
We test and compare the following algorithms.
1. The MUSIC algorithm: As suggested by in Corollary [1| we set M = 2L.

2. Band-excluded and Locally Optimized Orthogonal Matching Pursuit (BLOOMP) [2I]: BLOOMP
works with an arbitrarily fine grid with grid spacing ¢ = RL/F where F is the refinement /super-
resolution factor. In the presence of noise it is unnecessary to set an extremely large F'. A
rule of thumb for the problem of spectral estimation is that F' ~ SNR gives rise to a gridding
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error comparable to the external noise [21, Fig. 1]. For instance F' = 20 is adequate when
SNR > 5%. When frequencies are separated above 3 RL (i.e., in Fig. [4[(b), Fig. [5(b) and Fig.
[6[a) (b)), we can set the radii of excluded band and local optimization to be 2 RL and 1 RL,
respectively. When frequencies are separated between 2 RL and 3 RL (i.e., in Fig. [6[c)(d),
the radii of excluded band and local optimization is set to be 1 RL.

3. SemiDefinite Programming (SDP) [0, [47]: The code is from http://www.stanford.edu/
~cfgranda/superres_sdp_noisy.m where SDP is solved through CVX, a package for spec-
ifying and solving convex programs [24, 25]. Output of SDP is the dual solution of total
variation minimization. In the code, frequencies are identified through root findings of a
polynomial and amplitudes are solved through least squares. Let & = [wj];‘:l € R” be the
frequencies retrieved from the code and & = [a?j];?:l € C" be the corresponding amplitudes.
Usually n is greater than s. A straightforward way of extracting s reconstructed frequencies
is by Hard Thresholding (HT), i.e., picking the frequencies corresponding to the s largest am-
plitudes in Z. We also test if the Band Excluded Thresholding (BET) technique introduced
in [21] can improve on hard thresholding and enhance the performance of SDP (Fig. [6). BET
amounts to trimming @ € R” to @ € R?® as follows.

Band Excluded Thresholding (BET)
Input: @, Z,s,r (radius of excluded band).
Initialization: & =[].

Iteration: for k =1,...,s
1) Find j such that |Z;| = max; |Z;|.
If 2; = 0, then go to Output.
2) Update the support vector: & = [ ; @;].

3)Fori=1:n
If &, € (Wj —r,0; + 1), set T; = 0.
Output: w.

When frequencies are separated by at least 4 RL, we choose r = 1 RL.

4. Matched Filtering (MF) using prolates: In [I§], Eftekhari and Wakin use matched filtering
windowed by the Discrete Prolate Spheroidal (Slepian) Sequence [44] for the same problem
while frequencies are extracted by band-excluded and locally optimized thresholding proposed
n [2I]. In its current form, MF using prolates can not deal with complex-valued amplitudes
so it is tested with real-valued amplitudes only.

Reconstruction error is measured by Hausdorff distance between the exact (S) and the recovered
(S) sets of frequencies:

d(8,S) = max {maxmin d(w,w) , maxmin d(dz,w)} . (41)
wes wes weS s

5.2 Noise-free case

In the noise-free case only MUSIC processes a theory of exact reconstruction regardless of the
distribution of true frequencies. In theory, BLOOMP requires a separation of 3 RL for approximate
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support recovery while SDP requires a separation of 4 RL for exact recovery. In this test we use
the four algorithms to recover 15 real-valued amplitudes separated by 1 RL. Figure [4] shows that
MUSIC achieves the accuracy of about 0.004 RL while BLOOMP, SDP and MF using prolates
essentially fail, which implies that certain separation condition is necessary for BLOOMP, SDP
and MF using prolates.

; ‘ ‘ ‘ ‘ ‘ ‘
—0 exac
ol 2 |
1L
o6t
0.4 1 0.5
0.2
0 0 ¥ I i .
-0.2
-0.5
-0.4
-0.6 -1
-0.8
1k L L L L T -15p L L L L L
- 15 20 25 30 35 15 20 25 30 35
dist = 0.0042063RL dist = 1.8138RL
(a) MUSIC. Red: exact; Blue: recovered. (b) BLOOMP. Red: exact; Blue: recovered.
d(S,S) ~ 0.004 RL. d(S,S) ~ 1.81 RL.

== | == o
0.5 ] 05F /\ /h ]
Op—w—*— N - 0 ~/ \
05 II Bl —05F

1 ]

a4tk

-15E

I I I I |
15 20 25 30 35

dist = 2.7194RL 15 20 25 30 35

(c) SDP. Red: exact; Blue: recovered. Hard (d) MF using prolates. Red: exact; Blue: inverse
thresholding yields d(S,S) ~ 2.72 RL. Fourier transform of y windowed by the first DPSS
sequence.

Figure 4: Reconstruction of 15 real-valued frequencies separated by 1 RL. Dynamic range = 1 and
NSR = 0%.

5.3 Detection of well-separated frequencies

Figure [5| shows reconstructions of 15 real-valued frequencies separated by 4 RL. By extracting
15 largest local maxima of the imaging function J®(w), MUSIC yields a reconstruction distance
of 0.06 RL. As predicted by the theory in [21], every recovered object of BLOOMP is within 1
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dist = 0.05549RL dist = 0.051331RL
(a) MUSIC. Red: exact; Blue: recovered. (b) BLOOMP. Red: exact; Blue: recovered.
d(S,S) ~ 0.06 RL. d(8,S) ~ 0.05 RL.
Q T T
6 —© exact , 6r —© exact ||
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(c) SDP. Red: exact; Blue: Primal solution of (d) MF using prolates. Red: exact; Blue: in-

SDP. Hard thresholding (green) yields d(5,S) ~ verse Fourier transform of y® windowed by the

3.94 RL. The true amplitude around 33 RL is re- first DPSS sequence; Green: frequencies selected

covered as two amplitudes and the BET technique by the BLO technique. d(S ,8) =~ 0.10 RL.

can be used to eliminate the smaller one in the step
of frequency selection.

Figure 5: Reconstruction of 15 real-valued amplitudes separated by 4 RL. Dynamic range = 10
and NSR = 10%.
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RL distance from a true one. Indeed, in this simulation BLOOMP achieves the best accuracy of
0.05 RL among tested algorithms. The primal solution of SDP is usually not s-sparse and the
recovered frequencies tend to cluster around the true ones [5] which degrades the accuracy. The
Hausdorff distance between the recovered spikes with the s strongest amplitudes and the true
frequencies is 3.94 RL in this simulation. The BET technique can be used to enhance the accuracy
of reconstruction and achieve the accuracy of 0.13 RL. Similarly the BLO technique introduced in
[21] can be applied to improve the result of Matched filtering windowed by the DPSS sequence (the
blue curve in Figure d)) and achieve the accuracy of 0.10 RL.

Figure[6] shows the average errors of 100 trials by SDP with HT, BET-enhanced SDP, BLOOMP
and MUSIC for complex-valued objects separated between 4 RL and 5 RL (Fig. [6[a)(b)) or sepa-
rated between 2 RL and 3 RL (Fig. [6{c)(d)) versus NSR when dynamic range = 1 (Fig. [6[(a)(c))
and when dynamic range = 10 (Fig. [6[(b)(d)). In this simulation [0, 1) are fully occupied by frequen-
cies satisfying the separation condition and amplitudes x are complex-valued with random phases.
Refinement factor F' in BLOOMP is adaptive according to the rule: F' = max(5, min(1/NSR, 20)).
Figure [6] shows that BLOOMP is the stablest algorithm while frequencies are separated above 4
RL and MUSIC becomes the stablest one while frequencies are separated between 2 RL and 3 RL.
Simply extracting s largest amplitudes from the SDP solution (black curve) is not a good idea and
the BET technique (green curve) can mitigate the problem with SDP. The average running time
in Figure [6] shows that MUSIC takes about 0.33s for one experiment and is the most efficient one
among all methods being tested. SDP needs about 20.5s for one experiment and is computationally
most expensive. Running time of BLOOMP is dependent on sparsity s and refinement factor F.
The running time of BLOOMP in Fig. [6]c)(d) is more than the time in Fig. [6[a)(b) as s € [33,50]
in Fig. [6}(c)(d) and s € [20,25] in Fig. [6]a)(b).

5.4 Super-resolution of MUSIC

Theory in Section [d]implies that MUSIC has super-resolution effect and moreover the noise level that
MUSIC can handle follows a power law with respect to the minimum separation of the frequencies.
We numerically investigate the 2, 3, 4, 5-point resolution of MUSIC here as numerical verification.

In Figure [7} we consider support set S containing two, three, four and five equally spaced
frequencies. We run MUSIC algorithm on reconstructions of randomly phased complex objects
supported on & with varied separation g and varied NSR for 100 trials and record the average
of d(S,8)/q. Figure (a)-(d) displays the color plot of the logarithm to the base 2 of average
d(S,S)/q with respect to NSR (y-axis) and ¢ (x-axis) in the unit of RL. Frequency localization is
considered successful if d(S,S)/q < 1/2.

A phase transition occurs in (a)-(d), manifesting MUSIC’s capability of resolving two, three,
four and five closely spaced complex-valued objects if NSR is below certain level. Theory in Section
indicates the noise level that MUSIC can handle scales at worst like q4R*Jr2 where R, = 2 in Figure
[M(a), R« = 3 in Figure [f[b), R. = 4 in Figure [f[c) and R, = 5 in Figure [7fd). The borderline
between successful recovery and failure defined by d(S,S)/q = 1/2 are marked out in black in
Figure [7] (a)-(d). The phase transition curves for R, = 2,3,4,5 are shown in (e) in the ordinary
scale and in (f) in log-log scale. It appears that the transition curves can be fitted to a constant
times ¢°f=) with e(2) = 3.6691, e(3) = 6.0565, e(4) = 8.3861 and e(5) = 11.2392, suggesting that
a much smaller exponent e(R,) ~ 2.504R, — 1.4262 than 4R, + 2.
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Frequencies separated between 4 RL and 5 RL

Distance (unit:RL) versus NSR
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(a) Dynamic range = 1. Average running time for
SDP and MUSIC in one experiment is 20.3583s
and 0.3627s while the average running time for
BLOOMP is 6.3420s (F = 20), 3.2788s (F = 10)
and 1.7610(F = 5).
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(b) Dynamic range = 10. Average running time
for SDP and MUSIC in one experiment is 20.5913s
and 0.3661s while the average running time for
BLOOMP is 6.2623s (F = 20), 3.3030s (F' = 10)
and 1.7542s (F = 5).

Frequencies separated between 2 RL and 3 RL

Distance (unit:RL) versus NSR
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(c) Dynamic range = 1. Average running time for
SDP and MUSIC in one experiment is 20.6750s
and 0.3334s while the average running time for
BLOOMP is 19.8357s (F = 20), 11.2349s (F = 9)
and 8.0850s (F' = 5).
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(d) Dynamic range = 10. Average running time
for SDP and MUSIC in one experiment is 21.0572s
and 0.3321s while the average running time for
BLOOMP is 19.9233s (F = 20), 11.5190s (F =9)
and 8.1054s (F = 5).

Figure 6: Average error by SDP with HT, BET-enhanced SDP, BLOOMP and MUSIC on complex-
valued objects separated between 4 RL and 5 RL (a)(b) or separated between 2 RL and 3 RL (c)(d)
versus NSR when dynamic range = 1 (a)(c) and when dynamic range = 10 (b)(d). MF using prolates
is not included since it is not designed for complex amplitudes.
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Figure 7: Color plots in (a)-(d) shows the logarithm to the base 2 of average d(S,S)/q with
respect to NSR (y-axis) and ¢ (x-axis) in the unit of RL. Reconstruction is considered successful if
d(8,8)/q < 1/2 (from green to black). A clear phase transition is observed. Transition points from
which d(S,8)/q < 1/2 are marked out by black bars in (a)-(d). Phase-transition curves connecting
the black bars for R, = 2,3,4,5 are shown in (e) and in (f) in log-log scale. Least squares fitting for
the slope of the log-log plot yields e(2) = 3.6691, e(3) = 6.0565, e(4) = 8.3861 and e(5) = 11.2392.
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6 Conclusion and extension

We have provided a stability analysis of the MUSIC algorithm for single-snapshot spectral esti-
mation off the grid. We have proved that perturbation of the noise-space correlation by external
noise is roughly proportional to the spectral norm of the noise Hankel matrix with a magnification
factor given in terms of maximum and minimum nonzero singular values of the Hankel matrix con-
structed from the noiseless measurements. Under the assumption of frequency separation roughly
> 2 RL, the magnification factor is explicitly estimated by means of a new version of discrete
Ingham inequalities.

A systematic numerical study has shown that the MUSIC algorithm enjoys strong stability and
low computation complexity for the reconstruction of well-separated frequencies. MUSIC is the only
algorithm that can recover arbitrarily closely spaced frequencies as long as the noise is sufficiently
small. And we have numerically documented the super-resolution effect of MUSIC in terms of the
relationship among the minimum separation, the Rayleigh index (the size of largest cluster) and
the noise. The results conform to the optimal bound conjectured (and partially proved) by Donoho
[15].

Finally we discuss a possible extension of the present work. We became aware of the reference
[7] after completing the first draft of this work (arXiv:1404.1484). In [7], Chen and Chi used
the matrix completion technique to obtain a stable approximation of {y(k),k = 0,..., M} from
its partial noisy samples. This can be used as the preprocessing denoising step before invoking
the single-snapshot MUSIC. Together [7] and the present work constitute a framework for single-
snapshot spectral estimation with compressive noisy measurements.

Let y and y¢, respectively, be the full set of noiseless and noisy data as before. Let the sampling
set A be a random subset of size m from {0,...,M}. Let Pp(v) be the orthogonal projection of
v € CM+1 onto the space of vectors supported on A.

For the noisy compressive data Ppy© satisfying ||Pa(y® — y)|l2 < 0, [7] proposes the following
denoising strategy of Hankel matrix completion

¢ = argmin ||Hankel(2)||«, s.t. [|[Pa(z —4°)|]2 <o
z

where || - ||« denotes the nuclear norm.
The total procedure of compressive spectral estimation is given in the following table.

Spectral estimation with compressive measurements

Input: Ppy® € CMF1 6,5, L.

1) Matrix completion: § = argmin, cmx1 ||[Hankel(2)«, subject to ||[Pa(z —y%)|l2 <6
2) Form Hankel matrix H = Hankel(f) € C(E+D)>x(M—L+1),

3) SVD: H = [U; Us]diag(61,. .., 6s,...)[Vi Va]*, where U; € CEA1xs,

4) Compute imaging function J(w) = ||¢*(w)||2/||U5 6" (w)]|2.

Output: S = {w corresponding to s largest local maxima of J(w)}.

The following estimate on the difference R(w) — R(w) is obtained by combining [7, Theorem 2]
and Theorem [3l

Theorem 6. Let R(w) and R(w), respectively, be the noise-space correlation functions for the
noiseless y and denoised data 9.
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Let A of size m be uniformly sampled at random from {0, ..., M}. Suppose |Pa(y* —y)||2 < 0.
Then there exists a universal constant C' > 0 such that

|Hankel(y) — Hankel(y)||r < (2\/M +1+8M+1)+ Wﬂ) J (42)
and
doy + (2V/M + 1+ 8(M + 1) + 22D 5
|R(w) — R(w)| < 1+( Tl - 2) 2(2\/M+1—|—8(M—|—1)—|—8\[2(]\44_1)2>6.(43)
[as—<2\/M+1+8(M+1)+8‘/§($1))5} m

with probability exceeding 1 — (M + 1)~2 provided that
m > Cuyslog® (M + 1) (44)

where

L+1 M-L+1 M+1 M+1
= ImMaX = mMaXx .
PR\ @)y o2 (eM-Ly) T\ T T ML+

min

Theorem [6] implies that compressive spectral estimation is stable with matrix completion and
MUSIC whenever &%, ®M~L are well-conditioned and the sample size is sufficiently large.

Furthermore with the discrete Ingham inequalities we can give explicit estimate for the right

hand side of and . In particular, with L ~ M /2 and well-separated (> 2 RL) frequencies,

w and ~y scale like a constant and m = O(s log® M ) suffices for any sufficiently small §. In this case,

the right hand side of is
o) <M Tmax O >
M Tmin Tmin

showing enhanced stability as M/m — 1 where M/m is the compression ratio, Tmax/Tmin the
object’s peak-to-trough ratio and 6 /i, the noise-to-object ratio.
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Appendix A Proof of Theorem

In the noise-free case Range(H) and Range(®%) coincide if the matrix X (®M~)T has full row
rank, i.e., Rank (8 ~%) = s, which is guaranteed on the condition that M — L + 1 > s and the
frequencies in S are pairwise distinct.

Lemma 1. If Rank(®M~1L) = s, then Range(H) = Range(®¥).

Lemma 2. Rank(®Y) =s if L+ 1> s and wy # wy, Yk # 1.
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Proof. If L +1 > s, then s x s square submatrix ¥ of ® is a square Vandermonde matrix whose
determinant is given by

det (\I’) — H (67i27rwj o efiZm.ui).

1<i<j<s

Clearly, det (V) # 0 if and only if w; # w;,4 # j. Hence Rank (¥) = s which implies Rank (®%) =
s. O

Similarly, if L + 1 > s + 1, the extended matrix ®% = [®F ¢%(w)] has full column rank for any
w & S. As a consequence, w € S if and only if ¢*(w) belongs to Range(®L).

Appendix B Proof of Theorem
The proof of Theorem [2| combines techniques used in [28] and [36]. We take
g(t) = cosm(t — 0.5)

and let

L
G =Y a5y (45)
k=0

-

0 01 02 03 04 05

(a) g(t) (b) |G(w)|/L (¢) Real part of G(w)/L
Figure 8: Function ¢(t) and G(w)/L when L = 128.

Graphs of ¢(t), |G(w)|/L and the real part of G(w)/L are shown in Figure |8 Function G has
the following properties.

Lemma 3. 1. G(w+n)=G(w) forn € Z.
2. G(—w) = e 7" G(w) and |G(~w)| = |G(w)].
3. L(2-1)<G(0) < L(2+ 1)

4. |G(w)|

A S

%7“74%%2' + % forw €0,1/2].
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Proof. 1.
L

Gl = Y gy = 37 gk

k=0 k=0

2mikw — G(O.))

L
G(—w) = Zg e 2mike — Zg ( 7 ) e~ 2milL—bw by letting | = L — k

B
Il
=)

L

I
Mh

=0 =0

I
M=

9(7)e
l

Il
=)

3. On the one hand,

! 2
gl :/ cos(t —0.5)dt = —.
0 ™

On the other hand,
Lk
= E g(z)
0

and
1

L

4. According to the Poisson summation formula,

1 - k 27rzkw 27rsz r)z
ZQ L = Z / 2dy =

k:() r=—00

25

2

™
r=—

2(G(0) = 1) < gl < 7(G(0) +1).

>

I - . L
o 2mi(L—1)w 27rsz§ : 27mlw —¢ QTHLWG(W).

cosmL(w —

1—4L%(w —
(o.9]

! —2mi(L—l)w ! —2mi(L—l)w
[cos (1 — - 0.5)} e~ 2mi(L—hw — Z [cos TI'(Z — 0.5)} e~ 2mi(L=D



Hence

cosmL(w — )
<f
Few| <2 3 [
2 1 2 1
—%\1—4L2w2\+%Z4L2(r—w)2—1
r#0
2 1 2 2
= 7|1 — 40202 + EZ AL2(r — w)?
r#£0
2 1 +4[ LS SRS SRR S
T |1 — 4L2%w?| 412(3)2  AL2(1)2  4L%(3)2  4L2(2)2 77
1
aswE[O,i},
2 1 +41[1+1+1+1+
w1 —4L20? " wL2l12 T 22 T 32 7 42
2 1 41, 2 1 8
. T -
7|1l —4L22 " 7 L2 7|l —4L%w?|  wL?

In the difference between the discrete and the continuous case lies in

2 cosml(w—r
Zy ( )

412w — )2
wr#ol AL%(w — 1)

which is bounded above by 8/(7L?), and is therefore negligible when L is sufficiently large.

O
We start with the following lemma, which paves the way for the proof of Theorem
Lemma 4. Suppose objects in S satisfy the gap condition
1
1 /2 /2 1 8s \ 2
d(w; > Y e . 4
2> 12 (21 5) (a7)
Then
L
2 1 2 85 , 1 kol onp 22 1 2 85 )
st o )l < T D@ | < (S 1+ et oya) 18
G 7 s app)leli< g ;9&)\( | < (7 + et )l (@9)

for all c € C*.
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Proof.

L k 9 L k s s
0—L —2mikw.; —2mik
> g @] =D a(F) D ee ik Y7 e ik
k=0 k=0 j=1 =1
S S
-3 Y e <3S s - e
j=11=1 j=11=1
= |C||2+ZZG | — wi)Tje.
j=11#j

It follows from the triangle inequality that

s L
0l - 30 316w, —wigzal < 3 o) [@ e < GOl + 3 316w — el

J=1 1#j k=0 j=1 1#j5

where Z Z |G(wj — wy)cjc| can be estimated through Property 4 in Lemma
J=11#j5

)P M ) itc [ uslc i M) i T

=1 l;éj =1 Z;éj =1 1]

_Z\cjy > |G (d(w), w) \<Zlcjl Z[ : +i]

= oy |1 —4L2d?*(wj,w;)| 7L
s 15]

4 L 4 1
< Z ¢ ’2 Z [m + Z} as frequencies in S are pairwise separated by ¢ > I

4725 4
2 2
S;‘fi’ﬂh Zm] Z'Cﬂ' =k LHZW_J (19)
S
4712s 11 1 4 11
AN 0= Sl e
_;C]’ﬂ_ L+Lq22; m—1 27’L+1 Z|J| Lq22
271 4s
_ 2 ( = =2
=ll3~ (72 + 1)

where [ 5| denotes the nearest integer smaller than or equal to s/2. Kernel g in is crucial for
the convergence of the series in ([49).

Therefore
2 4s 2 2/ 1 4s
GOVl ~ = (707 + 1) el < Zg D@ ] < GOl + 2 (7 + ) el
The equation above along with Property 3 in Lemma [3] yields
L

2 1 2 8s k 2 2 1 2 8s
L(Z =1 = =5~ =) lel3 < Y a(P|@Fr| S L(Z+ 7+ —575 + )l

- L erp )RS @] < L(T g Cpa ¢ o el
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The gap condition is derived from the positivity condition of the lower bound, i.e.,

Proof of Theorem [2]is given below.

Proof. Given that S = {w1,...,ws} C [0,1) and frequencies are separated above 1/L, there are no
more than L frequencies in S, i.e., s < L.
The lower bound in Theorem @ follows from Lemma [ as

L L
2 2
”(I)O—>LCH3 — Z }((I)O—)Lc)k‘ — Z ‘(q>0—>L ‘ Zg ‘ (I)O—>L ) ‘
k=0 k=0

S L( 2 1 2 8s ) oI ( 2 2 4 )

~— \m L wl?¢ nl? 7 wl%¢> L/
The gap condition in Theorem [4] is derived from the positivity condition of the lower bound,
i.e.,

We prove the upper bound in Theorem [ in two cases: L is even or L is odd.

Case 1: L is even. First we substitute L with 2L in and obtain

Lk 1 p
Z|(@0—2E ‘ < 2L( ) . 50
> a(57)| (@2, + 35 + T + o) el (50)
Let D% = diag(e‘Qﬂwl%, 6_2”“2%, e 6_2”‘”5%) and D™ % = (D%)_l. On the one hand,
2L ,  B3L/2 P 3L/2 )
Sago|@ 2 ptol = 3 g @ p e = 3 a(p|@ D R
k=0 k=L/2 k=L/2
SL/2 2 1 L L 3L L 2 1 L 2
(@O2L D% ¢ } - ‘(Iﬁ_}TD_fc ‘ ‘<I>(HLD2D 5o )
I W=l o= )
k=L/2 k=0 k=0
L
Z‘ (I)O—>L ‘
k
On the other hand, implies
2L
k L2 2 1 P 8s L
(@02t p-5 ’ < 2L(— — ) D% ¢|2
ZQ(QL)‘( O S\ Hor T e T ) 1P el

4 1 1 4s
~(> =25 ) lell3.
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As a result

lefl3 <

|®Le||2 = Ei: ‘((I)O_wc)k‘ (4\[+\[ V2 4[3)

2t (B2 2 BV

L2

When L is an even integer,

2 2 L 12 (4\/> V2 3\/5) 9
22 = - < ,
( D)l < plekel < (22 + 2+ 2o

Case 2: L is odd.

L L+1
L2 _ 0-L .y |2 0—L+1, |?
[DEeld =D (@7 )| <D |(@ O
k=0 k=0

_4\@ V2 3v2 )II 2

<<L+1)< T +7T(L—|—1)2 L+1 (51)

Eq. above follows from Case 1 as L + 1 is an even integer. In summary, when L is an
odd integer,

(2-pa- 1)l < pletap < (1+ 1) (‘{m@*ﬁ)g 5\[1) el

O
Appendix C Proof of Theorems in Section
C.1 Proof of Theorem [3]
Proof. Let H=HH*, H® = H*H** and £ = HE* + EH* + EE*. Then
HE=HH+E, (52)
and
137 0] |Ur
e e 1)
c EEZE* 0 UE*
o= [Uf Us] [ b zgzg*] [Uj : (54)
where X1 = diag(o1,...,0,), 5] = diag(o{,...,0%), and X5 = diag(o5, 1,059, .- -).
Combining and yields
Ut < el o |UTUTEIET" UpUsE5%5"
i ot v = [ A (%5)

29



On the one hand, the (2,1) entries on both sides of are equal such that
USHUT + UsEUT = USUTE1E5™.
Based on (53], we obtain UyH = 0 and therefore
UsEUF(2757) 7! = UsUF

which implies

x €12
On the other hand, the (1,2) entries on both sides of are equal such that
UTHUS + UTEUS = UTUSE5Y5™.
Based on (53), we obtain UfH = £157U; and therefore
X UTUs + UFEUS = UTUSE5%5 .
For any ¢ € ClH1=s,
a3 |UFUs 2 < IS 21UTUsgll2 < |UTEUs|l2]16]l2 + |UTUS 5557612
< [1€l2010ll2 + 1UTUS 2(0511)* (112,
SO )
IUFUsll2 _ [I€]l2 + (0541)IUT Us |2
o2~ o3
By taking the supremum over ¢ € C175 on the left, we obtain
€112 + (051)|UT U5 |2
U7Us |2 < t) Dieh
and then
&
[U7US 2 < 212 67)

0s — (Js+1)2 .

Let P; and P] be orthogonal projects onto the subspace spanned by columns of U; and Uy
respectively. For any ¢ € CE+1

[P5¢ — Padlla _ [[P1P5¢ + PaP5¢ — Padllz _ [[P1P5¢ — PaPi¢l

92 92 9|2
[T URUSUS* ¢ — UsUSUS U615
— IO Z POl < v + 0305 (5%)
Eq. together with and imply
[P5¢ — Paghl| 1 1
R (w) — R(w)| < |P5 —Palla = sup < + Ells.
‘ ( ) ( )‘ ” 2 H seCii ”d)HQ (05)2 O_g N (O'§+1)2 H H
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Meanwhile
I1€]l2 < 2/ H|l2l|Ell2 + |1 E|l5 < (201 + | E]|2)|| E]l2,

and therefore

1 1
IP3 = Pall2 < (201 + [|E]l2) + 1E]]2-
’ (05)?  0f—(051)?

According to Proposition , o; > 05— ||E||2 and 0| < ||E||2. Then

1 1 2

+ < ;
(05)? ~ 0f = (051)* 7 (05 = [ Ell2)

which implies that
2(201 + || £]]2)

(05 = 1 Ell2)?

In particular, while w is restricted on S, a sharper upper bound in is derived as follows:
Since M — L + 1 > s and true frequencies are pairwise distinct, X (®~%)T has full row rank.
Denote Y*© = UTX{Vi* + UsX5Vy ™ where X7 = diag(of,...,05) and X5 = diag(of,,05,5,...).

Multiplying US* on the left and the pseudo-inverse of X (®™~%)T on the right of

IP3 = Pall2 < 1E]]2-

USSIVE" + UsS5V5" = @b X (@M )T 4

yields
S5V X (@Y 1] = U5 + U5 Bl (@M1
Then
Us*¢"(w;) = Us*@%e; = Us*E[X (@M 1) T]le; — S5V (X (@M F)T)Te;,
and

|El]2 + 0544 < 2||E|l2 < 2||E||2

P50 (i)l = U5 0" @)l < e < - — G S s (@ T

Hherelore P56 ()] 2|E|
R (w:) = 172 wi)llz: 2 '
1) = Tz = Tmimomm @Y ()]

C.2 Proof of Theorem {4l
Proof. Let

_ M W) TaU3 U6 (W) _ ¢ (w) TaUsUnUs 6" (w)

W) = 2 w
Q) = Blw) @3 T+l

and .
s _ M) UsU3US U504 (w)

Q@) = [R°(w)] s
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Both Q(w) and Qf(w) are smooth functions and

Q' (w) = ¢" (@) T2UsUsU3 [¢" ()] + [6" (w)*UaU3UsU3 6" ()
L+1

_ (P2g™(w), Pa[¢"(w)]') + (Pa[d" (w)]', Pag™ (w))
L+1 ’

Q”(L«)) _ ¢L(w)*U2U5U2U5[¢L(w)]// + 2[¢L(w)]/*UQU5U2U§[(ﬁL(w)]/ + [ﬁbL(W)}”*UQUEUQUSgbL(w)
L+1

_ (P2g"(w), Pa[o"(w)]") + 2| Palo™ (W)l13 + (Palo”™ (w)]", Pag" (w))
L+1 ' (59)

Let D(w) = Q°(w) — Q(w) and then
[Q°(w)) = Q'(w) + D'(w),
[Q°(w)]" = Q"(w) + D" (w).
First, we derive an upper bound of |D’(w)| and |D”(w)| in terms of «, L and || E||2.

(L+1)[D'(w)| = [(P5o"(w), P5[o" ()]) — (Peg (w), Palo"(w)]')
+ (P3[o" ()], P56 (W) — (Pelg" ()], Pad™ (w))]
ot W)]') = (P56 (w), Palo" (w)]')

= (P56 (w), Pslo" (w)])
+ (P50 (), Pafo™ (w))') — (Pag™(w), Pl (w))')
+ (P3[o" ()], P5o™ (w)) — (P5lo" ()], Peg (w))
+ (P30 ()], Pagt () — (Pafo" ()], Pag” ()]
< P56 (@) l12lP5 — Palllll” (@))'ll2 + [ P2[d™ (@) 12IP5 — Pall2ll¢” (w)]l2

|
+ P55 @) 121P5 = Pallzllo (@)ll2 + P26™ (@) [2P5 — Pallzl[6" (@) 2
< 4[| P5 — Pallz ]| 6" (@) ll2ll[¢" ()] 2-

Since [¢p¥ (w)]' = —27i[0 e 727w 2272w 3=2midw [ o=2miL]T e have ||[¢T (w)]'||l2 = n(L)VL + 1
where (L) = 27v/12 + 22 + ...+ L2/y/L + 1 and then

D' (w)] < dan(L)|| Ell2, (60)

by Theorem [3]
Applying the same technique to D”(w) yields

|D"(w)| < 4o [n*(L) + ¢(L)] |1 Ell2, (61)

where (L) = (2m)?V14 + 24 + ...+ L*/V/L + 1.
Next we prove that for each w; € S, there exists a strict local minimizer &; of R® near w;

satisfying .

Since wj is a strict local minimizer of Q(w) and

Palo" (@), #0, Vw; €S (62)
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we have
Q'(wj) =0 and Q"(w;) > 0.

We break the following argument into several steps:

Step 1 Let Q"(w;) = 2m;. m;j > 0 due to assumption (62). Thanks to the smoothness of Q”,
there exists d; > 0 such that

Q”( )>m]7 VWE( 5]7w]+6)
For sufficiently small noise satisfying
da[n*(L) + (D Bll2 < m;/2, (63)

we have

[Q° (w )} >m]/2 V(.L)G( 5 w]'—|—(5j).
Step 2 Consider Q'(w; — ;) and Q'(w; + d;). There exist k1, k2 € (0, ;) such that
Q'(wj = 0;) = Q' (wy) + Q" (wj — K1)(=05)
Q'(wj +6;) = Q' (wy) + Q" (wj + K1)d;.

From Step 1, Q"(wj — k1) > m; and Q" (wj + k1) > mj, so Q' (wj — d;) < —m;d; and
Q' (wj + 8;) > m;6;. According to (60), when noise is sufficiently small such that

dan(L)|| Ell2 < m;d;/2, (64)

we have
[QE(OJJ' — 52)]’ < —mjéj/Q < 0 and [Qa(w]' + 53)]/ > ’ITL]'(SJ'/2 > 0.

[QF(w)]’ is a smooth function so there exists w; € (wj — d;,w; + 0;) such that [Q°(w;)] =0
by intermediate value theorem.

Step 3 From Step 2 and Step 3 we have obtained an open interval containing w;: (w; —d;,w; +9;)
such that
Q" (w) > m; and [Q°(w)]" > m;/2, Yw € (wj — §;,wj + &;).

Also there exists @; € (wj — d;,w; + d;) such that
[Q°(@;)] = 0 and [Q%(&;)]" >0,
S0 Wj is a strict local minimizer of Q°(w) and R®(w).
Step 4 Furthermore
0= [Q°(@)] = Q'(&;) + D'(&;)
= Q'(wj) + Q"(§) (@) — wj) + D'(@;), for some &; € (wj,w;),
through Taylor expansion of Q'(w) at w = w;. Since Q' (w;) =0,

& — ;| _min Q&) < |@j — w;l|Q" ()] < |D'(@;)| < dan(L)|| Bl (65)

66 (wJ ,LU]
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Proof of Theorem [4] ends here. Next we provide the argument for the validation of Remark [9]
and Remark [I1]

Remark [9] Suppose noise vector ¢ contains i.i.d. random variables of variance o2. For fixed M,
IEll2 < | E|IF = O(0). Since minge(y, o) |Q"(€)] > my, we have |&j —w;| = 0 as o — 0 and

N

|@j = wjl = O(o).

Remark [11] The asymptotic rate of &; — wj as M = 2L — oo in the case of ¢ > 4 RL is discussed
in Remark Here we show that condition and hold as M = 2L — oo under
assumption .

The left hand side (Lh.s.) of scales like M\/Mlog M. On the right hand side (r.h.s.),

2|Pafo" (wp)l'll3 o 2C1 01
mj = =g = e @)l s ~ M?, as M = 2L — oo,
Therefore the r.h.s. of grows faster than the L.h.s. and holds as M = 2L — oo.

Next we show that is also valid as M — oo. First
(Pag" (W), Pa[o" (w)]") + (Polo™ ()], Pag" (w))

Q"(w) = —
n 3(Pa[p" (W)]', Pa[g"(w)]") + 3(Pa[¢" (w)]", Palp" (w)])
L+1
and then
L w L w " L w / L w Vi
Q"(w)| < 2[19" (w)ll2ll[¢™ (w)] H2L++61|[¢ (@)'l21lf¢™ (w))" ll2
VL H1VI6 426+ + L6+ 6VI2+ 22+ + L2VIE 4204 4+ LA

L+1

= O(L?) as L — o0

= O(M?) as M = 2L — oc.
In Step 1, for all w € (w; — §;,w;j + J;), |Q"(w) — Q" (w;)| can be as large as m; = O(M?).
Meanwhile Q" (w) = Q" (w;)+(w—w;)Q" (k) for some k € (w;,w) and then |Q"(w)—Q" (w;)| =
lw — w;]|Q"(k)]. Since |Q"(w) — Q"(wj)| can be as large as O(M?) and Q" (r) < O(M?3),
|w — wj| can be as large as O(1/M). In other words, §; = O(1/M) in Step 1.
In (64), the Lh.s. scales like /M Iog M and the r.h.s. = m;d;/2 = O(M?/M) = O(M) as
M =2L — co. As a result, holds while M = 2L — co under assumption .

O]

Appendix D Proof of Theorem

Proof. We partition S into the subsets S, = {wmikr : k € Z},m = 1,..., R, each of which satisfies
the gap condition: d(wj,w;) > Rp for all wj,w; € Sy, with j # [. According to Theorem
2

L

1 .
E E cje ?™kwil < B(Rp, L) g c;|?, m=1,...,R.
k=0

w;€S5,N[0,1) wj€SmNI0,1)

el
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As |21+ ...+ 2> < R(Jz1 2 + ... + |2r|?),

1 L 2 1 L R 2
—2mikw; —omikw.
5 3| ID IR RS 1 SR SR
k=0 OJjESﬂ[O,l) k=0 |m=1 Wjesmﬂ[o,l)
R R L 2 R
L —2mikw; 12
ST 2 e <RY ), B(RpDel
m=1 k=0 |w;ESmN|0,1) m=1w;€S,nN[0,1)

R
<B(Rp,L)RY > |¢j|*=B(Rp,L)R|c|j3.
m=1 wj 637,Lﬁ[0,1)
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