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Abstract— While the recent theory of compressed sensing pro-
vides an opportunity to overcome the Nyquist limit in recovering
sparse signals, a solution approach usually takes the form of
an inverse problem of an unknown signal, which is crucially
dependent on specific signal representation. In this paper, we
propose a drastically different two-step Fourier compressive
sampling framework in a continuous domain that can be imple-
mented via measurement domain interpolation, after which signal
reconstruction can be done using classical analytic reconstruction
methods. The main idea originates from the fundamental duality
between the sparsity in the primary space and the low-rankness
of a structured matrix in the spectral domain, showing that a
low-rank interpolator in the spectral domain can enjoy all of
the benefits of sparse recovery with performance guarantees.
Most notably, the proposed low-rank interpolation approach can
be regarded as a generalization of recent spectral compressed
sensing to recover large classes of finite rate of innovations (FRI)
signals at a near-optimal sampling rate. Moreover, for the case of
cardinal representation, we can show that the proposed low-rank
interpolation scheme will benefit from inherent regularization
and an optimal incoherence parameter. Using a powerful dual
certificate and the golfing scheme, we show that the new frame-
work still achieves a near-optimal sampling rate for a general
class of FRI signal recovery, while the sampling rate can be
further reduced for a class of cardinal splines. Numerical results
using various types of FRI signals confirm that the proposed
low-rank interpolation approach offers significantly better phase
transitions than conventional compressive sampling approaches.

Index Terms— Compressed sensing, signals of finite rate
of innovations, spectral compressed sensing, low rank matrix
completion, dual certificates, golfing scheme.

I. INTRODUCTION

THE compressed sensing or compressive sampling (CS)
theory [1]–[3] refers to the accurate recovery of unknown

sparse signals from underdetermined linear measurements.
In particular, the Fourier CS problem, which recovers
unknown signals from sub-sampled Fourier measurements,
has many important applications in imaging applications,
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such as magnetic resonance imaging (MRI), X-ray computed
tomography (CT), optics, and others. Moreover, this
problem is closely related to the classical harmonic retrieval
problem that computes the amplitudes and frequencies at
the off-the-grid locations of a superposition of complex
sinusoids from consecutive or bunched corresponding
Fourier samples. Harmonic retrieval can be solved by various
methods, including Prony’s method [4] and a matrix pencil
algorithm [5]. These methods were proven to succeed at a
minimal sample rate in a noiseless case, as they satisfy an
algebraic condition called the full spark (or full Kruskal rank)
condition [6], which guarantees the unique identification of
an unknown signal. Typically, when operating at the critical
sample rate, these methods are not robust to perturbations in
the measurements due to the large condition numbers involved.

Accordingly, to facilitate the robust reconstruction of
off-the-grid spectral components, CS algorithms from non-
consecutively sub-sampled Fourier measurements are required.
This scheme is known as spectral compressed sensing,
which is also known as compressed sensing off the
grid when the underlying signal is composed of Diracs.
Indeed, this has been developed with a close link to
recent super-resolution researches [7]–[10]. For example,
Candes and Fernandez-Granda [8], [11] showed that if the
minimum distance of the Diracs exceeds 2/ fc, where fc

denotes the cut-off frequency of the measured spectrum, then
a simple convex optimization can solve the locations of the
Diracs. Under the same minimum distance condition, Tang
in two studies [9], [12] proposed an atomic norm minimiza-
tion approach for the recovery of Diracs correspondingly
from random spatial and Fourier samples. Unlike these direct
signal recovery methods, Chen and Chi [10] proposed a
two-step approach consisting of interpolation followed by a
matrix pencil algorithm. In addition, they provided perfor-
mance guarantees at near-optimal levels of sample complexity
(up to a logarithmic factor). One of the main limitations
of these spectral compressed sensing approaches is, how-
ever, that the unknown signal is restricted to a stream of
Diracs. The approach by Chen and Chi [10] is indeed a
special case of the proposed approach, but they did not
realize its potential when used to recover a much wider class
of signals.

Note that the stream of Diracs is a special instance
of a signal model of signals with a finite rate of
innovation (FRI) [13]–[15]. Originally proposed by
Vetterli et al. [13], the class of FRI signals includes
a stream of Diracs, a stream of differentiated Diracs,
non-uniform splines, and piecewise smooth polynomials.
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Vetterli et al. [13]–[15] proposed time-domain sampling
schemes with these FRI signals that operate at the rate
of innovation with a provable algebraic guarantee in a
noise-free scenario. Their reconstruction scheme estimates an
annihilating filter that cancels the Fourier series coefficients
of an FRI signal at consecutive low frequencies. However,
because the scheme relies on data acquisition in the time
domain, the equivalent Fourier domain measurements are
restricted to a bunched sampling pattern, similar to classical
harmonic retrieval problems.

Therefore, one of the main aims of this paper is to generalize
the scheme by Vetterli et al. [13]–[15] to address Fourier CS
problems that recover a general class of FRI signals from
irregularly subsampled Fourier measurements. Notably, we
prove that the only required change is an additional Fourier
domain interpolation step that estimates missing Fourier mea-
surements. More specifically, for the general class FRI signals
introduced in earlier works [13]–[15], we show that there
always exists a low-rank Hankel structured matrix associated
with the corresponding annihilating filter. Accordingly, their
missing spectral elements can be interpolated using a low-rank
Hankel matrix completion algorithm. Once a set of Fourier
measurements at consecutive frequencies is interpolated,
an FRI signal can be reconstructed using conventional meth-
ods, including Prony’s method and matrix pencil algorithms,
as in earlier studies [13]–[15]. Most notably, we show that the
proposed Fourier CS of FRI signals operates at a near-optimal
rate (up to a logarithmic factor) with provable performance
guarantees. Additionally, owing to the inherent redundancies
introduced by the CS sampling scheme, the subsequent step
of retrieving an FRI signal becomes much more stable.

While a similar low-rank Hankel matrix completion
approach was used by Chen and Chi [10], there are sev-
eral important differences. First, low-rankness of a Hankel
matrix in earlier work [10] was found based on standard
Vandermonde decomposition, which is true only when the
underlying FRI signal is a stream of Diracs. Accordingly,
for differentiated Diracs, the theoretical tools in that study
cannot be used. Second, when the underlying signal can be
converted to a stream of Diracs or differentiated Diracs by
applying a linear transform which acts as a diagonal operator
(i.e., element-wise multiplication) in the Fourier domain, we
can still construct a low-rank Hankel matrix from the weighted
Fourier measurements, whose weights are determined by the
spectrum of the linear operator. For example, a total vari-
ation (TV) sparse signal is a stream of Diracs after the
differentiation, and piecewise smooth polynomials become
a stream of differentiated Diracs with the application of a
differential operator. Finally, the advantage of the proposed
approach becomes more evident when we model the unknown
signal using cardinal L-splines [16]. In cardinal L-splines,
discontinuities occur only on an integer grid, which is a reason-
able model to acquire signals with a high but finite resolution.
In such a case, we can show that discretization using cardinal
splines makes the reconstruction significantly more stable in
spite of the existence of noise in the measurements, and the
logarithmic factor as well as the incoherence parameter for the
performance guarantees can be improved further.

Fig. 1. Comparison with various sampling schemes: (a) generalized
sampling [17], [18]; here, a continuous input signal is filtered through an
acquisition device, after which uniform sampling is performed. The goal of
sampling is to impose a consistency condition such that if the reconstructed
signal is used as an input to the acquisition device, it can generate the same
discrete sequence {c1}. This can be accomplished using a digital correction
filter q. (b) Proposed sampling scheme: here, the CS step is replaced by a
discrete low-rank interpolator, and the final reconstruction is done using the
reconstruction filter from fully sampled data.

It is important to note that the proposed low-rank interpo-
lation approach is different from classical compressed sensing
approaches which regard the sampling problem as an inverse
problem and whose focus is directly to recover the unknown
signal. Rather, the proposed approach is more closely related to
the classical sampling theory, where the signal sampling step
is decoupled from a signal recovery algorithm. For example,
in the sampling theory for signals in shift-invariant spaces
[17], [18], the nature of the signal sampling can be fully
accounted for using a digital correction filter, after which
signal recovery is performed by convolution with a reconstruc-
tion filter (see Fig. 1(a)). Similarly, by introducing a low-rank
interpolator, the proposed scheme in Fig. 1(b) fully decouples
signal recovery from the sampling step as a separate layer
that can be optimized independently. This occurs because the
same low-rank interpolator will successfully complete missing
measurements regardless of whether the unknown signal is
either a stream of Diracs or a stream of differentiated Diracs.
In the subsequent step, analytic reconstruction methods such
as Prony’s method and matrix pencil algorithms can identify
the signal model, as in earlier studies [13]–[15].

The proposed two-layer approach composed of Fourier
domain interpolation and analytic reconstruction is very
useful in real-world applications, as the low-rank interpolator
can be added as a form of digital correction filter for
existing systems, where the second step is already
implemented. Moreover, in many biomedical imaging
problems such as magnetic resonance imaging (MRI) or
X-ray computed tomography (CT), accurate interpolation to
fully sampled Fourier data provides the important advantage
of utilizing a fully established mathematical theory of analytic
reconstruction. In addition, classical preprocessing techniques
for artifact removal were developed with the assumption
of fully sampled measurements; hence, these steps can be
readily combined with the proposed low-rank interpolation
approaches. The superior advantages of the proposed scheme
have been demonstrated in various biomedical imaging and
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image processing applications, such as compressed sensing
MRI [19], [20], MR artifact correction [21], [22], image
inpainting [23], super-resolution microscopy [24], image
denoising [25], and others, clearly confirming the practicality
of the new theory.

Nonetheless, it is remarkable that the proposed two-layer
approach using low-rank interpolation achieves a near-optimal
sample rate while universally applying to different signal
models of the same order (e.g., streams of Diracs and streams
of differentiated Diracs). Moreover, it may appear mysterious
that an explicit form of the minimum separation distance
as required in Candes and Fernandez-Granda [8], [11] and
Tang et al. [9], [12] is not needed for the performance
guarantee. However, the proposed method is not free of limi-
tations. Specifically, we show that the incoherence parameter
in our performance guarantees is dependent upon the type
of unknown signals and on the minimum separation between
successive spikes. The similarity and differences of our results
from the existing theory [8], [9], [11], [12] and the origin of
the differences will also be discussed.

This paper is structured as follows. Section II initially dis-
cusses the main results that relate to an annihilating filter and a
low-rank Hankel structured matrix, providing the performance
guarantee of low-rank structured matrix completion, which
will be used throughout the paper. Section III then discusses
the proposed low-rank interpolation theory for the recovery
of FRI signals, which is followed by low-rank interpolation
for cardinal L-splines in Section IV. Section V explains
the algorithmic implementation. Numerical results are then
provided in Section VI, which is followed by the conclusion
in Section VII.

II. MAIN RESULTS

A. Notations

A Hankel structured matrix generated from an n-
dimensional vector x = [x[0], · · · , x[n − 1]]T ∈ Cn has the
following structure:

H (x) =

⎡
⎢⎢⎢⎣

x[0] x[1] · · · x[d − 1]
x[1] x[2] · · · x[d]

...
...

. . .
...

x[n − d] [n − d + 1] · · · x[n − 1]

⎤
⎥⎥⎥⎦

∈ C
(n−d+1)×d

where d is called a matrix pencil parameter. We denote the
space of this type of Hankel structure matrices as H(n, d).

An n ×d wrap-around Hankel matrix generated from an n-
dimensional vector u = [u[0], · · · , u[n −1]]T ∈ Cn is defined
as:

Hc(u) =

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

u[0] u[1] · · · u[d − 1]
u[1] u[2] · · · u[d]

...
...

. . .
...

u[n − d] u[n − d + 1] · · · u[n − 1]
u[n − d + 1] u[n − d + 2] · · · u[0]

...
...

. . .
...

u[n − 1] u[0] · · · u[d − 2]

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

∈ C
n×d. (1)

Note that n ×d wrap-around Hankel matrix can be considered
as a Hankel matrix of (d−1)-element augumented vector from
u ∈ C

n with the periodic boundary expansion:

ũ =
⎡
⎢⎣uT u[0] u[1] · · · u[d − 2]︸ ︷︷ ︸

(d−1)

⎤
⎥⎦

T

∈ C
n+d−1.

We denote the space of this type of wrap-around Hankel
structure matrices as Hc(n, d).

B. Annihilating Filter-Based Low-Rank Hankel Matrix

The Fourier CS problem of our interest is to recover the
unknown signal x(t) from the Fourier measurement:

x̂( f ) = F{x(t)} =
∫

x(t)e−i2π f t dt .

Without loss of generality, we assume that the support of x(t)
is [0, 1]. Then, the sampled Fourier data at the Nyquist rate is
defined by

x̂[k] = x̂( f )
∣∣

f =k .

We also define a length (r +1)-annihilating filter ĥ[k] for x̂[k]
that satisfies

(ĥ ∗ x̂)[k] =
r∑

l=0

ĥ[l]x̂[k − l] = 0, ∀k. (2)

The existence of the finite length annihilating filter has been
extensively studied for FRI signals [13]–[15]. This will be
discussed in more detail later.

Suppose that the filter ĥ[k] is the minimum length annihi-
lating filter. Then, for any k1 ≥ 1 tap filter â[k], it is easy to
see that the following filter with d = r + k1 taps is also an
annihilating filter for x̂[k]:

ĥa[k] = (â ∗ ĥ)[k] �⇒
r∑

l=0

ĥa[l]x̂[k − l] = 0, ∀k, (3)

because ĥa ∗ x̂ = â ∗ ĥ ∗ x̂ = 0. The matrix representation
of (3) is given by

C (x̂)
¯̂ha = 0

where ¯̂ha denotes a vector that reverses the order of the
elements in

ĥa =
[
ĥa[0], · · · , ĥa[d − 1]

]T
, (4)

and

C (x̂) =

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

...
...

. . .
...

x̂[−1] x̂[0] · · · x̂[d − 2]
x̂[0] x̂[1] · · · x̂[d − 1]
x̂[1] x̂[2] · · · x̂[d]

...
...

. . .
...

x̂[n − d] x̂[n − d + 1] · · · x̂[n − 1]
x̂[n − d + 1] x̂[n − d + 2] · · · x̂[n]

...
...

. . .
...

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
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Accordingly, by choosing n such that n − d + 1 > r
and defining an n-dimensional vector composed of sampled
Fourier data at the Nyquist rate as:

x̂ = [
x̂[0] · · · x̂[n − 1]]T ∈ C

n, (5)

we can construct the following matrix equation:

H (x̂)
¯̂ha = 0,

where the Hankel structure matrix H (x̂) ∈ H(n, d) is con-
structed as

H (x̂) =

⎡
⎢⎢⎢⎣

x̂[0] x̂[1] · · · x̂[d − 1]
x̂[1] x̂[2] · · · x̂[d]

...
...

. . .
...

x̂[n − d] x̂[n − d + 1] · · · x̂[n − 1]

⎤
⎥⎥⎥⎦ (6)

Then, we can show the following key result:
Theorem 1: Let r +1 denote the minimum size of annihilat-

ing filters that annihilates sampled Fourier data x̂[k]. Assume
that min{n−d+1, d} > r . Then, for a given Hankel structured
matrix H (x̂) ∈ H(n, d) constructed in (6), we have

RANKH (x̂) = r, (7)

where RANK(·) denotes a matrix rank.
Proof: See Appendix B. �

C. Performance Guarantees for Structured
Matrix Completion

Let � be a multi-set consisting of random indices from
{0, . . . , n − 1} such that |�| = m < n. While the standard CS
approaches directly estimate x(t) from x̂[k], k ∈ �, here we
propose a two-step approach by exploiting Theorem 1. More
specifically, we first interpolate x̂[k] for all k ∈ {0, . . . , n − 1}
from the sparse Fourier samples, and the second step
then applies the existing spectral estimation methods to
estimate x(t) as done in [13]–[15]. Thanks to the low-
rankness of the associated Hankel matrix, the first step can be
implemented using the following low-rank matrix completion:

minimize
ĝ∈Cn

RANKH (ĝ)

subject to P�(ĝ) = P�(x̂), (8)

where P� is the projection operator on the sampling
location �. Therefore, the remaining question is to verify
whether the low-rank matrix completion approach (8) does
not compromise any optimality compared to the standard
Fourier CS, which is the main topic in this section.

The low-rank matrix completion problem in (8) is non-
convex, which is difficult to analyze. Therefore, to provide
a performance guarantee, we resort to its convex relaxation
using the nuclear norm. Chen and Chi [10] provided the
first performance guarantee for robust spectral compressed
sensing via structured matrix completion by nuclear norm
minimization and extended the result to general low-rank
Hankel/Toeplitz matrix completion [10, Th. 4]. However,
parts of their proof (e.g., [10, Appendix H]) critically depend
on the special structure given in the standard Vandermonde
decomposition. Furthermore, they also used the standard

incoherence condition, which is neither assumed nor applied
by their incoherence condition [10, eq. (27)]. Therefore, unlike
their claim, the main results in [10], in its current forms,
apply only to the spectral compressed sensing. Here, we
elaborate on their results so that the performance guarantees
apply to the general structured low-rank matrix completion
problems which will be described in subsequent sections.

Recall that the notion of the incoherence plays a crucial
role in matrix completion and structured matrix completion.
We recall the definitions using our notations. Suppose that
M ∈ C

n1×n2 is a rank-r matrix whose SVD is U�V ∗
with U ∈ Cn1×r ,� ∈ Cr×r and V ∈ Cn2×r , respectively.
M is said to satisfy the standard incoherence condition with
parameter μ if

max
1≤i≤n1

∥∥U∗ei
∥∥

2 ≤
√

μr

n1
,

max
1≤ j≤n2

∥∥V ∗e j
∥∥

2 ≤
√

μr

n2
, (9)

where ei denotes the appropriate size standard coordinate
vector with 1 on the i -th elements and zeros elsewhere.

To deal with two types of Hankel matrices simultaneously,
we define a linear lifting operator L : Cn → Cn1×n2 that
lifts a vector x ∈ Cn to a structured matrix L(x) ∈ Cn1×n2

in a higher dimensional space. For example, the dimension of
L(x) ∈ Cn1×n2 is given as n1 = n − d + 1 and n2 = d for
a lifting to a Hankel matrix in H(n, d), whereas n1 = n and
n2 = d for a lifting to a wrap-around Hankel matrix Hc(n, d).
A linear lifting operator is regarded as a synthesis operator
with respect to basis {Ak}n

k=1, Ak ∈ C
n1×n2 :

L(x) =
n∑

k=1

Ak〈ek, x〉,

where the specific form of the basis for the case of {Ak} for
H(n, d) and Hc(n, d) will be explained in Appendix C.

Then, the completion of a low rank structured matrix L(x)
from the observation of its partial entries can be done by
minimizing the nuclear norm under the measurement fidelity
constraint as follows:

minimize
g∈Cn

‖L(g)‖∗
subject to P�(g) = P�(x). (10)

where ‖ · ‖∗ denotes the matrix nuclear norm. Then, we have
the following main result.

Theorem 2: Let � = { j1, . . . , jm} be a multi-set consisting
of random indices where jk’s are i.i.d. following the uniform
distribution on {0, . . . , n − 1}. Suppose L correspond to one
of the structured matrices in H(n, d) and Hc(n, d). Suppose,
furthermore, that L(x) is of rank-r and satisfies the standard
incoherence condition in (9) with parameter μ. Then there
exists an absolute constant c1 such that x is the unique
minimizer to (10) with probability 1 − 1/n2, provided

m ≥ c1μcsr logα n, (11)

where α = 2 if each images of L has the wrap-around
property; α = 4, otherwise; and cs := max{n/n1, n/n2}.

Proof: See Appendix E. �
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Note that Theorem 2 provides a generalized version of
performance guarantee compared to the previous work [10].
Specifically, Theorem 2 holds for other structured matrices,
if the associated basis matrix {Ak} satisfies the specific con-
dition described in detail in Eq. (A.15). In addition, for the
case of signals with wrap-around Hankel matrix (which will
be explained later), the log exponentional factor α in (11)
becomes 2, which reduces the sampling rate. This sampling
rate reduction is novel and was not observed in the previous
work [10].

Next, we consider the recovery of x from its partial entries
with noise. Let y denote a corrupted version of x. The
unknown structured matrix L(x) can be estimated via

minimize
g∈Cn

‖L(g)‖∗
subject to ‖P�(g − y)‖2 ≤ δ. (12)

Then, we have the following stability guarantee:
Theorem 3: Suppose the noisy data y ∈ Cn satisfies

‖P�(y − x)‖2 ≤ δ and x ∈ Cn is the noiseless data. Under
the hypotheses of Theorem 2, there exists an absolute constant
c1, c2 such that with probability 1−1/n2, the solution g to (12)
satisfies

‖L(x) − L(g)‖F ≤ c2n2δ,

provided that (11) is satisfied with c1.
Proof of Theorem 3: Theorem 2 extends to the noisy case

similarly to the previous work [10]. We only need to replace
[10, Lemma 1] by our Lemma 20. �

Note that Theorem 3 provides an improved performance
guarantee with significantly smaller noise amplification factor,
compared to n3 dependent noisy amplification factor in the
previous work [10].

III. GUARANTEED RECONSTRUCTION OF FRI SIGNALS

The explicit derivation of the minimum length finite length
annihilating filter was one of the most important contributions
of the sampling theory of FRI signals [13]–[15]. Therefore, by
combing the results in the previous section, we can provide
performance guarantees for the recovery of FRI signals from
partial Fourier measurements.

A. Spectral Compressed Sensing: Recovery
of Stream of Diracs

Consider the periodic stream of Diracs described by the
superposition of r impulses

x(t) =
r−1∑
j=0

a jδ
(
t − t j

)
t j ∈ [0, 1]. (13)

Then, the discrete Fourier data are given by

x̂[k] =
r−1∑
j=0

a j e
−i2πkt j . (14)

As mentioned before, the spectral compressed sensing by Chen
and Chi [10] or Tang et al. [9] correspond to this case,

in which they are interested in recovering (13) from a
subsampled spectral measurements.

One of the important contributions of this section is to
show that the spectral compressed sensing can be equivalently
explained using annihilating filter-based low-rank Hankel
matrix. Specifically, for the stream of Diracs, the minimum
length annihilating filter ĥ[k] has the following z-transform
representation [13]:

ĥ(z) =
r∑

l=0

ĥ[l]z−l =
r−1∏
j=0

(1 − e−i2π t j z−1), (15)

because

(ĥ ∗ x̂)[k] =
k∑

l=0

ĥ[l]x̂[k − l]

=
r∑

l=0

r−1∑
j=0

a j ĥ[l]uk−l
j

=
r−1∑
j=0

a j

(
r∑

l=0

ĥ[p]u−l
j

)

︸ ︷︷ ︸
ĥ(u j )

uk
j = 0 (16)

where u j = e−i2π t j [13]–[15]. Accordingly, the filter length
is r + 1, which is low ranked if min{n − d + 1, d} > r .

Therefore, by utilizing Theorem 1 and Theorem 2, we can
provide the performance guarantee of the following nuclear
norm minimization to estimate the Fourier samples:

min
g∈Cn

‖H (g)‖∗

subject to P�(g) = P�(x̂) (17)

where H (g) ∈ H(n, d).
Theorem 4: For a given stream of Diracs in Eq. (13), x̂

denotes the noiseless discrete Fourier data in (5). Suppose,
furthermore, d is given by min{n − d + 1, d} > r . Let
� = { j1, . . . , jm} is a multi-set consisting of random indices
where jk’s are i.i.d. following the uniform distribution on
{0, . . . , n −1}. Then, there exists an absolute constant c1 such
that x̂ is the unique minimizer to (17) with probability 1−1/n2,
provided

m ≥ c1μcsr log4 n, (18)

where cs := max{n/(n − d + 1), n/d}.
Proof: This is a simple consequence of Theorem 1

and Theorem 2, because the minimum annihilating filter size
from (15) is r + 1. �

This result appears identical to that of Chen and Chi [10].
However, they explicitly utilized the standard Vandermonde
decomposition. On the contrary, the annihilating filter-based
construction of low-rank Hankel matrix is more general that
can cover all FRI signal models as will be shown later.

For the noisy measurement, we interpolate the missing
Fourier data using the following low-rank matrix completion:

min
g∈Cn

‖H (g)‖∗

subject to ‖P�(g) − P�(ŷ)‖ ≤ δ (19)



782 IEEE TRANSACTIONS ON INFORMATION THEORY, VOL. 63, NO. 2, FEBRUARY 2017

where ŷ is the noisy Fourier data. Then, Theorem 3 informs
us that we can improve upon the results by Chen and Chi [10]
(from n3 to n2):

Theorem 5: Suppose that the noisy Fourier data ŷ satisfies∥∥P�(ŷ − x̂)
∥∥

2 ≤ δ, where x̂ denotes the noiseless discrete
Fourier data in (5). Under the hypotheses of Theorem 4, there
exists an absolute constant c1, c2 such that with probability
1 − 1/n2, the solution g to (19) satisfies

∥∥H (x̂) − H (g)
∥∥

F ≤ c2n2δ,

provided that (18) is satisfied with c1.

B. Stream of Differentiated Diracs

Another important class of FRI signal is a stream of
differentiated Diracs:

x(t) =
r−1∑
j=0

l j −1∑
l=0

a j,lδ
(l)(t − t j ) , (20)

where δ(l) denotes the l-th derivative of Diracs in the distrib-
utions sense. Thus, its Fourier transform is given by

x̂( f ) =
r−1∑
j=0

l j −1∑
l=0

a j,l(i2π f )l e−i2π f t j (21)

whose discrete samples are given by

x̂[k] := x̂(k) =
r−1∑
j=0

l j −1∑
l=0

a j,l (i2πk)l e−i2πkt j . (22)

Then, there exists an associated minimum length annihilating
filter whose z-transform is given by:

ĥ(z) =
r−1∏
j=0

(1 − u j z
−1)l j (23)

where u j = e−i2π t j [13]. Therefore, we can provide the
following performance guarantees:

Theorem 6: For a given stream of differentiated Diracs in
Eq. (20), x̂ denotes the noiseless discrete Fourier data in (5).
Suppose, furthermore, d is given by min{n − d + 1, d} >∑r−1

j=0 l j . Let � = { j1, . . . , jm} be a multi-set consisting of
random indices where jk’s are i.i.d. following the uniform
distribution on {0, . . . , n − 1}. Then, there exists an absolute
constant c1 such that x̂ is the unique minimizer to (17) with
probability 1 − 1/n2, provided

m ≥ c1μcs

⎛
⎝

r−1∑
j=0

l j

⎞
⎠ log4 n, (24)

where cs := max{n/(n − d + 1), n/d}.
Proof: This is a simple consequence of Theorem 1

and Theorem 2, because the minimum annihilating filter size
from (23) is

(∑r−1
j=0 l j

)
+ 1. �

Theorem 7: Suppose the noisy Fourier data ŷ satisfies∥∥P�(ŷ − x̂)
∥∥

2 ≤ δ, where x̂ denotes the noiseless discrete
Fourier data in (5). Under the hypotheses of Theorem 6,

there exists an absolute constant c1, c2 such that with
probability 1 − 1/n2, the solution g to (19) satisfies

∥∥H (x̂) − H (g)
∥∥

F ≤ c2n2δ,

provided that (24) is satisfied with c1.

C. Non-Uniform Splines

Note that signals may not be sparse in the image domain,
but can be sparsified in a transform domain. Our goal is to find
a generalized framework, whose sampling rate can be reduced
down to the transform domain sparsity level. Specifically, the
signal x of our interest is a non-uniform spline that can be
represented by:

Lx = w (25)

where L denotes a constant coefficient linear differential
equation that is often called the continuous domain whitening
operator in [26], [27]:

L := bK ∂ K + bK−1∂
K−1 + . . . + b1∂ + b0 (26)

and w is a continuous sparse innovation:

w(t) =
r−1∑
j=0

a jδ
(
t − t j

)
. (27)

For example, if the underlying signal is piecewise constant, we
can set L as the first differentiation. In this case, x corresponds
to the total variation signal model. Then, by taking the Fourier
transform of (25), we have

ẑ( f ) := l̂( f )x̂( f ) =
r−1∑
j=0

a j e
−i2π f t j (28)

where

l̂( f ) = bK (i2π f )K + bK−1(i2π f )K−1 +. . .+ b1(i2π f ) + b0

Accordingly, the same filter ĥ[n] whose z-transform is
given by (15) can annihilate the discrete samples of the
weighted spectrum ẑ( f ) = l̂( f )x̂( f ), and the Hankel matrix
H (ẑ) ∈ H(n, d) from the weighted spectrum ẑ( f ) satisfies
the following rank condition:

RANKH (ẑ) = r.

Thanks to the low-rankness, the missing Fourier data can be
interpolated using the following matrix completion problem:

(Pw) min
g∈Cn

‖H (g)‖∗

subject to P�(g) = P�(l̂  x̂), (29)

or, for noisy Fourier measurements ŷ,

(P ′
w) min

g∈Cn
‖H (g)‖∗

subject to ‖P�(g) − P�(l̂  ŷ)‖ ≤ δ, (30)

where  denotes the Hadamard product, and l̂ and x̂ denotes
the vectors composed of full samples of l̂[k] and x̂[k], respec-
tively. After solving (Pw), the missing spectral data x̂[k] can
be obtained by dividing by the weight, i.e. x̂[k] = g[k]/l̂[k]
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assuming that l̂[k] �= 0, where g[k] is the estimated Fourier
data using (Pw). As for the sample x̂[k] at the spectral null of
the filter l̂[k], the corresponding elements should be included
as measurements.

Now, we can provide the following performance guarantee:
Theorem 8: For a given non-uniform splines in Eq. (25), x̂

denotes the noiseless discrete Fourier data in (5). Suppose,
furthermore, d is given by min{n − d + 1, d} > r and
� = { j1, . . . , jm} be a multi-set consisting of random indices
where jk’s are i.i.d. following the uniform distribution on
{0, . . . , n −1}. Then, there exists an absolute constant c1 such
that x̂ is the unique minimizer to (29) with probability 1−1/n2,
provided

m ≥ c1μcsr log4 n, (31)

where cs := max{n/(n − d + 1), n/d}.
Theorem 9: Suppose that the noisy Fourier data ŷ satis-

fies
∥∥∥P�(l̂  ŷ − l̂  x̂)

∥∥∥
2

≤ δ, where x̂ denotes the noise-
less discrete Fourier data in (5). Under the hypotheses of
Theorem 8, there exists an absolute constant c1, c2 such that
with probability 1 − 1/n2, the solution g to (30) satisfies∥∥∥H (l̂  x̂) − H (g)

∥∥∥
F

≤ c2n2δ,

provided that (31) is satisfied with c1.

D. Piecewise Polynomials

A signal is a periodic piecewise polynomial with r pieces
each of maximum degree q if and only if its (q +1) derivative
is a stream of differentiated Diracs given by

x (q+1)(t) =
r−1∑
j=0

q∑
l=0

a j,lδ
(l)(t − t j ). (32)

In this case, the corresponding Fourier transform relationship
is given by

ẑ( f ) := (i2π f )(q+1)x̂( f ) =
r−1∑
j=0

q∑
l=0

a j,l(i2π f )l e−i2π t j . (33)

Since the righthand side of (33) is a special case of (21), the
associated minimum length annihilating filter has the following
z-transform representation:

ĥ(z) =
r−1∏
j=0

(1 − u j z−1)q . (34)

whose filter length is given by (q + 1)r + 1. Therefore, we
can provide the following performance guarantee:

Theorem 10: For a given piecewise smooth polynomial in
Eq. (32), let ẑ denotes the discrete spectral samples of ẑ( f ) =
l̂( f )x̂( f ) with l̂( f ) = (i2π f )(q+1). Suppose, furthermore, d is
given by min{n−d+1, d} > (q+1)r and � = { j1, . . . , jm} be
a multi-set consisting of random indices where jk’s are i.i.d.
following the uniform distribution on {0, . . . , n − 1}. Then,
there exists an absolute constant c1 such that x̂ is the unique
minimizer to (29) with probability 1 − 1/n2, provided

m ≥ c1μcs(q + 1)r log4 n, (35)

where cs := max{n/(n − d + 1), n/d}.

Proof: This is a simple consequence of Theorem 1 and
Theorem 2, because the minimum annihilating filter size from
(34) is (q + 1)r + 1. �

Theorem 11: Suppose that noisy Fourier data ŷ satisfies∥∥∥P�(l̂  ŷ − l̂  x̂)
∥∥∥

2
≤ δ, where x̂ denotes the noiseless

discrete Fourier data in (5). Under the hypotheses of The-
orem 10, there exists an absolute constant c1, c2 such that
with probability 1 − 1/n2, the solution g to (30) satisfies∥∥∥H (l̂  x̂) − H (g)

∥∥∥
F

≤ c2n2δ,

provided that (35) is satisfied with c1.

E. Incoherence and the Minimum Separation

Note that the proposed low-rank interpolation achieves near
optimal sample rate while universally applying to different
FRI signal models of the same order (e.g., stream of Diracs
and stream of differentiated Diracs). Moreover, even though
the concept of the minimum separation between the succes-
sive spikes was essential for the performance guarantee of
super-resolution in Candes and Fernandez-Granda [8], [11],
Tang et al. [9], [12], etc, similar expression is not observable
in Theorem 4-Theorem 11. This looks mysterious. Therefore,
the main goal of this section is to show that these information
are still required but hidden in the incoherence parameter μ.

Note that the proof in Theorem 1 implies that the explicit
form x̂[k] given by

x̂[k] :=
p−1∑
j=0

l j −1∑
l=0

a j,lk
lλ j

k, where r =
p−1∑
j=0

l j , (36)

is a necessary and sufficient condition to have the low-rank
Hankel matrix. Here, λ j = e−i2π t j for FRI signals. Further-
more, for a Hankel matrix constructed using the signal model
in (36), there exist an exponentional decomposition of Hankel
matrix using confluent Vandermonde matrix [28]. Specifically,
define a confluent Vandermonde matrix Vn−d+1 ∈ C(n−d+1)×r

(resp. Vd ∈ Cd×r ):

Vn−d+1 =
[
Cl0

n−d+1(λ0) Cl1
n−d+1(λ1) · · · C

lp−1
n−d+1(λm p−1)

]
,

where the (m, l) element of the sub-matrix Cli
n−d+1(λ) ∈

C(n−d+1)×li is given by
[
Cl

n−d+1(λ)
]

m,l
=
{

0, m < l
(m−1)!
(m−l)! λ

i− j , otherwise.
(37)

Then, the associated Hankel matrix H (x̂) ∈ H(n, d) with
min{n − d + 1, d} > r has the following generalized Vander-
monde decomposition [28]–[31]:

H (x̂) = Vn−d+1 B VT
d , (38)

where Vn−d+1 ∈ C(n−d+1)×r and Vd ∈ Cd×r are the confluent
Vandermonde matrices and B is a r ×r block diagonal matrix
given by

B =

⎡
⎢⎢⎢⎢⎣

H0 0 · · · 0

0 H1
. . .

...
. . .

. . . 0
0 · · · 0 Hp−1

⎤
⎥⎥⎥⎥⎦

,



784 IEEE TRANSACTIONS ON INFORMATION THEORY, VOL. 63, NO. 2, FEBRUARY 2017

where Hi is the li ×li upper anti-triangular Hankel matrix [29].
Because B in (38) is a full rank block diagonal matrix, for a
given SVD of H (x̂) = U�V H with U ∈ C(n−d+1)×r , V ∈
Cd×r and � ∈ Cr×r , we have

RAN U = RAN Vn−d+1, RAN V = RAN Vd .

Accordingly, we can derive the following upper bound of the
standard coherence:

Lemma 12: For a Hankel matrix H (x̂) ∈ H(n, d) with
the decomposition in (38), the standard coherence μ in (9)
satisfies:

μ ≤ max

{
ζn−d+1

σmin
(V∗

n−d+1Vn−d+1
) , ζd

σmin
(V∗

dVd
)
}

(39)

where σmin(·) denotes the least singular value and the constant
ζN , N ∈ N is defined by

ζN = N

[
(N − 1)!

(N − lmax)!
]2

, (40)

and lmax := max
0≤ j≤p−1

l j .

Proof: Since U (resp. Vn−d+1) and V (resp. Vd ) determine
the same column (resp. row) space, we can write

UU∗ = Vn−d+1
(V∗

n−d+1Vn−d+1
)−1 V∗

n−d+1

V V ∗ = Vd
(V∗

dVd
)−1 V∗

d

Thus, we have

max
1≤i≤d

‖V ∗ei‖2
2 = max

1≤i≤d
e∗

i Vd
(V∗

dVd
)−1 V∗

d ei

≤ 1

σmin
(V∗

dVd
) max

1≤i≤d
‖V∗

d ei‖2

Moreover, we have

max
1≤i≤d

‖V∗
d ei‖2 = ‖V∗

d ed‖2

=
p−1∑
j=0

l j∑
l=1

[
(d − 1)!
(d − l)!

]2

≤ r

[
(d − 1)!

(d − lmax)!
]2

where we use (37) and r = ∑p−1
j=0 l j . Similarly,

max
1≤i≤n−d+1

‖U∗ei‖2
2

≤ r

σmin
(V∗

n−d+1Vn−d+1
)
[

(n − d)!
(n − d + 1 − lmax)!

]2

.

Therefore, using the definition of μ in (9), we can obtain (39).
This concludes the proof. �

Note that this is an extension of the approach in
[10, Appendix C, Sec. III.A] which tried to bound the mutual
coherence for the standard Vandermonde decomposition,
(i.e. l0 = · · · = l p−1 = 1) by a small number. Specifically, for
the cases of random frequency locations or small perturbation
off-the-grid, they showed that the incoherence parameters
become small [10]. However, the dependency of μ on the
minimum separation was not explicit in their discussion.

Recently, Moitra [32] discovered a very intuitive
relationship between the least/largest singular values of
Vandermonde matrix and the minimum separation distance
� = mini �= j |ti − t j |. Specifically, by making novel
connections between extremal functions and the spectral
properties of Vandermonde matrices VN , Moitra showed
that if N > 1/� + 1, then the least singular value is
bounded as

σmin(V∗
NVN ) ≥ N − 1/� − 1.

If applied in our problem involving Vn−d+1 and Vd , the
resulting upper bound of the coherence parameter for standard
Vandermonde matrix is given by

μ ≤ n/2

n/2 − 1/� − 1
, (41)

which approaches to one with sufficiently large n. Eq. (41)
is obtained because the matrix pencil size d = n/2 gives
the optimal trade-off between σmin

(V∗
n−d+1Vn−d+1

)
and

σmin
(V∗

dVd
)
, and ζn/2 = n/2 owing to lmax = 1. Because

(41) requires n > 2/�, this coincides with the minimum
separation in Candès and Fernandez-Granda [8], [11] and
Tang et al. [9], [12]. However, compared to these approaches
[8], [9], [11], [12] that require the minimum separation
as a hard constraint, our approach requires it as a soft
oversampling factor in terms of the incoherence parameter μ.

Then, where is the difference originated? We argue that
this comes from different uses of interpolation functions.
Specifically, in Candes and Fernandez-Granda [8], [11] and
Tang et al. [9], [12], dual polynomial function that interpolates
the sign at the singularity locations should be found to
construct a dual certificate.

On other hand, in the proposed annihilating filter based
approach, the interpolating function is a smooth function that
has zero-crossings at the singularity locations. To see this, let
ĥ[k] is an annihilating filter that annihilates x̂[k]. Then there
exists an annihilating function h(t) such that

x̂[k] ∗ ĥ[k] = 0, ∀k ⇐⇒ x(t)h(t) = 0, ∀t,

so h(t) = 0 whenever x(t) �= 0. The construction of the
annihilating function h(t) is extremely easy and can be readily
obtained by the multiplications of sinusoids (for example,
to null out r -periodic stream of Diracs within [0, 1], we
set f (t) = ∏r−1

j=0(e
i2π t − ei2π t j )). Moreover, this approach

can be easily extended to have multiple roots, which is
required for differentiated Diracs. We believe that the “soft
constraint” originated from annihilating function is one of
the key ingredients that enables recovery of general FRI
signals which was not possible by the existing super-resolution
methods [8], [9], [11], [12].

The derivation of the least singular value for the conflu-
ence Vandermonde matrix have been also an important topic
of researches [30], [31], [33]–[37]. In general, it will also
depend on the minimum separation distance [33]. However, the
explicit tight bound of the least singular value is not available
in general, so we leave this for future work.



YE et al.: COMPRESSIVE SAMPLING USING ANNIHILATING FILTER-BASED LOW-RANK INTERPOLATION 785

F. Recovery of Continuous Domain FRI Signals
After Interpolation

Regardless of the unknown signal type (the stream of Diracs
or a stream of differentiated Diracs), note that an identical
low-rank interpolator can be used. Once the spectrum x̂[k] is
fully interpolated, in the subsequent step, Prony’s method and
matrix pencil algorithm can identify the signal model from the
roots of the estimated annihilator filter as done in [13]–[15].
Accordingly, our robustness guarantees on the low-rank matrix
entries can be translated in terms of the actual signal that
is recovered (for example, on the support or amplitudes of
the spike in the case of recovery of spike superpositions).
In fact, this has been also an active area of researches
[29]–[33], [38], and we again exploit these findings for our
second step of signal recovery. For example, see Moitra [32]
for more details on the error bound for the case of modified
matrix pencil approach for recovery of Diracs. In addition,
Batenkov has recently generalized this for the recovery of
general signals in (36) [33]. The common findings are that
the estimation error for the location parameter {t j }p−1

j=0 and the
magnitude a j,l are bounded by the condition number of the
confluent Vandermonde matrix as well as the minimum sep-
aration distance �. Moreover, matrix pencil approaches such
as Estimation of Signal Parameters via Rotational Invariance
Techniques (ESPRIT) method [39] is shown to stably recover
the locations [33], [38].

Here, we briefly review the matrix pencil approach for the
signal recovery [29], [40]. Specifically, for a given conflu-
ent Vandermonde matrix Vn−d+1, let V↓

n−d+1 be the matrix
extracted from Vn−d+1 by deleting the last row. Similarly, let
V↑

n−d+1 be the matrix extracted from Vn−d+1 by deleting the

first row. Then, V↓
n−d+1 and V↑ span the same signal subspace

and

V↑
n−d+1 = V↓

n−d+1 J

where J is the r × r block diagonal matrix

J =

⎡
⎢⎢⎢⎢⎣

Jl0(λ0) 0 · · · 0

0 Jl1(λ1)
. . .

...
...

. . .
. . . 0

0 · · · 0 Jlp−1(λp−1)

⎤
⎥⎥⎥⎥⎦

,

where Jl1(λi ) denotes the li × li Jordan block [28], [29]:

Jli =

⎡
⎢⎢⎢⎢⎢⎢⎢⎣

λi 1 0 · · · 0

0 λi 1
. . .

...

0 0 λi
. . . 0

...
. . .

. . .
. . . 1

0 · · · 0 0 λi

⎤
⎥⎥⎥⎥⎥⎥⎥⎦

.

In practice, the confluence Vandermonde matrix Vn−d+1 is
unknown, but a (n − d + 1) × r matrix W that spans
the signal subspace can be estimated using singular value
decomposition (SVD). Then, we can easily see that

W↑ = W↓�

where r × r spectral matrix � is given by

� = G J G−1

for some matrix G. Finally, the matrix pencil algorithm com-
putes the eigenvalues of � matrix from which the estimated
poles and their multiplicities are estimated.

IV. GUARANTEED RECONSTRUCTION

OF CARDINAL L-SPLINES

A. Cardinal L-Spline Model

A cardinal spline is a special case of a non-uniform spline
where the knots are located on the integer grid [16], [26], [27].
More specifically, a function x(t) is called a cardinal L-spline
if and only if

Lx(t) = w(t), (42)

where the operator L is continuous domain whitening operator
and the continuous domain innovation signal w(t) is given by

w(t) :=
∑
p∈Z

a[p]δ(t − p), (43)

whose singularities are located on integer grid.
Even though the recovery of cardinal L-splines can be

considered as special instance of that of non-uniform splines,
the cardinal setting allows high but finite resolution, so it
is closely related to standard compressed sensing framework
in discrete framework. Therefore, this section provides more
detailed discussion of recovery of cardinal L-splines from
partial Fourier measurements. The analysis in this section
is significantly influenced by the theory of sparse stochastic
processes [16], so we follow the original authors’ notation.

B. Construction of Low-Rank Wrap-Around Hankel Matrix

The main advantage of using cardinal setup is that we
can recover signals by exploiting the sparseness of discrete
innovation rather than exploiting off-the-grid singularity. So,
we are now interested in deriving the discrete counterpart of
the whitening operator L, which is denoted by Ld :

Ldδ(t) =
∑
p∈Z

ld [p]δ(t − p). (44)

Now, by applying the discrete version of whitening operator
Ld to x(t), we have

uc(t) : = Ld x(t) = LdL−1w(t) = (βL ∗ w) (t)

=
∑
p∈Z

a[p]βL(t − p). (45)

where βL(t) denotes a generalized B-spline associated with
the operator L [16], which is defined by

βL(t) = LdL−1δ(t) = F−1

{∑
p∈Z ld [ j ]e−iωp

l̂(ω)

}
(t), (46)

where we now use ω = 2π f for Fourier transform to follow
the notation in [16]. As shown in Fig. 2, uc(t) is indeed
a smoothed version of continuous domain innovation w(t)
in (43), because all the sparsity information of the innovation
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Fig. 2. The discrete innovation and continuous domain innovations generated
by Ld and L, respectively.

w(t) is encoded in its coefficients {a[p]}, and aside from
the interpolant βL(t), uc(t) in (45) still retains the same
coefficients. Moreover, the sparseness of sampled discrete
innovation on the integer grid can be identified from the
discrete samples of uc(t):

u(t) : = uc(t)
∑
p∈Z

δ(t − p)

=
∑
p∈Z

ud [p]δ(t − p) (47)

=
∑
p∈Z

(a ∗ bL)[p]δ(t − p) (48)

where

bL [p] := βL(t)|t=p . (49)

To make the discrete sample ud [p] sparse, the discrete fil-
ter bL[p] should be designed to have the minimum non-zero
support. Due to the relationship (49), this can be achieved if
βL(t) is maximally localized. The associated DFT spectrum
of the discrete innovation is given by

ûd [k] = û(ω)
∣∣
ω= 2πk

n
=

r−1∑
j=0

u j e
−i

2πki j
n (50)

where {u j } denotes the non-zero coefficient of u[p] and i j

refers the corresponding index.
To exploit the sparseness of discrete innovation using

the low-rank Hankel matrix, we should relate the discrete
innovation to the discrete samples of the unknown cardinal
L-spline x(t). This can be done using an equivalent B-spline
representation of x(t) [16]:

x(t) =
∑
p∈Z

c[p]βL(t − p), (51)

where c[p] satisfies

a[p] = (c ∗ ld )[p]
for a[p] and ld [p] in (42) and (44), respectively. Here, the
equivalent B-spline representation in (51) can be shown by:

Lx(t) =
∑
p∈Z

c[p]LβL(t − p) =
∑
l∈Z

(c ∗ ld)[p]︸ ︷︷ ︸
a[p]

δ(t − p),

because LLdL−1δ(t) = Ldδ(t). So, we have

u(t) =
∑
p∈Z

(a ∗ bL)[p]δ(t − p)

=
∑
p∈Z

(ld ∗ c ∗ bL)[p]δ(t − p)

=
∑
p∈Z

(ld ∗ xd)[p]δ(t − p)

where

xd [p] := x(t)|t=p =
∑
l∈Z

c[l]β(p − l) = (c ∗ bL)[p]. (52)

Therefore, ud [p] = (ld ∗ xd)[p] and the corresponding DFT
spectrum is given by

ûd [k] = l̂d [k]x̂d[k], k = 0, · · · , n − 1. (53)

Because the DFT data x̂d [k] can be computed and
l̂d [k] is known, we can construct a Hankel matrix
H (ûd) = H (l̂d  x̂d) ∈ H(n, d). Thanks to (50), the associ-
ated minimum size annihilating filter ĥ[k] that cancels x̂d [k]
can be obtained from the following z-transform expression

ĥ(z) =
r−1∏
j=0

(1 − e−i
2πkl j

n z−1)

whose length is r + 1. Therefore, we have

RANKH (ûd) = RANKH (l̂d  x̂d) = r.

Moreover, due to the periodicity of DFT spectrum, we can use
the following wrap-around Hankel matrix:

Hc(ûd )

=

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

ûd [0] ûd [1] · · · ûd [d − 1]
ûd [1] ûd [2] · · · ûd [d]

...
...

. . .
...

ûd [n − d] ûd [n − d + 1] · · · ûd [n − 1]
ûd [n − d + 1] ûd [n − d + 2] · · · ûd [0]

...
...

. . .
...

ûd [n − 1] ûd [0] · · · ûd [d − 2]

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

∈ C
n×d

where the bottom block is an augmented block. Since the
bottom block can be also annihilated using the same anni-
hilating filter, we can see the rank of the wrap-around Hankel
expansion is the same as the original Hankel structured matrix:

RANKHc(ûd ) = RANKH (ûd ) = r.

Then, the missing DFT coefficients can be interpolated using
the following low-rank matrix completion:

min
g∈Cn

‖Hc(g)‖∗

subject to P�(g) = P�(l̂d  x̂d), (54)

or

min
g∈Cn

‖Hc(g)‖∗

subject to ‖P�(g) − P�(l̂d  ŷd)‖ ≤ δ, (55)
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for noisy DFT data ŷd . Then, we have the following perfor-
mance guarantee:

Theorem 13: For a given cardinal L-spline x(t) in Eq. (42),
let l̂d [k] denotes the DFT of discrete whitening operator and
x̂d [k] is the DFT of the discrete sample xd [p] in (52). Suppose,
furthermore, d is given by min{n − d + 1, d} > r and
� = { j1, . . . , jm} be a multi-set consisting of random indices
where jk’s are i.i.d. following the uniform distribution on
{0, . . . , n −1}. Then, there exists an absolute constant c1 such
that x̂ is the unique minimizer to (54) with probability 1−1/n2,
provided

m ≥ c1csμr log2 n. (56)

where cs = n/d and μ is the incoherence parameter.
Proof: The associated Hankel matrix has wrap-around

property, so the log power factor is reduced to 2, and
cs = max{n/n, n/d} = n/d . Q.E.D. �

Theorem 14: Suppose that noisy DFT data ŷd satisfies∥∥∥P�(l̂d  ŷd − l̂d  x̂d)
∥∥∥

2
≤ δ, where x̂d is noiseless DFT

data x̂d [k] of xd [p] in (52). Under the hypotheses of
Theorem 13, there exists an absolute constant c1, c2 such that
with probability 1 − 1/n2, the solution g to (55) satisfies∥∥∥H (l̂d  x̂d) − H (g)

∥∥∥
F

≤ c2n2δ,

provided that (56) is satisfied with c1.

C. Incoherence Condition

Another advantage of using a cardinal set-up is that the
coherence condition can be optimal even in the finite sampling
regime. Specifically, due to the the wrap-around property,
when d = n, the singular vectors U (resp. V ) of Hc(x) are
composed of r columns of a normalized DFT matrix. Thus,
the standard incoherence condition is

μ = max

{
n

r
max

1≤i≤n
‖U∗ei‖2

2,
n

r
max

1≤i≤n
‖V ∗ei‖2

2

}
= 1, (57)

which is optimal. Note that compared to the off-the-grid cases
in Section III-E, the optimal mutual coherence can be obtained
even with finite n.

It is also interesting to see that the corresponding separation
is equal to the Nyquist sampling distance � = 1/n, which
appears smaller than the minimum separation condition 2/n in
Section III-E. Recall that in off-the-grid signal reconstruction,
there always exists a limitation in choosing the matrix pencil
size d due to trade-off between the condition number of
Vn−d+1 and Vd . However, for the cardinal set-up, thanks to
the periodic boundary condition, the limitation does not exist
anymore, and the net effect is doubling the effective aperture
size from n to 2n. This results in the reduction of the minimum
separation in the cardinal setup.

D. Regularization Effect in Cardinal Setup

Note that in the proposed low-rank interpolation approach
for the recovery of general FRI signals, the weighting fac-
tor l̂(ω) used in (Pw) or (P ′

w) is basically a high pass filter
that can boost up the noise contribution. This may limit

Fig. 3. Comparison of first- and second-order weights from whitening
operator L and discrete counter-part Ld .

the performance of the overall low-rank matrix completion
algorithm. In fact, another important advantage of the cardinal
setup is to provide a natural regularization. More specifically,
in constructing the weighting matrix for the low-rank matrix
completion problem, instead of using the spectrum of the
continuous domain whitening operator L, we should use l̂d (ω)
of the discrete counterpart Ld . As will be shown in the
following examples, this helps to limit the noise amplification
in the associated low-rank matrix completion problem.

1) Signals With Total Variation: A signal with total varia-
tion can be considered as a special case of (42) with L = d

dt .
Then, the discrete whitening operator Ld is the finite difference
operator Dd given by

Dd x(t) = x(t) − x(t − 1).

In this case, the associated L-spline is given by

βL(t) = β0+(t) = F−1
{

1 − e−iω

iω

}
(t) =

{
1, for 0 ≤ t < 1

0, otherwise

(58)

Note that this is maximally localized spline because bL[p] =
βL(t)|t=p = δ[p] is a single-tap filter. Therefore, the sparsity
level of the discrete innovation is equal to the number of
underlying Diracs. Moreover, the weighting function for the
low-rank matrix completion problem is given by

l̂d (ω) = 1 − e−iω.

Figure 3 compared the weighting functions that corresponds
to the original whitening operator l̂(ω) = iω and the discrete
counterpart l̂d(ω) = 1 − e−iω. We can clearly see that
high frequency boosting is reduced by the discrete whitening
operator, which makes the low-rank matrix completion much
more robust.

2) Signals With Higher Order Total Variation: Consider
a signal x(t) that is represented by (42) with L = dm+1

dtm+1 .
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Then, the corresponding discrete counterpart Ld should be
constructed by

Ldδ(t) = DdDd · · · Dd︸ ︷︷ ︸
m

δ(t) .

In this case, the associated L-spline is given by [16]

βm+ (t) =
(
β0+ ∗ β0+ ∗ · · · ∗ β0+

)
︸ ︷︷ ︸

m+1

(t)

= F−1

{(
1 − e−iω

iω

)m+1
}

(t)

=
m+1∑
k=0

(−1)k
(

m + 1

k

)
(t − k)m+

m!
with (t)+ = max(0, t). We can see that the length of the
corresponding filter bL [n] is now given by m + 1. Hence,
when the underlying signal is r -Diracs, then the sparsity level
of the discrete innovation is upper bounded by

(m + 1)r (59)

and the corresponding weighting function is given by

l̂d(ω) = (1 − e−iω)m+1. (60)

Again, Figure 3 clearly showed that this weighting function
is much more robust against noises compared to the original
weighting (iω)m+1.

Note that the relationship between the sparsity in (59) and
the noise reduction by (60) clearly demonstrate the trade-off
between regularization and the resolution in signal recovery.
Specifically, to recover high order splines, rather than imposing
the higher order weighting that is prone to noise boosting,
we can use regularised weighting (60) that comes from dis-
crete whitening operator. The catch, though, is the necessity
for additional spectral samples originated from the sparsity
increase.

E. Recovery of Continuous Domain
Signals After Interpolation

In contrast to the recovery of general FRI signals from its
spectral measurements, the reconstruction of cardinal L-spline
can be done using standard B-spline signal processing
tools [41], [42]. Specifically, after recovering the DFT
spectrum x̂[k] using the Hankel structured matrix completion,
a trivial application of an inverse DFT can obtain xd [n].
Then, to recover x(t), we use the equivalent representation
Eq. (51). More specifically, the coefficient c[n] in (51) can
be computed by (52):

xd [n] = (c ∗ bL)[n].
Because xd [n] are already computed and bL[n] is known,
the unknown coefficient c[n] can be obtained using the
standard method in [41] and [42] using recursive filtering
without computationally expensive matrix inversion. In case
the operator L is the first differentiation, bL[n] = δ[n],
so c[n] can be readily obtained as xd[n].

V. ALGORITHM IMPLEMENTATION

A. Noiseless Structured Matrix Completion Algorithm

In order to solve structured matrix completion problem from
noise free measurements, we employ an SVD-free structured
rank minimization algorithm [43] with an initialization using
the low-rank factorization model (LMaFit) algorithm [44].
This algorithm does not use the singular value decomposi-
tion (SVD), so the computational complexity can be signif-
icantly reduced. Specifically, the algorithm is based on the
following observation [43]:

‖A‖∗ = min
U,V :A=U V H

‖U‖2
F + ‖V ‖2

F . (61)

Hence, it can be reformulated as the nuclear norm minimiza-
tion problem under the matrix factorization constraint:

min
U,V :H (g)=U V H

‖U‖2
F + ‖V ‖2

F

subject to P�(g) = P�(x̂). (62)

By combining the two constraints, we have the following
cost function for an alternating direction method of multi-
plier (ADMM) step [45]:

L(U, V , g,�) := ι(g) + 1

2

(
‖U‖2

F + ‖V ‖2
F

)

+ μ

2
‖H (g) − U V H + �‖2

F (63)

where ι(g) denotes an indicator function:

ι(g) =
{

0, if P�(g) = P�(x̂)

∞, otherwise.

One of the advantages of the ADMM formulation is that each
subproblem is simply obtained from (63). More specifically,
g(n+1), U (n+1) and V (n+1) can be obtained, respectively, by
applying the following optimization problems sequentially:

g(n+1)

= arg min
g

ι(g) + μ

2
‖H (g) − U (n)V (n)H + �(n)‖2

F

U (n+1)

= arg min
U

1

2
‖U‖2

F + μ

2
‖H (g(n+1)) − U V (n)H + �(n)‖2

F

V (n+1)

= arg min
V

1

2
‖V ‖2

F + μ

2
‖H (g(n+1)) − U (n+1)V H + �(n)‖2

F

(64)

and the Lagrangian update is given by

�(n+1) = Y(n+1) − U (n+1)V (n+1)H + �(n), (65)

where Y(n+1) = H (g(n+1)). It is easy to show that the first
step in (64) can be reduced to

g(n+1) = P�cH †
{

U (n)V (n)H − �(n)
}

+ P�(x̂), (66)

where P�c is a projection mapping on the set �c (the
complement set of �) and H † corresponds to the Penrose-
Moore pseudo-inverse mapping from our structured matrix to
a vector. Hence, the role of the pseudo-inverse is taking the
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average value and putting it back to the original coordinate.
Next, the subproblem for U and V can be easily calculated
by taking the derivative with respect to each matrix, and we
have

U (n+1)

= μ
(
Y(n+1) + �(n)

)
V (n)

(
I + μV (n)H V (n)

)−1

V (n+1)

= μ
(
Y(n+1) + �(n)

)H
U (n+1)

(
I + μU (n+1)H U (n+1)

)−1

(67)

Now, for faster convergence, the remaining issue is how
to initialize U and V . For this, we employ an algorithm
called the low-rank factorization model (LMaFit) [44]. More
specifically, for a low-rank matrix Z , LMaFit solves the
following optimization problem:

min
U,V ,Z

1

2
‖U V H − Z‖2

F subject to PI (Z) = PI (H (x̂)) (68)

and Z is initialized with H (x̂) and the index set I denotes
the positions where the elements of H (x̂) are known. LMaFit
solves a linear equation with respect to U and V to find their
updates and relaxes the updates by taking the average between
the previous iteration and the current iteration. Moreover,
the rank estimation can be done automatically. LMaFit uses
QR factorization instead of SVD, so it is also computationally
efficient.

B. Noisy Structured Matrix Completion Algorithm

Similarly, the noisy matrix completion problem can be
solved by mininimizing the following Lagrangian function:

L(U, V , g,�) : = λ

2
‖P�(ŷ) − P�(g)‖2

2 + 1

2

(
‖U‖2

F + ‖V ‖2
F

)

+ μ

2
‖H (g) − U V H + �‖2

F

where λ denotes an appropriate regularization parameter.
Compared to the noiseless cases, the only difference is the
update step of g. More specifically, we have

g(n+1) = arg min
g

λ

2
‖P�(ŷ) − P�(g)‖2

2

+ μ

2
‖H (g) − U (n)V (n)H + �(n)‖2

F

which can be reduced to

g(n+1) = P�cH †
{

U (n)V (n)H − �(n)
}

+ P�(z)

where z = [z[0], · · · , z[n − 1]]T such that

z[i ] = λy[i ] + μPi
(
H ∗ (U (n)V (n)H − �(n)

))
λ + μPi (H ∗H (ei ))

,

where ei denotes the unit coordinate vector where the i -th
element is 1, and Pi is the projection operator to the i -th
coordinate.

C. Implemetation of ADMM

The alternating direction method of multipliers (ADMM)
described above is widely used to solve large-scale linearly
constrained optimization problems, convex or nonconvex,
in many engineering fields. The convergence of ADMM
algorithm for minimizing the sum of two or more non-
smooth convex separable functions have been well-studied,
and Hong and Luo [46] proved the linear convergence of
a general ADMM algorithm with any number of blocks
under linear constraints. Even for the nonconvex problems,
Hong et al [47] further showed that the classical ADMM
converges to the set of stationary solutions, provided that the
penalty parameter in ADMM (μ in our case) is chosen to
be sufficiently large. Accordingly, to ensure the convergence
of ADMM, it is usually recommended to use a sufficiently
large μ; so, we chose μ = 103 in our implementation.

Note that the computational complexity of our ADMM algo-
rithm is crucially determined by the matrix inversion in (67).
More specifically, the computational complexity in (67) in
terms of multiplication is O((n − d + 1)rd + r3), whereas
the number of multiplication required for (66) and (65) is
O((n − d + 1)rd). Thus, if the underlying signal is sparse,
then we can choose sufficiently small rank estimate r and
the matrix pencil size d to reduce the overall computational
complexity. Another important issue in practice is the memory
usage. Note that the U, V ,Y as well as the Lagrangian
parameter � should be stored throughout the iterations in our
ADMM implementation. The associated memory requirement
is at least (n − d + 1)r + rd + 2(n − d + 1)d . This is not
an issue in our 1-D problems, but for large size problems
(especially originated for three dimensional recovery problems
in medical imaging applications), the memory requirement
quickly grows, which can become a dominating computational
bottleneck in parallel implementation using memory limited
graphic processor unit (GPU).

VI. NUMERICAL RESULTS

In this section, we undertake a comparative numerical study
for the recovery of FRI signals on an integer grid. We then
provide numerical experiments involving the reconstruction of
piecewise polynomials in which the discontinuities are located
in arbitrary positions.

A. Recovery of On-Grid Signals

First, we perform numerical simulations using noiseless
measurements. Specifically, we consider three scenarios:
1) streams of Diracs, 2) piecewise constant signals, and 3) a
super-position of Diracs and piecewise constant signals. As a
reference for the comparsion, the SPGL1 implementation of
the basis pursuit (BP) algorithm [48] was used to recover a
stream of Diracs, whereas the split Bregman method of l1 total
variation reconstruction [49] was used for recovering signals
in the second and third scenarios. We assume that all of the
singularities are located on an integer grid. To quantifythe
recovery performances, phase-transition plots were calculated
using 300 Monte Carlo runs.
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Fig. 4. Phase-transition diagrams for recovering a stream of Diracs from m random sampled Fourier samples. The size of the target signal (n) is 100 and
the annihilating filter size d was set to 51. s denotes the number of Diracs. The left and right graphs correspond to the phase-transition diagrams of the basis
pursuit [48] compressed-sensing approach and the proposed low-rank interpolation approach, respectively. The success ratio is obtained from the success ratio
of 300 Monte Carlo runs. Two transition lines from compressed sensing (blue) and the low-rank interpolator (red) are overlaid.

Fig. 5. Phase-transition diagrams for recovering a piecewise constant signals from m random sampled Fourier samples. The size of the target signal (n)
is 100 and the annihilating filter size d was set to 51. The left and right graphs correspond to the phase-transition diagram of the l1-TV compressed-sensing
approach and the proposed low-rank interpolation approach, respectively. The success ratio is obtained from the success ratio of 300 Monte Carlo runs.
Two transition lines from compressed sensing (blue) and the low-rank interpolator (red) are overlaid.

1) Diracs Streams: To simulate Diracs stream signals, we
generated one-dimensional vectors with a length of 100, where
the location of the Diracs are constrained on an integer grid.
The spectral measurements were randomly sampled with a
uniform random distribution, where the zero-frequency com-
ponent was always included. This made the Fourier sensing
matrix become a DFT matrix, allowing the use of basis pursuit
using a partial DFT sensing matrix. We used the SPGL1
basis pursuit algorithm, as obtained from the original author’s
homepage [48]. Only thing we need to set for SPGL1 was
the number of iteration to 500. For the proposed method, d
was set to be �n/2� + 1 = 51. The other hyper-parameters
for the proposed method were as following: μ = 103, 500
iterations, tol = 10−4 for LMaFit. For a fair comparison,
we used the same iteration numbers and sampling patterns
for both basis pursuit and the proposed algorithm. The phase
transitions in Fig. 4 show the success ratio calculated from
300 Monte Carlo trials. Each trial from the Monte Carlo
simulations was considered as a success when the normalized
mean square error (NMSE) was below 10−3. In Fig. 4, the
proposed approach provided a sharper transition curve between
success and failure than that of the basis pursuit. Furthermore,
the transition curve of the proposed method (red dotted line)
is higher than that by the basis pursuit (blue dotted line).

2) Piecewise-Constant Signals: To generate the piecewise
constant signals, we initially generated Diracs signal at random

Fig. 6. Sample reconstruction results at the position marked with the yellow
star in Fig. 5. Ground-truth signal (original), l1-TV (compressed sensing) and
the proposed method (low-rank interpolator) are illustrated. The parameters
for the experiments are as follows: n = 100, d = 51, and m = 40 with
19 steps.

locations on an integer grid and added steps between the
Diracs. The length of the unknown one-dimensional vector
was again set to 100. To avoid a boundary effect, the values at
the end of both boundaries were set to zeros. As a conventional
compressed sensing approach, we employed the 1-D version
of l1-total variation reconstruction (l1-TV) using the split
Bregman method [49], which was modified from the original
2-D version of l1-TV from the homepage. We found that the



YE et al.: COMPRESSIVE SAMPLING USING ANNIHILATING FILTER-BASED LOW-RANK INTERPOLATION 791

Fig. 7. Phase-transition diagrams for recovering the super-position of the piecewise constant signal and Diracs from m randomly sampled Fourier samples.
The size of the target signal (n) is 100 and the annihilating filter size d was set to 51. The left and right graphs correspond to the phase-transition diagram of
the l1-TV compressed-sensing approach and the proposed low-rank interpolation approach, respectively. The success ratio is obtained from the success ratio
of 300 Monte Carlo runs. Two transition lines from compressed sensing (blue) and the low-rank interpolator (red) are overlaid.

Fig. 8. Sample reconstruction results at the position denoted by the yellow
star in Fig. 7. Ground-truth signal (original), l1-TV (compressed sensing) and
the proposed method (low-rank interpolator) are illustrated. The parameters
for the experiments are: n = 100, d = 51, and m = 50, with the number of
steps and Diracs all being 10.

optimal parameters for l1-TV were μ = 102, λ = 1, and
the outer and inner loop iterations of 5 and 40, respectively.
The hyper-parameters for the proposed method are as follows;
μ = 103, 200 iterations, tol = 10−3 for LMaFit. Note that
we need 1 − e−iω weighting for low-rank Hankel matrix
completion as a discrete whitening operator for TV signals.
The phase transition plots were calculated using averaged
success ratio from 300 Monte Carlo trials. Each trial from
the Monte Carlo simulations was considered as a success
when the NMSE was below 10−2. Because the actual non-
zero support of the piecewise constant signals was basically
the entire domain, the threshold was set higher than in previous
Dirac experiments.

As shown in Fig. 5, the transition curve from the proposed
method (red dotted line) provided a sharper and improved
transition than the l1 total variation approach (blue dotted line).
Furthermore, even in successful cases, there were a number
of unsuccessful recoveries with the conventional method,
whereas the proposed method succeeded nearly every time.
In Fig. 6, we also illustrate sample recovery results from
the same locations in the phase-transition diagram, which

Fig. 9. (a) The reconstructed NMSE plots by the proposed low-rank
interpolation scheme at various SNR values. For this simulation, we set the
annihilating filter size d = 51, and n = 100. The number of singularity due to
steps was 10 and the number of measurements was 50. (b) A reconstruction
example from a noisy measurement at 30dB.

are at the position marked with the yellow star in Fig. 5.
We observed near-perfect reconstruction from the proposed
method, whereas severe blurring was observed when using
l1-TV reconstruction.

3) Piecewise-Constant Signal + Diracs: We performed
additional experiments on the reconstruction of the super-
position of the piecewise constant signal and Dirac spikes.
Note that this corresponds to the first derivative of the piece-
wise polynomial with a maximum order of 1 (i.e. piecewise
constant and linear signals). The goal of this experiment was
to verify the capability of recovering piecewise polynomials,
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Fig. 10. Fully sampled Fourier measurement and the interpolated data from m = 36 irregularly sampled data. (a) Low-rank interpolation results without
spectrum weighting. (b) The proposed low-rank interpolation using optimal weighting l̂(ω) = iω. For this simulation, the following parameters were
used: d = 51, n = 100 and m = 36.

but there was no widely used compressed-sensing solution
for this type of signals. Therefore, for a fair comparison,
we were interested in recovering their derivatives, as the
conventional l1-TV approach can be still used for recovering
Diracs and piecewise constant signals. The optimal parameters
for l1-TV were μ = 103, λ = 1, and outer and inner loop
iterations of 5 and 40, respectively. The hyper-parameters for
the proposed method are as follows: μ = 103, 200 iterations,
and tol = 10−3 for LMaFit. In this case, the sparsity level
doubles at the Dirac locations when we use the l1-TV method
for this type of signal. Similar sparsity doubling was observed
in our approach. More specifically, our method required the
derivative operator as a whitening operator, which resulted
in the first derivative of the Diracs. According to Eq.(59),
this doubles the effective sparsity level. Accordingly, the
comparison of l1-TV and our low-rank interpolation approach
was fair, and the overall phase transitions were expected to
be inferior compared to those of piecewise constant signals.
The simulation environment was set such that it is identical
to those in the previous piecewise constant setups, except for
the signal generation process. For signals, we generated an
equal number of steps and Diracs. When the sparisty is an
odd number, the numbers of Diracs was set to the number of
steps minus 1.

As shown in Fig. 7, there were much more significant
differences between the two approaches. Our algorithm still
provided very clear and improved phase transitions, whereas
the conventional l1-TV approach resulted in very fuzzy and
inferior phase transitions. In Fig. 8, we also illustrated the
sample recovery results from identical locations in the phase-
transition diagram, which are at the position marked by the
yellow star in Fig. 7. The proposed approach provided a
nearly perfect reconstruction, whereas l1-TV reconstruction
exhibits blurring. This again confirms the effectiveness of our
approach.

4) Recovery From Noisy Measurements: To verify the
robustness to noise of the proposed method, we performed
experiments using piecewise constant signals by adding addi-
tive complex Gaussian noise to partial Fourier measurements.
Fig. 9(a) shows the recovery performance of the proposed
low-rank interpolation method at several signal-to-noise
ratios (SNR). All setting parameters for the proposed method
are identical to the parameters in previous experiments except
for the addition of λ = 105. As expected from the theoretical
results, the recovery performance was proportional to the
noise level. Fig. 9(b) presents an example of reconstructions
from measurements with 30dB of noise. Here, the optimal
parameters for l1-TV (CS) were μ = 103, λ = 1, with outer-
inner loop iterations of 5 and 40, respectively. The proposed
approaches still provide accurate reconstruction results.

B. Recovery of Off-the-Grid Signals

To verify the performance of off-the-grid signal recovery,
we also performed additional experiments using piecewise
constant signals whose edges are located on a continuous
domain in the following range [0, 1]. Specifically, we consider
a signal composed of several rectangles whose edges are
located in off-grid positions. Due to the existence of closed-
form expressions of the Fourier transform of shifted rectangle
functions, the measurement data could be generated accurately
without using the discrete Fourier transform. Because the
signal is composed of rectangles, the singularities are located
at the edge positions after differentiation. Accordingly, the
weighting factor for low-rank interpolation was the spectrum
of the continuous domain derivative, i.e. l̂(ω) = iω. Owing
to the Nyquist criterion, the sampling grid in the Fourier
domain corresponds to an integer grid, and the ambient signal
dimension n (which corresponds to the aperture size) was
set to 100. Then, m = 36 Fourier samples were randomly
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Fig. 11. Proposed reconstruction result of a piecewise constant signal from
noiseless and 40dB noisy sparse Fourier samples. For this simulation, the
following parameters were used: d = 51, n = 100 and m = 36. The
matrix pencil approach was used for signal recovery after the missing Fourier
data was interpolated using the proposed low-rank interpolation scheme with
optimal weighting l̂(ω) = iω.

obtained from the range of [0, · · · , 99]. The parameters for the
proposed low-rank interpolation were as follows: the tolerance
for LMaFit = 10−1, number of iterations 300, μ = 103. Once
the Fourier data were interpolated, we used the matrix pencil
method [5], [40], as described in Section III-F for the second
step of signal recovery.

Fig. 10(b) illustrates the interpolated measurement from
36 instances of irregularly sampled Fourier data using the pro-
posed low-rank interpolation. Because the underlying signal is
a piecewise constant signal, the optimal weighting l̂(ω) = iω
was applied for the Fourier data before the low-rank matrix
completion was applied. As shown in Fig. 10(b), near-perfect
interpolation was achieved. On the other hand, if the original
Fourier data was used for the low-rank interpolation without
weighting, the resulting interpolation was very different from
the true measurement (see Fig. 10(a)). These results confirmed
our theory.

Fig. 11 illustrates the corresponding reconstruction results
from noiseless measurements using the proposed method. We
also performed an additional simulation with 40dB of mea-
surement noise. The results clearly showed that the proposed
approach accurately reconstructs the underlying piecewise
constant signals. Recall that there are no existing off-the-
grid reconstruction algorithms for piecewise constant signals.
Therefore, the nearly perfect reconstructions by the proposed
method clearly show that our theory is quite general and can
therefore be used for the recovery of general FRI signals.

VII. CONCLUSION

While the recent theory of compressed sensing (CS) can
overcome the Nyquist limit for recovering sparse signals,
standard recovery algorithms are usually implemented in the
discrete domain as inverse problem approaches that are fully
dependent on signal representations. Moreover, existing spec-
tral compressed-sensing algorithms of continuous signals such
as off-the-grid spikes are very distinct from their discrete
domain counter-parts. To address these issues and unite the
theories, this paper developed a near-optimal Fourier CS

framework using a structured low-rank interpolator in the
measurement domain to use before an analytic reconstruction
procedure is applied. This was based on the fundamental
duality between the sparsity in the primary space and the
low-rankness of the structured matrix in reciprocal spaces.
Compared to existing spectral compressed-sensing methods,
our theory was generalized to encompass more general signals
with a finite rate of innovation such as piecewise polynomials
and splines with provable performance guarantees. Numerical
results confirmed that the proposed methods exhibited signif-
icantly improved phase transition as compared to that by the
existing CS approaches.

APPENDIX

A. Properties of Linear Difference Equations
With Constant Coefficients

Before proving Theorem 1, we review some important
properties about linear difference equations [50]. In general,
the r -th order homogeneous difference equation has the form

x[k + r ] + ar−1[k]x[k + r − 1] + · · · + a0[k]x[k] = 0. (A.1)

where {ai [k]}r−1
i=0 are constant coefficients. The functions

f1[k], f2[k], · · · , fr [k] are said to be linearly independent for
k ≥ k0 if there are constants c1, c2, · · · , cr , not all zero, such
that

c1 f1[k] + c2 f2[k] + · · · + cr fr [k] = 0, k ≥ k0.

And, a set of r linearly independent solutions of (A.1) is called
a fundamental set of solutions. As in the case of Wronskian in
the theory of linear differential equations, we can easily check
the linear independence of solution by using Casoratian W [k]
which is defined as :

W [k] =

∣∣∣∣∣∣∣∣∣

x1[k] x2[k] · · · xr [k]
x1[k + 1] x2[k + 1] · · · xr [k + 1]

...
...

x1[k + r − 1] x2[k + r − 1] · · · xr [k + r − 1]

∣∣∣∣∣∣∣∣∣
Lemma 15 [50, Lemma 2.13, Corollary 2.14]: Let

x1[k], · · · , xr [k] be solutions of (A.1) and W [k] be their
Casoratian. Then,

1) For k ≥ k0,

W [k] = (−1)r(k−k0)

⎛
⎝

k−1∏
i=k0

a0[i ]
⎞
⎠W [k0];

2) Suppose that a0[k] �= 0 for all k ≥ k0. Then, W [k] �= 0
for all k ≥ k0 iff W [k0] �= 0.

Now, we state the criterion by which we can easily check
the linear independence of solutions of (A.1).

Lemma 16: [50, Ths. 2.15 and 2.18],

1) The set of solutions x1[k], x2[k], · · · , xr [k] of (A.1) is
a fundamental set iff W [k0] �= 0 for some k0 ∈ N.

2) If a0[k] �= 0 for all k ≥ k0, then (A.1) has a fundamental
solutions for k ≥ k0.

Now, for the linear difference equation with constant coef-
ficients, similarly to the case of differential equation with
constant coefficients, we have the following result:
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Lemma 17 [50, Lemma 2.22, Th. 2.23]: Assume that we
have a linear difference equation

zk+r + ar−1zk+r−1 + · · · + a1zk+1 + a0zk = 0, (A.2)

where the coefficients ai ’s are constants and a0 �= 0, and we
are given

P(λ) := λr + ar−1λ
r−1 + · · · + a1λ + a0 =

p−1∏
i=0

(λ − λi )
li ,

as its characteristic equation, where λ0, · · · , λp−1 are all the
distinct nonzero complex roots of P(λ). Then the set

G =
p−1⋃
i=0

Gi

is a fundamental set of solutions (A.2), where

Gi =
{
[λk

i ]k,

[(
k

1

)
λk−1

i

]

k
,

[(
k

2

)
λk−2

i

]

k
, · · · ,

[(
k

li − 1

)
λ

k−li +1
i

]

k

}
. (A.3)

Here, we use the notation [a[k]]k to denote the sequence
with k-th term a[k]. Now, we have the following results which
will be used later.

Lemma 18: The sequence set
{[

λk
i

]
k
,

[(
k

1

)
λk−1

i

]

k
,

[(
k

2

)
λk−2

i

]

k
, · · · ,

[(
k

li − 1

)
λ

k−li +1
i

]

k

}
, (A.4)

and {[
λk

i

]
k
,
[
kλk

i

]
k
, · · · ,

[
kli −1λk

i

]
k

}
(A.5)

span the same sequence space.
Proof: Note that (A.4) has the same span as

{[
λk

i

]
k
,

[(
k

1

)
λk

i

]

k
, · · · ,

[(
k

li − 1

)
λk

i

]

k

}

since a0 �= 0 and λi �= 0 for all 0 ≤ i ≤ p − 1. Moreover, for
any given 0 ≤ i ≤ p − 1 and 0 ≤ j ≤ li − 1,

(
k

j

)
= k(k − 1) · · · (k − j + 1)

j !
is a polynomial of k with order j so that each sequence{(k

j

)
λk

i

}
k∈N

is a linear combination of

{[
λk

i

]
k
,
[
kλk

i

]
k
, · · · ,

[
k jλk

i

]
k

}
.

On the other hand, every polynomial P(k) on Z of degree at
most j uniquely expressible as a linear combination of

(
k

0

)
,

(
k

1

)
, · · · ,

(
k

j

)

and the explicit representation is given by

k j =
j∑

l=0

al

(
k

l

)
where al =

l∑
m=0

(−1)l−m
(

l

m

)
m j .

For the above formula, you may refer [51]. Thus, the sequence
{k jλ

j
i }k∈N is given as a linear combination of

{[
λk

i

]
k
,

[(
k

1

)
λk

i

]

k
, · · · ,

[(
k

i − 1

)
λk

i

]

k

}
.

Thus, (A.4) and the sequence
{[

λk
i

]
k
,
[
kλk

i

]
k
, · · · ,

[
kli −1λk

i

]
k

}

spans the same sequence space. Q.E.D. �

B. Proof of Theorem 1

Proof: First, we will show that H (x̂) has rank at most r .
Let ĥ ∈ Cr+1 be the minimum size annihilating filter. Then,
(4) can be represented as

ĥa = C (ĥ)â

where â = [
â[0] · · · â[k1 − 1]] and C (ĥ) ∈ Cd×k1 is a

Toeplitz structured convolution matrix from ĥ:

C (ĥ) =

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

ĥ[0] 0 · · · 0
ĥ[1] ĥ[0] · · · 0

...
...

. . .
...

ĥ[r ] ĥ[r − 1] · · · ĥ[r − k1 + 1]
...

...
. . .

...

0 0 · · · ĥ[r ]

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

∈ C
d×k1

where d = r + k1. Since C (ĥ) is a convolution matrix, it is
full ranked and we can show that

dim RANC (ĥ) = k1,

where dim RAN(·) denotes the dimension of the range space.
Moreover, the range space of C (ĥ) now belongs to the null
space of the Hankel matrix H (x̂), so it is easy to show

k1 = dim RANC (ĥ) ≤ dim NULH (x̂),

where dim NUL(·) represent the dimension of the null space.
Thus,

RANKH (x̂)

= min{d, n − d + 1} − dim NULH (x̂) ≤ d − k1 = r.

Now, we will show by contradiction that the rank of H (x̂)
cannot be smaller than r . Since the rank of the Hankel matrix
is at most r , any set of r + 1 consecutive rows (or columns)
of (n − d + 1) × d Hankel matrix with the entries x̂[k] must
be linearly dependent. Therefore, x̂[k] should be the solution
of the following difference equation:

zk+r + ar−1zk+r−1 + · · · + a1zk+1 + a0zk = 0,

for 0 ≤ k ≤ n − r − 1 (A.6)

where {ai}r−1
i=0 are coefficients of the linear difference equation,

and

P(λ) := λr + ar−1λ
r−1 + · · · + a1λ + a0 =

p−1∏
j=0

(λ − λ j )
l j ,

(A.7)
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is the characteristic polynomial of the linear difference
equation, where λ0, · · · , λp−1 are distinct nonzero complex
numbers so that a0 �= 0 and

r =
p−1∑
j=0

l j .

From Lemma 17 and 18, we know that the sequences
{klλk

j }k∈Z (0 ≤ j ≤ p − 1 and 0 ≤ l ≤ l j − 1) are the
fundamental solutions of the linear difference equation, and
x̂[k] can be represented as their linear combination [50]:

x̂[k] :=
p−1∑
j=0

l j −1∑
l=0

a j,lk
lλ j

k for 0 ≤ k ≤ n − 1, (A.8)

where all the leading coefficients a j,l j−1 (0 ≤ j ≤ p − 1) are
nonzero. If we assume that the rank of the Hankel matrix with
the sequence as in (A.8) is less than r , then the sequence x̂[k]
must satisfy the recurrence relation of order q < r , since any
collection of q + 1 consecutive rows (or columns) are linearly
dependent. Thus, there exist a recurrence relation for x̂[k] of
order q < r such that

zk+q + bq−1zk+q−1 + · · · + b1zk+1 + b0zk = 0,

for 0 ≤ k ≤ n − q − 1, (A.9)

whose solution is the sequence given by

x̂[k] =
p′−1∑
j=0

l′j −1∑
l=0

a′
j,lk

l(λ′
j )

k for 0 ≤ k ≤ n − 1, (A.10)

where
∑p′−1

j=0 l ′j ≤ r − 1, and

P1(λ) = λq + bq−1λ
q−1 + · · · + b1λ + b0 =

p′−1∏
j=0

(λ − λ′
j )

l′j

is the characteristic polynomial of (A.9). Subtracting (A.10)
from (A.8), we have the equation

0 =
P−1∑
j=0

L j−1∑
l=0

c j,lk
l(� j )

k, for 0 ≤ k ≤ n − 1, (A.11)

where

{� j : 1 ≤ j ≤ P} = {λ j : 0 ≤ j ≤ p − 1}
∪ {λ′

j : 0 ≤ j ≤ p′ − 1},
and L j (1 ≤ j ≤ P) is the multiplicity of the root of � j for
the least common multiple of P(λ) and P1(λ). Moreover, we
have N := ∑P−1

j=0 L j ≤ r + (r − 1) = 2r − 1.
Now, from Lemma 17, we know that the sequences

{x̂l, j [k] = kl(� j )
k : 0 ≤ j ≤ P − 1, 0 ≤ l ≤ L j − 1}

are linearly independent sequences, and from the hypothesis
min{n − d + 1, d} > r , we have n > 2r − 1 ≥ N. Thus, if we
write (A.11) as a matrix equation,

0 = �c

where

c = [c0,0, · · · , c0,L0−1, c1,0, · · · , · · · , cP−1,0, · · · ,

cP−1,L P−1−1]T

is an N × 1 matrix, and � is an n × N matrix which has

[�k
0, · · · , k L0−1(�0)

k,�k
1, · · · , · · · ,�k

P−1, · · · ,

k L P−1−1(�P−1)
k]

as an k + 1-th row. By combining Lemma 15 and 16, we can
conclude that the N × N principal minor for the matrix �
must have a nonzero determinant. Thus, the matrix � is of
full column rank so that all the coefficients vector c must be
zero.

Thus, all the zeros and their multiplicities of zeros for
the polynomials P(λ), P1(λ) must be identical. That is a
contradiction to the hypothesis that the degree of P1(λ) is
less than that of P(λ). �

C. A Basis Representation of Structured Matrices

1) Hankel Matrix and Variations: The linear space H(n, d)
of (n − d + 1)-by-d Hankel matrices is spanned by a basis
{Ak}n

k=1 given by

Ak =

⎧⎪⎪⎨
⎪⎪⎩

1√
k

∑k
i=1 ei e∗

k−i+1, 1 ≤ k ≤ d,
1√
d

∑d
i=1 ei e∗

k−i+1, d + 1 ≤ k ≤ n − d+1,

1√
n−k+1

∑d
i=k−n+d ei e∗

k−i+1, n − d + 2 ≤ k ≤ n.

(A.12)

Note that {Ak}n
k=1 satisfies the following properties. First,

Ak is of unit Frobenius norm and all nonzero entries of Ak

are of the same value, i.e.,

[Ak]i, j =
{

1√‖Ak ‖0
, [Ak]i, j �= 0,

0, otherwise,
(A.13)

for all k = 1, . . . , n. It follows from (A.13) that the spectral
norm of Ak is bounded by

‖Ak‖ ≤ ‖Ak‖−1/2
0 . (A.14)

Second, each row and column of all Ak’s has at most one
nonzero element, which implies

n2∑
j=1

(
n1∑

i=1

|[Ak]i, j |
)2

= 1, and
n1∑

i=1

⎛
⎝

n2∑
j=1

|[Ak]i, j |
⎞
⎠

2

= 1.

(A.15)

Last, any two distinct elements of {Ak}n
k=1 have disjoint sup-

ports, which implies that {Ak}n
k=1 constitutes an orthonormal

basis for the subspace spanned by {Ak}n
k=1. In fact, these

properties are satisfied by bases for structured matrices of a
similar nature including Toeplitz, Hankel-block-Hankel, and
multi-level Toeplitz matrices.

2) Warp-Around Hankel Matrix and Variations: The linear
space Hc(n, d) of n-by-d wrap-around Hankel matrices for
n ≥ d is spanned by a basis {Ak}n

k=1 given by

Ak

=

⎧⎪⎪⎨
⎪⎪⎩

1√
d

(∑k
i=1 ei e∗

(k+d−i−1)n+1

+∑n
j=n−d+k+1 e j e∗

(k+d− j−1)n+1

)
, 1 ≤ k ≤ d − 1,

1√
d

∑k
i=k−d+1 ei e∗

(k+d−i−1)n+1, d ≤ k ≤ n,

(A.16)
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where (·)n denotes the modulo operation that finds the remain-
der after division by n. The above basis {Ak}n

k=1 for Hc(n, d)
also satisfies the aforementioned properties of that for H(n, d).

Similarly, all elements of a structured matrix with the
wrap-around property (e.g., wrap-around Hankel matrix) are
repeated by the same number of times. Thus, the correspond-
ing basis {Ak}n

k=1 ⊂ Cn1×n2 has an extra property that

‖Ak‖0 = min{n1, n2}, ∀k = 1, . . . , n. (A.17)

D. Incoherence Conditions

The notion of the incoherence plays a crucial role in matrix
completion and structured matrix completion. We recall the
definitions using our notations. Suppose that M ∈ Cn1×n2

is a rank-r matrix whose SVD is U�V ∗. It was shown
that the standard incoherence condition (9) alone suffices to
provide a near optimal sample complexity for matrix comple-
tion [52]. For structured matrix completion, Chen and Chi [10]
extended the notion of the standard incoherence as follows:
M is said to satisfy the basis incoherence condition with
parameter μ if

max
1≤k≤n

∥∥U∗ Ak
∥∥

F ≤
√

μr

n1
,

max
1≤k≤n

∥∥V ∗ A∗
k

∥∥
F ≤

√
μr

n2
. (A.18)

When Ak = ei e∗
j , the basis incoherence reduces to the

standard incoherence with the same parameter. In general, two
incoherence conditions are related as shown in the following
lemma.

Lemma 19: Let U ∈ Cn1×r and V ∈ Cn2×r . Let Ak ∈
Cn1×n2 for k = 1, . . . , n. Then,

max
1≤k≤n

∥∥U∗ Ak
∥∥

F ≤
(

max
1≤i ′≤n1

∥∥U∗ei ′
∥∥

2

)

· max
1≤k≤n

⎡
⎣

n2∑
j=1

(
n1∑

i=1

|[Ak]i, j |
)2

⎤
⎦

1/2

,

max
1≤k≤n

∥∥V ∗ A∗
k

∥∥
F ≤

(
max

1≤ j ′≤n2

∥∥V ∗e j ′
∥∥

2

)

· max
1≤k≤n

⎡
⎢⎣

n1∑
i=1

⎛
⎝

n2∑
j=1

|[Ak]i, j |
⎞
⎠

2
⎤
⎥⎦

1/2

.

Proof of Lemma 19 Let k be an arbitrary in {1, . . . , n}. Then,

∥∥U∗ Ak
∥∥2

F =
∥∥∥∥∥∥

U∗
n1∑

i=1

n2∑
j=1

ei e∗
j [Ak]i, j

∥∥∥∥∥∥

2

F

=
∥∥∥∥∥∥

n2∑
j=1

( n1∑
i=1

[Ak]i, j U
∗ei

)
e∗

j

∥∥∥∥∥∥

2

F

=
n2∑

j=1

∥∥∥∥∥
n1∑

i=1

[Ak]i, j U
∗ei

∥∥∥∥∥
2

2

≤
n2∑
j=1

(
n1∑

i=1

|[Ak]i, j |
∥∥U∗ei

∥∥
2

)2

≤
(

max
1≤i ′≤n1

∥∥U∗ei ′
∥∥

2

)2 n2∑
j=1

(
n1∑

i=1

|[Ak]i, j |
)2

.

Therefore, the first claim follows by taking maximum over k.
The second claim is proved similarly by symmetry. �

By Lemma 19, if (A.15) is satisfied, then the standard
incoherence condition implies the basis incoherence condition
with the same parameter μ. However, the converse is not true
in general.

E. Proof of Theorem 2

The previous work by Chen and Chi [10] could have proved
the claim (in the case without the wrap-around property) as in
their Theorem 4. However, a few steps in their proof depend on
a Vandermonde decomposition of L(x), where the generators
of the involved Vandermonde matrices are of unit modulus.
Therefore, the original version [10, Th. 4] only applies to the
spectral compressed sensing.

Essentially, their results apply to the setup in this paper with
slight modifications. In the below, a summary of the proof in
the previous work [10] will be presented with emphasis on
necessary changes that enable the extension of the result by
Chen and Chi [10] to the setup of this theorem.

We first adopt notations from the previous work [10]. Define
Ak : Cn1×n2 → Cn1×n2 by

Ak(M) = Ak〈Ak, M〉
for k = 1, . . . , n, where 〈A, B〉 = Tr(A∗B) and
Tr(·) is the trace of a matrix. Then each Ak is an
orthogonal projection onto the one-dimensional subspace
spanned by Ak . The orthogonal projection onto the sub-
space spanned by {Ak}n

k=1 is given as A = ∑n
k=1 Ak .

The summation of the rank-1 projection operators in {Ak}k∈�

is denoted by A�, i.e., A� := ∑
k∈� Ak . With repetitions

in �, A� is not a projection operator. The summation of
distinct elements in {Ak}k∈� is denoted by A′

�, which is
a valid orthogonal projection. Let L(x) = U�V ∗ denote
the singular value decomposition of L(x). Then the tangent
space T with respect to L(x) is defined as

T := {U M∗ + M̃V ∗ : M ∈ C
n2×r , M̃ ∈ C

n1×r }.
Then the projection onto T and its orthogonal complement will
be denoted by PT and PT ⊥ , respectively. Let sgn(X̃) denote
the sign matrix of X̃ , defined by Ũ Ṽ ∗, where X̃ = Ũ�̃Ṽ ∗
denotes the SVD of X̃ . For example, sgn[L(x)] = U V ∗. The
identity operator for Cn1×n2 will be denoted by id.

The proof starts with Lemma 20, which improves on the
corresponding result by Chen and Chi [10, Lemma 1].

Lemma 20 (Refinement of [10, Lemma 1]): Suppose that
A� satisfies

∥∥∥ n

m
PTA�PT − PTAPT

∥∥∥ ≤ 1

2
. (A.19)
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If there exists a matrix W ∈ Cn1×n2 satisfying

(A − A′
�)(W ) = 0, (A.20)

‖PT (W − sgn[L(x)])‖F ≤ 1

7n
, (A.21)

and
∥∥PT ⊥(W )

∥∥ ≤ 1

2
, (A.22)

then x is the unique minimizer to (10).
Proof of Lemma 20 See Appendix F. �
Lemma 20, similarly to [10, Lemma 1], claims that if

there exists a dual certificate matrix W , which satisfies
(A.20) to (A.22), then x is the unique minimizer to (10).
Compared to the previous result [10, Lemma 1], Lemma 20
allows a larger deviation of the dual certificate W from the
sign matrix of L(x). (Previously, the upper bound was in the
order of n−2.)

Remark 21: The relaxed condition on W in (A.21) provides
a performance guarantee at sample complexity of the same
order compared to the previous work [10]. However, in the
noisy case, this relaxed condition provides an improved perfor-
mance guarantee with significantly smaller noise amplification
factor given in Theorem 3.

The next step is to construct a dual certificate W that
satisfies (A.20) to (A.22). The version of the golfing scheme
by Chen and Chi [10] still works in the setup of this theorem.
They construct a dual certificate W as follows: recall that the
elements of � are i.i.d. following the uniform distribution on
[n] := {0, · · · , n − 1}. The multi-set � is partitioned into j0
multi-sets, �1, . . . , � j0 so that each � j contains m/j0 i.i.d.
samples. A sequence of matrices (F0, . . . , Fj0) are generated
recursively by

Fj = PT

(
A − nj0

m
A∗

� j

)
Fj−1, j = 1, . . . , j0,

starting from F0 = sgn[L(x)] = U V ∗. Then, W is obtained
by

W =
j0∑

j=1

(
nj0
m

A∗
� j

+ id − A
)

Fj−1.

Chen and Chi showed that if j0 = 3 log1/ε n for a small
constant ε < e−1, then W satisfies (A.20) and (A.21) with
high probability [10, Section VI.C]. In fact, they showed that
a sufficient condition for (A.21) given by

‖PT (W − sgn[L(x)])‖F ≤ 1

2n2

is satisfied. Thus, without any modification, their arguments
so far apply to completion of structured matrices in the
setup of this theorem. Chen and Chi verified that W satisfies
(A.20) and (A.21) [10, Sec. VI.C]. Without any modification,
their arguments so far apply to completion of structured
matrices in the setup of this theorem.

They verified that W also satisfies the last property in (A.22)
with some technical conditions [10, Sec. VI.D]. Specifically,
Chen and Chi verified that W satisfies (A.22) through a

sequence of lemmas [10, Lemmas 4–7] using intermediate
quantities given in terms of the following two norms:

‖M‖A,∞ := max
1≤k≤n

|〈Ak , M〉| ‖Ak‖ , (A.23)

and

‖M‖A,2 :=
(

n∑
k=1

|〈Ak, M〉|2 ‖Ak‖2

)1/2

. (A.24)

Since most of their arguments in [10, Secs. VI.D and VI.E]
generalize to the setup of our theorem, we do not repeat
technical details here. However, there was one place where
the generalization fails. The results in [10, Lemma 7] provide
upper bounds on the initialization of the dual certificate
algorithm in the above two norms. We found that Chen
and Chi used both the standard incoherence (9) and the
basis incoherence (A.18) in this step. In fact, the proof of
[10, Lemma 7] depends crucially on a Vandermonde decompo-
sition with generators of unit modulus. In spectral compressed
sensing, by controlling the condition number of Vandermonde
matrices, both incoherence properties are satisfied with the
same parameter. In fact, this is the place where their proof
fails to generalize to other structured matrix completion.

In our setup, we assume that (A.15) is satisfied. By
Lemma 19, the standard incoherence property implies the
basis incoherence, and then the dependence on the structure
due to a Vandermonde decomposition disappears. Thus, only
the standard incoherence of L(x) is included among the
hypotheses.

Lemma 22: [10, Lemma 7] Let ‖·‖A,∞ and ‖·‖A,2 be
defined respectively in (A.23) and (A.24). The standard inco-
herence property with parameter μ implies that there exists
an absolute constant c6 such that

∥∥U V ∗∥∥
A,∞ ≤ μr

min(n1, n2)
, (A.25)

∥∥U V ∗∥∥2
A,2 ≤ c6μr log2 n

min(n1, n2)
, (A.26)

and
∥∥∥PT

(
‖Ak‖1/2

0 Ak

)∥∥∥2

A,2
≤ c6μr log2 n

min(n1, n2)
, ∀k = 1, . . . , n.

(A.27)
Proof of Lemma 22: Although [10, Lemma 7] did not

assume that U ∈ Cn1×r (resp. V ∈ Cn2×r ) consists of the left
(resp. right) singular vectors of a rank-r Hankel matrix with a
Vandermode decomposition with generators of unit modulus,
this condition was used in the proof by Chen and Chi [10,
Appendix H]. More precisely, they used the Vandermonde
decomposition to get the following inequalities:

max
1≤i≤n1

∥∥U∗ei
∥∥2

2 ≤ μr

n1
and max

1≤ j≤n2

∥∥V ∗e j
∥∥2

2 ≤ μr

n2
.

These inequalities are exactly the standard incoherence prop-
erty with parameter μ. Except these inequalities, their proof
generalizes without requiring the Vandermonde decomposi-
tion. Thus, we slightly modify [10, Lemma 7] by including
the standard incoherence as an assumption to the lemma. �
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The proof by Chen and Chi [10] focused on the
Hankel-block-Hankel matrix where the elements in the basis
{Ak}n

k=1 have varying sparsity levels. In the case of structured
matrices with the wrap-around property, the sparsity levels of
{Ak}n

k=1 are the same. Thus, this additional property can be
used to tighten the sample complexity by reducing the order
of log n term. More specifically, we improve [10, Lemma 7]
with the wrap-around property in the next lemma. (The upper
bounds on the terms in ‖·‖A,2 were larger by factor of log2 n
in [10, Lemma 7].)

Lemma 23 Analog of [10, Lemma 7] With the Wrap-Around
Property: Let ‖·‖A,∞ and ‖·‖A,2 be defined respectively
in (A.23) and (A.24). The standard incoherence property with
parameter μ implies

∥∥U V ∗∥∥
A,∞ ≤ μr

min(n1, n2)
, (A.28)

∥∥U V ∗∥∥2
A,2 ≤ μr

min(n1, n2)
, (A.29)

and∥∥∥PT

(
‖Ak‖1/2

0 Ak

)∥∥∥2

A,2
≤ 9μr

min(n1,n2) , ∀k = 1, . . . , n.

(A.30)
Proof of Lemma 23: See Appendix G. �
In the wrap-around case, it only remains to verify that we

can drop the order of log n from 4 to 2. In the previous
work [10, Sec. VI.E], the log4 n term appears only through
the parameter μ5, which is in the order of log2 n. Due to
Lemma 23, parameter μ5 reduces by factor of log2 n. Thus, the
sample complexity reduces by the same factor. This completes
the proof.

F. Proof of Lemma 20

Our proof essentially adapts the arguments of Chen and Chi
[10, Appendix B]. The upper bound on the deviation of W
from sgn[L(x)] in (A.21) is sharpened in order by optimizing
parameters.

Let x̂ = x + h be the minimizer to (10). We show that
L(h) = 0 in two complementary cases. Then by the injectivity
of L, h = 0, or equivalently, x̂ = x.

Case 1: We first consider the case when L(h) satisfies

‖PTL(h)‖F ≤ 3n
∥∥PT ⊥L(h)

∥∥
F . (A.31)

Since T is the tangent space of L(x), PT ⊥L(x) = 0.
Thus PT (sgn[L(x)] + sgn[PT ⊥L(h)]) = PT (sgn[L(x)]).
Furthermore,

∥∥sgn[L(x)] + sgn[PT ⊥L(h)]∥∥ ≤ 1. Therefore,
sgn[L(x)] + sgn[PT ⊥L(h)] is a valid sub-gradient of the
nuclear norm at L(x). Then it follows that

‖L(x) + L(h)‖∗
≥ ‖L(x)‖∗ + 〈sgn[L(x)] + sgn[PT ⊥L(h)], L(h)〉
= ‖L(x)‖∗ + 〈W,L(h)〉 + 〈sgn[PT ⊥L(h)], L(h)〉

− 〈W − sgn[L(x)],L(h)〉. (A.32)

In fact, 〈W,L(h)〉 = 0 as shown below. The inner product
of L(h) and W is decomposed as

〈W,L(h)〉 = 〈W, (id − A)L(h) + 〈W, (A − A′
�)L(h)〉

+ 〈W,A′
�L(h)〉. (A.33)

Indeed, all three terms in the right-hand-side of (A.33)
are 0. This can be shown as follows. Since A is the
orthogonal projection onto the range space of L, the first
term is 0. The second term is 0 by the assumption on W
in (A.20). Since x̂ is feasible for (10), P�(x̂) = P�(x). Thus
P�(h) = P�(x̂ − x) = 0. Since {Ak}n

k=1 is an orthonormal
basis, we have

AωL(h) =
∑

k∈[n]\�
〈ek, h〉〈Aω, Ak〉 = 0, ∀ω ∈ �. (A.34)

It follows that A′
�L(h) = 0. Thus, the third term of the right-

hand-side of (A.33) is 0.
Since the sgn(·) operator commutes with PT ⊥ , and PT ⊥ is

idempotent, we get

〈sgn[PT ⊥L(h)], L(h)〉 = 〈PT ⊥sgn[PT ⊥L(h)], L(h)〉
= 〈sgn[PT ⊥L(h)], PT ⊥L(h)〉
= ∥∥PT ⊥L(h)

∥∥∗ .

Then (A.32) implies

‖L(x) + L(h)‖∗ ≥ ‖L(x)‖∗ + ∥∥PT ⊥L(h)
∥∥∗

− 〈W − sgn[L(x)],L(h)〉. (A.35)

We derive an upper bound on the magnitude of the third
term in the right-hand-side of (A.35) given by

|〈W − sgn[L(x)],L(h)〉|
= |〈PT (W − sgn[L(x)]),L(h)〉

+ 〈PT ⊥(W − sgn[L(x)]),L(h)〉|
≤ |〈PT (W − sgn[L(x)]),L(h)〉| + |〈PT ⊥(W ),L(h)〉|

(A.36a)

≤ ‖PT (W − sgn[L(x)])‖F ‖PTL(h)‖F

+ ∥∥PT ⊥(W )
∥∥ ∥∥PT ⊥L(h)

∥∥∗ (A.36b)

≤ 1

7n
‖PTL(h)‖F + 1

2

∥∥PT ⊥L(h)
∥∥∗ , (A.36c)

where (A.36a) holds by the triangle inequality and the fact
that PT ⊥L(x) = 0; (A.36b) by Hölder’s inequality; (A.36c)
by the assumptions on W in (A.21) and (A.22).

We continue by applying (A.36a) to (A.35) and get

‖L(x) + L(h)‖∗
≥ ‖L(x)‖∗ − 1

7n
‖PTL(h)‖F + 1

2

∥∥PT ⊥L(h)
∥∥∗

≥ ‖L(x)‖∗ − 3

7

∥∥PT ⊥L(h)
∥∥

F + 1

2

∥∥PT ⊥L(h)
∥∥

F

= ‖L(x)‖∗ + 1

14

∥∥PT ⊥L(h)
∥∥

F ,

where the second step follows from (A.31).
Then,

∥∥L(x̂)
∥∥∗ ≥ ‖L(x)‖∗ ≥ ∥∥L(x̂)

∥∥∗, which implies
PT ⊥L(h) = 0. By (A.31), we also have PTL(h) = 0.
Therefore, it follows that L(h) = 0.

Case 2: Next, we consider the complementary case when
L(h) satisfies

‖PTL(h)‖F ≥3n
∥∥PT ⊥L(h)

∥∥
F . (A.37)
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Note that (A.34) implies A�L(h) = 0. Then together with
(id − A)L = 0, we get

( n

m
A� + id − A

)
L(h) = 0,

which implies

0 =
〈
PTL(h),

( n

m
A� + id − A

)
L(h)

〉

=
〈
PTL(h),

( n

m
A� + id − A

)
PTL(h)

〉

+
〈
PTL(h),

( n

m
A� + id − A

)
PT ⊥L(h)

〉
. (A.38)

The magnitude of the first term in the right-hand-side
of (A.38) is lower-bounded by∣∣∣

〈
PTL(h),

( n

m
A� + id − A

)
PTL(h)

〉∣∣∣
= |〈PT L(h),PTL(h)〉|

−
∣∣∣
〈
PTL(h),

(
A − n

m
A�

)
PTL(h)

〉∣∣∣
≥ ‖PTL(h)‖2

F −
∥∥∥PTAPT − n

m
PTA�PT

∥∥∥ ‖PTL(h)‖2
F

≥ 1

2
‖PTL(h)‖2

F , (A.39)

where the last step follows from the assumption in (A.19).
Next, we derive an upper bound on the second term in

the right-hand-side of (A.38). Since Aω j is an orthogonal
projection for j ∈ [m], the operator norm of n

mA� + id − A
is upper-bounded by∥∥∥ n

m
A� + id − A

∥∥∥

≤ n

m

⎛
⎝∥∥Aω1 + id − A∥∥ +

m∑
j=2

∥∥Aω j

∥∥
F

⎞
⎠

≤ n

m

⎛
⎝max(

∥∥Aω1

∥∥ , ‖id − A‖) +
m∑

j=2

∥∥Aω j

∥∥
F

⎞
⎠

≤ n, (A.40)

where the second step follows since Aω1(id − A) = 0.
The second term in the right-hand-side of (A.38) is then

upper-bounded by∣∣∣
〈
PTL(h),

( n

m
A� + id − A

)
PT ⊥L(h)

〉∣∣∣
≤

∥∥∥ n

m
A� + id − A

∥∥∥ ‖PTL(h)‖F
∥∥PT ⊥L(h)

∥∥
F

≤ n ‖PTL(h)‖F

∥∥PT ⊥L(h)
∥∥

F , (A.41)

where the last step follows from (A.40).
Applying (A.39) and (A.41) to (A.38) provides

0 =
∣∣∣
〈
PTL(h),

( n

m
A� + id − A

)
PTL(h)

〉∣∣∣
−

∣∣∣
〈
PTL(h),

( n

m
A� + id − A

)
PT ⊥L(h)

〉∣∣∣
≥ 1

2
‖PTL(h)‖2

F − n ‖PTL(h)‖F

∥∥PT ⊥L(h)
∥∥

F

≥ 1

2
‖PTL(h)‖2

F − 1

3
‖PTL(h)‖2

F

= 1

6
‖PTL(h)‖2

F ≥ 0,

where the second inequality holds by (A.37).

Then, it follows that PTL(h) = 0. By (A.37), we also have
PT ⊥L(h) = 0. Therefore, L(h) = 0, which completes the
proof.

G. Proof of Lemma 23

The proof is obtained by slightly modifying that
of [10, Lemma 7].

The first upper bound in (A.28) is derived as follows:
∥∥U V ∗∥∥

A,∞ = max
1≤k≤n

∣∣〈Ak, U V ∗〉∣∣ ‖Ak‖

= max
1≤k≤n

∣∣∣∑(i, j )∈supp(Ak )[U V ∗]i, j

∣∣∣
‖Ak‖0

≤ max
1≤k≤n

max
(i, j )∈supp(Ak )

|[U V ∗]i, j |
= max

1≤i≤n1
max

1≤ j≤n2
|[U V ∗]i, j |

= max
1≤i≤n1

max
1≤ j≤n2

|e∗
i U V ∗e j |

= max
1≤i≤n1

∥∥U∗ei
∥∥

2 max
1≤ j≤n2

∥∥V ∗e j
∥∥

2

≤ μr√
n1n2

≤ μr

min(n1, n2)
.

This proves (A.28).
Next, to prove (A.29) and (A.30), we use the following

lemma.
Lemma 24: Let M ∈ Cn1×n2 . Then,

‖M‖2
A,2 ≤ max

(
max

1≤i≤n1

∥∥e∗
i M

∥∥2
2 , max

1≤ j≤n2

∥∥Me j
∥∥2

2

)
(A.42)

Proof of Lemma 24: See Appendix H. �
Then, (A.29) is proved as follows: Since U and V are

unitary matrices, we have
∥∥e∗

i U V ∗∥∥
F = ∥∥U∗ei

∥∥
2 and

∥∥U V ∗e j
∥∥

F = ∥∥V ∗e j
∥∥

2

for all 1 ≤ i ≤ n1 and for all 1 ≤ j ≤ n2. Thus,

max

(
max

1≤i≤n1

∥∥e∗
i U V ∗∥∥2

F , max
1≤ j≤n2

∥∥U V ∗e j
∥∥2

F

)
≤ μr

min(n1, n2)
.

(A.43)

Then (A.29) follows by applying (A.43) to Lemma 24 with
M = U V ∗.

Lastly, we prove (A.30). By definition of PT ,
∥∥∥e∗

i

[
PT

(
‖Ak‖1/2

0 Ak

)]∥∥∥
2

F

≤ 3
∥∥∥e∗

i UU∗ ‖Ak‖1/2
0 Ak

∥∥∥
2

F

+ 3
∥∥∥e∗

i ‖Ak‖1/2
0 Ak V V ∗

∥∥∥
2

F

+ 3
∥∥∥e∗

i UU∗ ‖Ak‖1/2
0 Ak V V ∗

∥∥∥2

F
, (A.44)

for all i ∈ {1, . . . , n1}. The first term in the right-hand-side
of (A.44) is upper-bounded by
∥∥∥e∗

i UU∗ ‖Ak‖1/2
0 Ak

∥∥∥2

F
≤ ∥∥e∗

i U
∥∥2

2

∥∥∥‖Ak‖1/2
0 Ak

∥∥∥2 ≤ μr

n1
,

(A.45)
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where the last step follows from ‖Ak‖ ≤ ‖Ak‖−1/2
0 . Since

‖V V ∗‖ ≤ 1, the first term dominates the third term in the
right-hand-side of (A.44). Note that ‖Ak‖1/2

0 Ak is a submatrix
of a permutation matrix. Therefore, e∗

i ‖Ak‖1/2
0 Ak = e∗

j
for some j ∈ {1, . . . , n1}. Then, the second term in the
right-hand-side of (A.44) is upper-bounded by

∥∥∥e∗
i ‖Ak‖1/2

0 Ak V V ∗
∥∥∥2

F
=
∥∥∥e∗

j V V ∗
∥∥∥2

F
≤ μr

n2
. (A.46)

Plugging (A.45) and (A.46) to (A.44) provides

max
1≤i≤n1

∥∥∥e∗
i

[
PT

(
‖Ak‖1/2

0 Ak

)]∥∥∥2

F
≤ 9μr

min(n1, n2)
. (A.47)

By symmetry, we also get

max
1≤ j≤n2

∥∥∥
[
PT

(
‖Ak‖1/2

0 Ak

)]
e j

∥∥∥
2

F
≤ 9μr

min(n1, n2)
. (A.48)

Applying (A.47) and (A.48) to Lemma 24 with

M = PT

(
‖Ak‖1/2

0 Ak

)
completes the proof.

H. Proof of Lemma 24

The inequality in (A.42) is proved as follows:

‖M‖2
A,2 =

n∑
k=1

|〈Ak, M〉|2 ‖Ak‖2

=
n∑

k=1

∣∣∣∑(i, j )∈supp(Ak )[M]i, j

∣∣∣
2

‖Ak‖0
‖Ak‖2

≤
n∑

k=1

(∑
(i, j )∈supp(Ak ) |[M]i, j |

)2

‖Ak‖0
‖Ak‖2

≤
n∑

k=1

∑
(i, j )∈supp(Ak )

|[M]i, j |2 ‖Ak‖2

≤ 1

min{n1, n2}
n∑

k=1

∑
(i, j )∈supp(Ak )

|[M]i, j |2

= 1

min{n1, n2}
n1∑

i=1

n2∑
j=1

|[M]i, j |2

≤ max

⎛
⎝ 1

n1

n1∑
i=1

∥∥e∗
i M

∥∥2
2 ,

1

n2

n2∑
j=1

∥∥Me j
∥∥2

2

⎞
⎠

≤ max

(
max

1≤i≤n1

∥∥e∗
i M

∥∥2
2 , max

1≤ j≤n2

∥∥Me j
∥∥2

2

)
,

where the third inequality follow from (A.17).

ACKNOWLEDGEMENT

The authors would like to thank Prof. Michael Unser
at EPFL for giving an insight into cardinal spline
representations.

REFERENCES

[1] D. L. Donoho, “Compressed sensing,” IEEE Trans. Inf. Theory, vol. 52,
no. 4, pp. 1289–1306, Apr. 2006.

[2] E. J. Candès, J. Romberg, and T. Tao, “Robust uncertainty principles:
Exact signal reconstruction from highly incomplete frequency informa-
tion,” IEEE Trans. Inf. Theory, vol. 52, no. 2, pp. 489–509, Feb. 2006.

[3] E. J. Candès and T. Tao, “Decoding by linear programming,” IEEE
Trans. Inf. Theory, vol. 51, no. 12, pp. 4203–4215, Dec. 2005.

[4] B. G. R. de Prony, “Essai éxperimental et analytique: sur les lois de la
dilatabilité́ de fluides é́lastique et sur celles de la force expansive de la
vapeur de l’alkool,a diffé́rentes tempé́ratures,” J. de l’é́cole polytechn.
vol. 1, no. 22, pp. 24–76, 1795.

[5] Y. Hua and T. K. Sarkar, “Matrix pencil method for estimating para-
meters of exponentially damped/undamped sinusoids in noise,” IEEE
Trans. Acoust., Speech, Signal Process., vol. 38, no. 5, pp. 814–824,
May 1990.

[6] J. B. Kruskal, “Three-way arrays: Rank and uniqueness of trilinear
decompositions, with application to arithmetic complexity and statistics,”
Linear Algebra Appl., vol. 18, no. 2, pp. 95–138, 1977.

[7] M. F. Duarte and R. G. Baraniuk, “Spectral compressive sensing,” Appl.
Comput. Harmon. Anal., vol. 35, no. 1, pp. 111–129, 2013.

[8] E. J. Candès and C. Fernandez-Granda, “Towards a mathematical
theory of super-resolution,” Commun. Pure Appl. Math., vol. 67, no. 6,
pp. 906–956, Jun. 2014.

[9] G. Tang, B. N. Bhaskar, P. Shah, and B. Recht, “Compressed sensing
off the grid,” IEEE Trans. Inf. Theory, vol. 59, no. 11, pp. 7465–7490,
Nov. 2013.

[10] Y. Chen and Y. Chi, “Robust spectral compressed sensing via struc-
tured matrix completion,” IEEE Trans. Inf. Theory, vol. 60, no. 10,
pp. 6576–6601, Oct. 2014.

[11] E. J. Candès and C. Fernandez-Granda, “Super-resolution from noisy
data,” J. Fourier Anal. Appl., vol. 19, no. 6, pp. 1229–1254, 2013.

[12] G. Tang, B. N. Bhaskar, and B. Recht, “Near minimax line spectral
estimation,” IEEE Trans. Inf. Theory, vol. 61, no. 1, pp. 499–512,
Jan. 2015.

[13] M. Vetterli, P. Marziliano, and T. Blu, “Sampling signals with finite
rate of innovation,” IEEE Trans. Signal Process., vol. 50, no. 6,
pp. 1417–1428, Jun. 2002.

[14] P. L. Dragotti, M. Vetterli, and T. Blu, “Sampling moments and recon-
structing signals of finite rate of innovation: Shannon meets strang–fix,”
IEEE Trans. Signal Process., vol. 55, no. 5, pp. 1741–1757, May 2007.

[15] I. Maravic and M. Vetterli, “Sampling and reconstruction of signals with
finite rate of innovation in the presence of noise,” IEEE Trans. Signal
Process., vol. 53, no. 8, pp. 2788–2805, Aug. 2005.

[16] M. A. Unser and P. Tafti, An Introduction to Sparse Stochastic Processes.
Cambridge, U.K.: Cambridge Univ. Press, 2010.

[17] M. Unser, “Sampling-50 years after Shannon,” Proc. IEEE, vol. 88,
no. 4, pp. 569–587, Apr. 2000.

[18] M. Unser and A. Aldroubi, “A general sampling theory for nonideal
acquisition devices,” IEEE Trans. Signal Process., vol. 42, no. 11,
pp. 2915–2925, Nov. 1994.

[19] K. H. Jin, D. Lee, and J. C. Ye, “A general framework for compressed
sensing and parallel MRI using annihilating filter based low-rank Hankel
matrix,” IEEE Trans. Comput. Imag., vol. 2, no. 4, pp. 480–495,
Dec. 2016.

[20] D. Lee, K. H. Jin, E. Y. Kim, S.-H. Park, and J. C. Ye, “Acceleration of
MR parameter mapping using annihilating filter-based low rank Hankel
matrix (ALOHA),” Magn. Reson. Med., vol. 76, no. 6, pp. 1848–1864,
2016, doi: 10.1002/mrm.26081.

[21] J. Lee, K. H. Jin, and J. C. Ye, “Reference-free single-pass EPI
Nyquist ghost correction using annihilating filter-based low rank Hankel
matrix (ALOHA),” Magn. Reson. Med., vol. 76, no. 6, pp. 1775–1789,
2016, doi: 10.1002/mrm.26077.

[22] K. H. Jin, J.-Y. Um, D. Lee, J. Lee, S.-H. Park, and J. C. Ye,
“MRI artifact correction using sparse + low-rank decomposition of
annihilating filter-based Hankel matrix,” Magn. Reson. Med., (in press),
doi: 10.1002/mrm.26330.

[23] K. H. Jin and J. C. Ye, “Annihilating filter-based low-rank Hankel matrix
approach for image inpainting,” IEEE Trans. Image Process., vol. 24,
no. 11, pp. 3498–3511, Nov. 2015.

[24] J. Min, L. Carlini, M. Unser, S. Manley, and J. C. Ye, “Fast live
cell imaging at nanometer scale using annihilating filter-based low-rank
Hankel matrix approach,” Proc. SPIE, vol. 9597, P. 95970V, Sep. 2015;
doi:10.1117/12.2187393;



YE et al.: COMPRESSIVE SAMPLING USING ANNIHILATING FILTER-BASED LOW-RANK INTERPOLATION 801

[25] K. H. Jin and J. C. Ye. (2015). “Sparse + low rank decomposition
of annihilating filter-based Hankel matrix for impulse noise removal.”
[Online]. Available: https://arxiv.org/abs/1510.05559

[26] M. Unser, P. D. Tafti, and Q. Sun, “A unified formulation of Gaussian
versus sparse stochastic processes—Part I: Continuous-domain theory,”
IEEE Trans. Inf. Theory, vol. 60, no. 3, pp. 1945–1962, Mar. 2014.

[27] M. Unser, P. D. Tafti, A. Amini, and H. Kirshner, “A unified formulation
of Gaussian versus sparse stochastic processes—Part II: Discrete-domain
theory,” IEEE Trans. Inf. Theory, vol. 60, no. 5, pp. 3036–3051,
May 2014.

[28] D. L. Boley, F. T. Luk, and D. Vandevoorde, “Vandermonde factorization
of a Hankel matrix,” in Scientific Computing. Singapore: Springer-Velag,
1997, pp. 27–39.

[29] R. Badeau, B. David, and G. Richard, “High-resolution spectral analysis
of mixtures of complex exponentials modulated by polynomials,” IEEE
Trans. Signal Process., vol. 54, no. 4, pp. 1341–1350, Apr. 2006.

[30] D. Batenkov and Y. Yomdin, “On the accuracy of solving confluent
Prony systems,” SIAM J. Appl. Math., vol. 73, no. 1, pp. 134–154, 2013.

[31] D. Batenkov. (2013). “Decimated generalized Prony systems.” [Online].
Available: https://arxiv.org/abs/1308.0753

[32] A. Moitra, “Super-resolution, extremal functions and the condition
number of Vandermonde matrices,” in Proc. 47th Annu. ACM Symp.
Theory Comput., 2015, pp. 821–830.

[33] D. Batenkov, “Stability and super-resolution of generalized spike recov-
ery,” Appl. Comput. Harmon. Anal., (in press). [Online]. Available:
http://dx.doi.org/10.1016/j.acha.2016.09.004.

[34] W. Gautschi, “Norm estimates for inverses of Vandermonde matrices,”
Numerische Math., vol. 23, no. 4, pp. 337–347, 1974.

[35] W. Gautschi, “On inverses of Vandermonde and confluent Vandermonde
matrices,” Numerische Math., vol. 4, no. 1, pp. 117–123, 1962.

[36] W. Gautschi, “On inverses of Vandermonde and confluent Vandermonde
matrices. II,” Numerische Math., vol. 5, no. 1, pp. 425–430, 1963.

[37] W. Gautschi, “On inverses of Vandermonde and confluent Vandermonde
matrices III,” Numerische Math., vol. 29, no. 4, pp. 445–450, 1978.

[38] C. Aubel and H. Bölcskei, “Deterministic performance analysis of
subspace methods for cisoid parameter estimation,” in Proc. IEEE Int.
Symp. Inf. Theory (ISIT), Barcelona, Spain, Jul. 2016, pp. 1551–1555.

[39] R. Roy and T. Kailath, “Esprit-estimation of signal parameters via
rotational invariance techniques,” IEEE Trans. Acoust., Speech, Signal
Process., vol. 37, no. 7, pp. 984–995, Jul. 1989.

[40] T. K. Sarkar and O. Pereira, “Using the matrix pencil method to estimate
the parameters of a sum of complex exponentials,” IEEE Antennas
Propag. Mag., vol. 37, no. 1, pp. 48–55, Feb. 1995.

[41] M. Unser, A. Aldroubi, and M. Eden, “B-spline signal processing.
I. Theory,” IEEE Trans. Signal Process., vol. 41, no. 2, pp. 821–833,
Feb. 1993.

[42] M. Unser, A. Aldroubi, and M. Eden, “B-spline signal processing.
II. Efficiency design and applications,” IEEE Trans. Signal Process.,
vol. 41, no. 2, pp. 834–848, Feb. 1993.

[43] M. Signoretto, V. Cevher, and J. A. K. Suykens, “An SVD-free approach
to a class of structured low rank matrix optimization problems with
application to system identification,” in Proc. IEEE Conf. Decision
Control, Dec. 2013, pp. 1–6.

[44] Z. Wen, W. Yin, and Y. Zhang, “Solving a low-rank factorization
model for matrix completion by a nonlinear successive over-relaxation
algorithm,” Math. Program. Comput., vol. 4, no. 4, pp. 333–361, 2012.

[45] S. Boyd, N. Parikh, E. Chu, B. Peleato, and J. Eckstein, “Distributed
optimization and statistical learning via the alternating direction method
of multipliers,” Found. Trends Mach. Learn., vol. 3, no. 1, pp. 1–122,
Jan. 2011.

[46] M. Hong and Z.-Q. Luo. (2012). “On the linear convergence of
the alternating direction method of multipliers.” [Online]. Available:
https://arxiv.org/abs/1208.3922

[47] M. Hong, Z.-Q. Luo, and M. Razaviyayn, “Convergence analysis of
alternating direction method of multipliers for a family of nonconvex
problems,” SIAM J. Optim., vol. 26, no. 1, pp. 337–364, 2016.

[48] E. van den Berg and M. P. Friedlander, “Probing the Pareto frontier
for basis pursuit solutions,” SIAM J. Sci. Comput., vol. 31, no. 2,
pp. 890–912, 2008.

[49] T. Goldstein and S. Osher, “The split Bregman method for l1-regularized
problems,” SIAM J. Imag. Sci., vol. 2, no. 2, pp. 323–343, 2009.

[50] S. Elaydi, An Introduction to Difference Equations, 3rd ed. New York,
NY, USA: Springer, 2005.

[51] G.-C. Rota and P. Doubilet, Finite Operator Calculus. San Francisco,
CA, USA: Academic, 1975.

[52] Y. Chen, “Incoherence-optimal matrix completion,” IEEE Trans. Inf.
Theory, vol. 61, no. 5, pp. 2909–2923, Mar. 2015.

Jong Chul Ye (SM’–) joined KAIST, Daejeon, Korea, in 2004, where
he is currently KAIST endowed chair professor and the professor of the
Dept. of Bio/Brain Engineering. He received the B.Sc. and M.Sc. degrees
from Seoul National University, Korea, and the Ph.D. from Purdue University,
West Lafayette. Before joining KAIST, he worked at Philips Research, and
GE Global Research, both in New York. He has served as an Associate
Editor of IEEE TRANS. ON IMAGE PROCESSING, and IEEE TRANS. ON

COMPUTATIONAL IMAGING, and an editorial board member for Magnetic
Resonance in Medicine. His group was the first place winner of the 2009
Recon Challenge at the International Society for Magnetic Resonance in
Medicine (ISMRM) workshop, and one of the winners at 2016 Low Dose
CT Grand Challenge organized by the American Association of Physicists in
Medicine (AAPM).

He was an advisor of student’s best paper awards at 2013 and 2016 IEEE
Symp. on Biomedical Imaging (ISBI). His current research interests include
compressed sensing and statistical signal processing for various imaging
modalities such as MRI, NIRS, CT, PET, optics, etc.

Jong Min Kim received the B.S. degree in mathematics from KAIST,
Daejeon, Republic of Korea. He also received the M.S. degree in applied math-
ematics in 2001, as well as Ph.D. degree in mathematical sciences in 2007,
both from KAIST. Before he joined Korea Science Academy of KAIST
in 2013, he worked as was a postdoc fellow at Natural Science research center
at KAIST, a postdoc fellow at National Institute of Mathematical Sciences
of Korea, and research professor at Dept. of Bio and Brain Engineering of
KAIST. He is currently at Dept. of Mathematical and Information Sciences
at Korea Science Academy of KAIST. His current research interests include
sampling theory, harmonic analysis, compressed sensing and inverse problems.

Kyong Hwan Jin received the B.S. and the integrated M.S. & Ph.D. degrees
from the Department of Bio and Brain Engineering, KAIST - Korea Advanced
Institute of Science and Technology, Daejeon, South Korea, in 2008 and 2015,
respectively. He was a post doctoral scholar in KAIST from 2015 to 2016.

He is currently a post doctoral scholar in Biomedical Imaging Group
at the École Polytechnique Fédérale de Lausanne (EPFL), Switzerland.
His research interests include low rank matrix completion, sparsity promoted
signal recovery, sampling theory, biomedical imaging, and image processing
in various applications.

Kiryung Lee received the B.S. and M.S. degrees in Electrical Engineering
and Computer Science from Seoul National University, Seoul, Korea, in 2000
and 2002, respectively, and the Ph.D. degree in Electrical and Computer
Engineering from the University of Illinois at Urbana-Champaign, in 2012.
He stayed on for two more years as a Postdoctoral Research Associate and a
Visiting Lecturer. From 2014 to 2015, he was a Visiting Assistant Professor in
the Department of Statistics at the University of Illinois at Urbana-Champaign.
He also worked in government-funded research labs and industry as a software
engineer. He was a Research Engineer at the Electronic Telecommunications
Research Institute, Daejeon, Korea, and a Senior Research Engineer at the
LG Electronics, Seoul, Korea, in 2002-2004 and 2004-2006, respectively.
He is currently a Research Scientist in the School of Electrical and Computer
Engineering at Georgia Institute of Technology. His current research interests
focus on algorithms and theory for emerging inverse problems in imaging,
signal processing, and statistical learning.



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Arial-Black
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /ComicSansMS
    /ComicSansMS-Bold
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FranklinGothic-Medium
    /FranklinGothic-MediumItalic
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Gautami
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /Impact
    /Kartika
    /Latha
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaConsole
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSansUnicode
    /Mangal-Regular
    /MicrosoftSansSerif
    /MonotypeCorsiva
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /MVBoli
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Raavi
    /Shruti
    /Sylfaen
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /Vrinda
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 600
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 600
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Required"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


