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Abstract

This paper presents a framework for compressed sensing that bridges a gap between existing
theory and the current use of compressed sensing in many real-world applications. In doing
so0, it also introduces a new sampling method that yields substantially improved recovery over
existing techniques. In many applications of compressed sensing, including medical imaging, the
standard principles of incoherence and sparsity are lacking. Whilst compressed sensing is often
used successfully in such applications, it is done largely without mathematical explanation. The
framework introduced in this paper provides such a justification. It does so by replacing these
standard principles with three more general concepts: asymptotic sparsity, asymptotic incoherence
and multilevel random subsampling. Moreover, not only does this work provide such a theoretical
justification, it explains several key phenomena witnessed in practice. In particular, and unlike the
standard theory, this work demonstrates the dependence of optimal sampling strategies on both the
incoherence structure of the sampling operator and on the structure of the signal to be recovered.
Another key consequence of this framework is the introduction of a new structured sampling method
that exploits these phenomena to achieve significant improvements over current state-of-the-art
techniques.
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1. Introduction

Introduced formally around a decade ago, compressed sensing (CS) [18, 32]
has since become a popular area of research in mathematics, computer science
and engineering [14, 23, 29, 35, 36, 39—41]. In many real-world problems one
is limited by the amount of data that can be collected, making reconstruction
via classical techniques impossible. The theory and techniques of CS provide a
means to reconstruct from fewer measurements, giving it potential to significantly
enhance the recovery step in such applications.

The theory of CS is based on three key concepts: sparsity, incoherence and
random sampling. Whilst there are applications where these apply, in many
practical problems one or more of these principles may be lacking. This includes
most applications in medical imaging—Magnetic Resonance Imaging (MRI),
Computerized Tomography (CT) and other versions of tomography such as
Thermoacoustic, Photoacoustic or Electrical Impedance Tomography—electron
microscopy, as well as seismic tomography, fluorescence microscopy, Hadamard
spectroscopy, Helium Atom Scattering (HAS) and radio interferometry. In many
of these problems, it is the principle of incoherence that is lacking, rendering the
standard theory inapplicable. Yet, despite this issue CS has been, and continues
to be, used successfully in many of these areas. To do so, however, it is typically
implemented with sampling strategies that differ substantially from the uniform
random sampling strategies suggested by the theory. In fact, in many cases
the sampling strategies suggested by existing theory yield highly suboptimal
numerical results.

The mathematical theory of CS has now reached a mature state. However,
as this discussion suggests, there is a substantial, and arguably widening gap
between theory and its applications. New developments and sampling strategies
are increasingly based on empirical evidence lacking mathematical justification.
Furthermore, in the above applications one also witnesses a number of intriguing
phenomena that are not explained by the standard theory. For example, in such
problems, the optimal sampling strategy depends not just on the overall sparsity
of the signal, but also on its structure; a fact that will be documented thoroughly
in this paper. This phenomenon is in contradiction with the usual sparsity-based
theory of CS. Theorems that explain this observation—that is that reflect how
the optimal subsampling strategy depends on the structure of the signal—do not
currently exist.

1.1. Contributions. The purpose of this paper is to provide a bridge across
this divide. It does so by introducing a theoretical framework for CS based
on three more general principles: asymptotic sparsity, asymptotic incoherence
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and multilevel random sampling. This new framework shows that CS is also
possible under these substantially more general conditions, and moreover, can
convey some key advantages. Importantly, it also addresses the issue raised above:
namely, the dependence of the subsampling strategy on the structure of the signal.

The significance of this generalization is threefold. First, as will be explained,
inverse problems arising from the aforementioned applications are often not
incoherent and sparse, but asymptotically incoherent and asymptotically sparse.
This paper provides the first comprehensive mathematical explanation for a range
of empirical usages of CS in applications such as those listed above. Second, in
showing that incoherence is not a requirement for CS, but instead that asymptotic
incoherence suffices, the new theory offers markedly greater flexibility in the
design of sensing mechanisms. In the future, sensors need only satisfy this
significantly more relaxed condition. Third, by using asymptotic incoherence
and multilevel sampling to exploit not just sparsity, but also structure, that
is asymptotic sparsity, this frameworks paves the way for improved sensing
paradigms in CS that achieve better reconstructions in practice than current state-
of-the-art CS techniques.

A key aspect of many practical problems, including those listed above, is
that they do not offer the freedom to design or choose the sensing operator,
but instead impose it (for example, Fourier sampling in MRI). As such, much
existing CS work, which relies on random or custom-designed sensing matrices
(typically to provide universality), is not applicable. This paper shows that in
many such applications the imposed sensing operators are both nonuniversal and
highly coherent with popular sparsifying bases. Yet they are often asymptotically
incoherent, and thus fall within the remit of the new framework. Spurred by
this observation, this paper also raises the question of whether universality and
incoherence are actually desirable in practice, even in applications where there
is flexibility to design sensing operators with this property (for example, in
compressive imaging). Our theorems show that asymptotically incoherent sensing
and multilevel sampling allow one to exploit asymptotic, as opposed to just global
sparsity. Doing so leads to notable advantages over incoherent sensing, even for
problems where the latter are applicable. Moreover, and crucially, this can be done
in a computationally efficient manner using fast Fourier or Hadamard transforms
(see Section 6.1).

Our framework applies to any CS scenario where both the coherence and
sparsity are nonuniform. Of the many applications where this is the case, one
of the most important corresponds to the problem of Fourier sampling with
multiresolution sparsifying transforms such as wavelets. This model arises in
applications such as MRI, CT, radio interferometry, HAS and elsewhere. When
applied to this specific problem, this framework yields new and near-optimal
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sampling strategies based on multilevel random subsampling, and a new series
of recovery guarantees. Specifically, a corollary of our abstract results in the case
of Fourier sampling with wavelets taking the following form. If s; denotes the
sparsity of the wavelet coefficients of a given signal or image in the kth wavelet
scale, then to recover those coefficients one requires

me 2 s+ Y B s | k=1,...r (1.1)
7k

Fourier measurements (up to log factors) taken uniformly at random from the
corresponding kth sampling level (a dyadic band in frequency space), where
B > 1 is a constant depending on the type of wavelet used. See Section 6 for
further discussion. As we explain, this guarantee not only confirms the empirically
observed recovery properties of CS for such problems, but it also explains some
of the key phenomena witnessed; for example, the dependence of the optimal
sampling strategy on the sparsity structure.

Another contribution of this paper is that the theorems proved apply in both the
finite- and infinite-dimensional settings. Many of the problems listed above are
analogue, that is modelled with continuous operators such as the Fourier or Radon
transforms. Conversely, the standard CS is based on a finite-dimensional model.
Such a mismatch between the computational and the physical model can lead to
critical errors when CS techniques are applied to real data arising from continuous
models, or inverse crimes when the data is inappropriately simulated [22, 46]. To
overcome this issue, a theory of CS in infinite dimensions was recently introduced
in [3]. This paper extends [3] by presenting the new framework in both the finite-
and infinite-dimensional settings. We note in passing that the infinite-dimensional
analysis is instrumental for obtaining the Fourier sampling with wavelet sparsity
estimate (1.1).

This aside, an additional outcome of this work is that the Restricted Isometry
Property (RIP), although a popular tool in CS theory, is of little relevance in
many practical inverse problems. As confirmed later via the so-called flip fest,
the standard RIP cannot hold in these types of applications.

The fact that the RIP may be too strong an assumption in practice is well known
in the standard CS literature. To overcome this, incoherence-based results, which
avoid the RIP, have shown that CS is indeed possible under weaker conditions
(see [16, 17] and references therein). We remark that the reasons for the absence
of the RIP in the standard CS setting are fundamentally different and arguably
less significant to the reasons for its absence in this setting. In particular, as we
demonstrate, in many applications only very specific structured sparse vectors can
be recovered. This is in stark contrast to the standard understanding that all sparse
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vectors can be recovered equally well regardless of their structure. We refer to
Section 2.3 for details.

Finally, we remark that this is primarily a mathematical paper. However, as
one may expect in light of the above discussion, there are a range of practical
implications. We therefore encourage the reader to consult [73] for further
elaboration on the practical aspects and more extensive numerical experiments.
We also remark that the practical importance of the new concepts of asymptotic
sparsity, asymptotic incoherence and multilevel random subsampling has already
been verified experimentally in a realistic MRI setting by Siemens [84] (based
on an earlier preprint of this paper). Siemens’ conclusion from their experiments
is: ‘[...] The image resolution has been greatly improved [...]. Current results
practically demonstrated that it is possible to break the coherence barrier by
increasing the spatial resolution in MR acquisitions. This likewise implies that the
full potential of the CS is unleashed only if asymptotic sparsity and asymptotic
incoherence is achieved. Therefore, CS might better be used to increase the
spatial resolution rather than accelerating the data acquisition in the context of
nondynamic 3D MR imaging.’

1.2. Relation to other works. Since the early days of CS, there have been
numerous investigations into settings which go beyond classical sparsity and
incoherence. So-called structured sparsity has been studied extensively, and there
are now a range of generalized sparsity notions in the literature. (Structured
sparsity, especially multiscale-type sparsity, also predates CS by some years—
see, for example, the work of Donoho and Huo [33]—and finds use outside
of CS—see, for example, the work of Donoho and Kutyniok on geometric
separation [34].) These include group, block, weighted and tree sparsity, amongst
others (see [8, 11, 38, 72, 80] and references therein). In most of these works,
structured sparsity is exploited by the design of the recovery algorithm (for
example, by replacing the thresholding step in an iterative algorithm or the
regularization functional in an optimization approach), with the sensing being
carried out by a standard, incoherent operator (for example, a Gaussian random
matrix). Our framework differs from these works in that it applies directly to
the practical, and asymptotically incoherent, sensing operators imposed by many
applications and to the way in which CS is typically implemented in practice
in these applications. It demonstrates why good recovery is possible in these
practical settings via the notion of asymptotic sparsity, and lends crucial insight
into the design of optimal sampling strategies.

The observation that many applications of CS result in nonuniform coherence
patterns arguably dates back to Lustig et al.’s seminal work in CS for MRI [58, 61—
63]. For Fourier sampling, numerous empirical sampling strategies have been
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proposed to overcome this problem [61, 85], and several other works have
followed more principled approaches based on designing sampling strategies
to match the underlying coherence pattern (see [10, 55, 70, 71] and references
therein). However, these works do not explain the key role played by asymptotic
sparsity in the CS recovery. Our work does this, and provides sampling strategies
which are provably optimal with respect to both the sparsity and the coherence
structures.

As mentioned, an important instance of our framework is that case of wavelet
sparsifying transforms. The idea of sampling the low-order wavelet coefficients
of an image differently goes back to the early days of CS. In particular, Donoho
considers a two-level approach for recovering wavelet coefficients in his seminal
paper [32], based on acquiring the coarse scales coefficients directly. This was
later extended by Tsaig and Donoho to so-called ‘multiscale CS’ in [82], where
distinct subbands were sensed separately. See also [17, 74]. Unlike in our
framework, these works normally assume a separation of the wavelet coefficients
into distinct bands before sampling, which is largely infeasible in practice (in
particular, any application based on Fourier or Hadamard sensing). We note also
that similar sampling strategies to those that we introduce here are found in
most implementations of CS in MRI [62, 63, 70, 71]. In addition, a so-called
‘half-half’ scheme (an example of a two-level strategy in our terminology—see
Section 3) was used by [77] in an application of CS in fluorescence microscopy,
albeit without theoretical recovery guarantees.

The proofs of the main results in this paper have their roots in some existing
ideas from CS literature [3, 16, 43], with the two key tools being dual certificates
and the golfing scheme. However, in order to account for the sparsity structure
and the different sampling patterns used the techniques have some significant
differences. In addition, as pointed out in [44, page 26], the original proofs using
the golfing scheme assume an independence of certain random variables that will
never be satisfied in general. The techniques used in this paper are different and
overcome this issue yielding complete generality. Moreover, unlike almost all
existing works, our results address both the finite- and infinite-dimensional CS
settings. This extends (and improves) a line of work initiated in [3], and calls for
a number of more sophisticated mathematical techniques.

REMARK 1.1. Since the initial preprint of this work, there have been several
other applications and extensions inspired by the first version which we now
mention for the reader’s benefit. First, the multilevel sampling strategies we
introduced have been extended to block sampling strategies [10, 12, 20, 21],
which are more practical for applications such as MRI. A type of multilevel
subsampling has also be considered in [49, 50] in the context of practical
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compressive imaging architectures, with application to single-pixel [37, 78]
and lensless imaging [86]. Our main results in this paper provide a theoretical
foundation for these implementations. There have also been several theoretical
extensions. First, generalizations of the RIP for the setting of asymptotic sparsity,
asymptotic incoherence and multilevel random subsampling have been introduced
and analysed in [9, 60, 80]. These complement the results proved in this paper by
establishing uniform recovery guarantees. Second, there have been extensions to
redundant sparsifying transforms [69] (see also [S7] for the case of shearlets) and
to total variation minimization [68], respectively.

2. Motivation

In this section, we discuss how the standard theory of CS falls short in
explaining its empirical success in many applications. Specifically, even in well-
known applications such as MRI (note that MRI was one of the first applications
of CS [58, 61-63]), there is a significant gap between theory and practice.

2.1. Compressed sensing. We commence with a short review of aspects
of finite-dimensional CS theory (infinite-dimensional CS will be considered in
Section 5). Since CS has been the subject of a body of research in the last decade
we will not attempt a full survey here, opting instead to focus on aspects most
relevant to this paper. For much more comprehensive reviews, including historical
context and discussion, we refer to [14, 29, 35, 36, 39-41].

A typical setup in CS, and one which we shall follow in part of this paper, is as
follows. Let {;}}_, and {g;}"_, be two orthonormal bases of C", the sampling
and sparsity bases respectively, and write U = (u,-j)ﬁ/j:1 € CVN o uy = (@;, V).
Note that U is an isometry, thatis U*U = I.

DEFINITION 2.1. Let U = (u;;)};_; € C"*" be an isometry. The coherence of
U is precisely
ul) = max lu|> € [IN7', 1]. 2.1
i,j=

,,,,,

We say that U is perfectly incoherent if u(U) = N,

A signal f € C" is said to be s-sparse in the orthonormal basis {g;} =y if at
most s of its coefficients in this basis are nonzero. In other words, f = Zyz 1 XiPj,
and the vector x € C satisfies [supp(x)| < s, where supp(x) = {j : x; # 0}.
Let f € CY be s-sparse in {goj}jyzl, and suppose we have access to the samples

fi={f¥;),j=1,...,N.Let 2 C {1,..., N} be of cardinality m and chosen
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uniformly at random. According to a result of Candes and Plan [16] and Adcock
and Hansen [3], f can be recovered exactly with probability exceeding 1 — € from
the subset of measurements { f; : j € £2}, provided

mZ uU)-N-s-(1+1log(e™h) - log(N), (2.2)

(here and elsewhere in this paper we shall use the notation ¢ 2 b to mean that
there exists a constant C > 0 independent of all relevant parameters such that
a = Cb). In practice, recovery can be achieved by solving the following convex
optimization problem:

min ||5|l; subject to PoUn = P f, (2.3)
neCN
where f = (f1,..., fu)" and P € CV*V is the diagonal projection matrix with

jthentry 1if j € £ and zero otherwise. The key estimate (2.2) shows that the
number of measurements m required is, up to a log factor, on the order of the
sparsity s, provided the coherence u(U) = O (N ‘1). This is the case, for example,
when U is the DFT matrix; a problem which was studied in some of the first
papers on CS [18].

2.2. Incoherence is often lacking. As mentioned, in a number of important
applications, not least MRI, the sampling is carried out in the Fourier domain.
Since images are approximately sparse in wavelets, the usual CS setup is to form
the matrix Uy = UgV,,' € CV*V, where Uy and Vj, represent the discrete
Fourier and wavelet transforms, respectively.

Unfortunately, in the case the coherence satisfies u(Uy) = O (1) as N — oo,
for any wavelet basis. Thus, this problem has the worst possible coherence, and
the standard CS estimate (2.2) states that m = N samples are needed in this case
(that is full sampling), even though the object to recover is typically highly sparse.
Note that this is not an insufficiency of the theory: as seen in Figure I, uniform
random subsampling in this problem yields an extremely poor reconstruction.

Although the presence of high coherence has been well documented in the MRI
context [61-63], the source of it has not been fully explained. As it transpires, the
underlying reason for this lack of incoherence can be traced to the fact that this
finite-dimensional problem is a discretization of an infinite-dimensional problem.
Specifically,

WOT-lim UgV,,! = U, (2.4)

N—oo

where U : [(N) — [2(N) is the operator represented as the infinite matrix

U =i, ¥j)}ijen, 2.5
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Figure 1. Left to right: (i) 5% uniform random subsampling scheme, (ii) CS
reconstruction from uniform subsampling, (iii) 5% multilevel subsampling
scheme, (iv) CS reconstruction from multilevel subsampling.

and the functions ¢; are the wavelets used, the v/;’s are the standard complex
exponentials and WOT denotes the weak operator topology. Since the coherence
of the infinite matrix U—that is the supremum of its entries in absolute value—is
a fixed number independent of the discretization N, we cannot expect incoherence
of the discretization Uy (that is, Uy = O(N ")) for large N. In other words, at
some point one will always encounter the so-called coherence barrier. To mitigate
this problem, one may naturally try to change {¢;} or {y;}. However, this will
deliver only marginal benefits: (2.4) demonstrates that the coherence barrier will
always occur for large enough N, regardless of the choice of the bases.

Note that this issue is not isolated to this particular example. Informally, any
problem that arises as a discretization of an infinite-dimensional problem will
suffer from the same phenomenon. The list of applications of this type is long,
and includes, for example, MRI, CT, microscopy and seismology.

In view of the coherence barrier, one may wonder how it is possible that CS is
applied so successfully to many such problems. The key is so-called asymptotic
incoherence (see Section 3.1) and the use of variable density subsampling
strategies. The success of such a subsampling is well known in the CS MRI
community [61-63, 70, 71] and is confirmed numerically in Figure 1. However, it
is important to note that this is an empirical solution to the problem. None of the
usual CS theory discussed in Section 2.1 explains the effectiveness of CS when
implemented in this way.

2.3. Sparsity, the flip test and the absence of RIP. The previous discussion
demonstrates that we must dispense with the principles of incoherence and
uniform random subsampling in order to develop a new framework. We now
claim that sparsity too must also be replaced with a more general concept. This
may come as a surprise to the reader, since sparsity is a central pillar of not just
CS, but much of modern signal processing. However, this can be confirmed by a
simple experiment we refer to as the flip test.
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Sparsity asserts that an unknown vector x has s important coefficients, where
the locations can be arbitrary, and classical CS theory states that such vectors can
be recovered by sampling in a way that is independent of the locations of these
coefficients. The flip test, described next, allows one to evaluate the validity of
this statement for a given problem.

We proceed as follows. Let x € CY and U € CV*¥. Take samples according to

some appropriate subset £2 € {1, ..., N} with [£2| = m, and solve:
min ||z||; subjectto PoUz = PoUx. (2.6)
zeCN

This gives a reconstruction z = z;. Now we flip the entries of x through the
operation x > x™ € CV, xfp = Xy, xgp = xN_l,...,x,f\‘,’ = x|, giving a new
vector x with reversed entries. We next apply the same CS reconstruction to x™,
using the same matrix U and the same subset §2. That is, we solve (2.6) with x
replaced by x™ and denote the solution by z. We perform the flipping operation
once more and form the final reconstruction z, = z®.

Suppose now that §2 is a good sampling pattern for recovering x using
the solution z; of (2.6). If sparsity alone is the key structure that determines
such reconstruction quality, then we expect roughly the same quality in the
approximation z,, since x™® is merely a permutation of x. To check whether or
not this is true, we consider examples arising from the following applications:
fluorescence microscopy, compressive imaging, MRI, CT, electron microscopy
and radio interferometry. These examples are all based on either the matrix
U = UV, or the matrix U = UpyqVyyr, Where Uy is the discrete Fourier
transform, Upy,q is a Hadamard matrix and Vj,, is the discrete wavelet transform.

The results are shown in Figure 2. In all cases the flipped reconstructions
7, are substantially worse than their unflipped counterparts z;. We therefore
conclude that sparsity alone does not govern the reconstruction quality, and that
the successful recovery in the unflipped case must also be due in part to the
structure of the signal. Put another way: the best subsampling strategy depends
on the signal structure.

The flip test also reveals another interesting phenomenon: the RIP does not hold.
Suppose the matrix PoU satisfied an RIP for realistic parameter values (that is
problem size N, subsampling percentage m, and sparsity s) found in applications.
Then this would imply recovery of all approximately sparse vectors with the
same error, in contradiction with the results of the flip test. As was mentioned in
Section 1.1, the absence of RIP here is not related to uniform versus nonuniform
recovery regimes, but to the key role that the sparsity structure plays in the
recovery quality. Indeed, the result of Figure 2 could have been repeated with
more measurements and similar disparities in the reconstruction quality would
still have been observed.
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Figure 2. Reconstructions via CS (left column) and the flipped wavelet
coefficients (middle column). The right column shows the subsampling map used.
The percentage shown is the fraction of Fourier or Hadamard coefficients that
were sampled. The reconstruction basis was DB6.
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2.4. Signals and images are asymptotically sparse in -lets. Since structure
plays a key role, we now address what the structure is that leads to good
reconstructions in the unflipped case. Consider a wavelet basis {¢,},cn. There
is a natural decomposition of N into finite subsets according to the wavelet scales,
N= UkeN{Mk—l+ 1,..., Mk}, where 0 = My<M, <M, <... and {Mk_1+1,
..., M}} is the set of indices corresponding to the kth scale. Let x € [>(N) be the
coefficients of a function f in this basis, € € (0, 1] and define the global sparsity,
s, and the sparsity at the kth level, s, as follows:

o0
D i =€ |2 xe
ieM, j=1

sp = sk(€) = | My NM{Mi_ + 1, ..., My}

=€

s =s(€) :min{n:

} ’ 2.7

’

where M, is the set of indices of the largest n coefficients in absolute value and
|-| is the set cardinality. A well-known result in nonlinear approximation, and one
which significantly predates the development of CS, is that typical images and
signals are sparse in wavelets [30, 64]. However, it is also well known that their
coefficients exhibit far more structure than sparsity alone. Indeed, the relative per-
level sparsity

si/ (M — M) —> 0, (2.8)

rapidly as k — oo for any fixed € € (0, 1]. Thus typical signals and images have a
distinct asymptotic sparsity structure: they are much sparser at fine scales (large k)
than at coarse scales (small k). This is shown numerically in Figure 3. Note that
this holds for most related approximation systems, such as curvelets [13, 15],
contourlets [31, 66] or shearlets [25, 26, 56].

3. New principles

Having argued why they are needed, we now formally introduce the main
concepts of the paper: namely, asymptotic incoherence, asymptotic sparsity and
multilevel sampling.

3.1. Asymptotic incoherence. Recall from Section 2.2 that Fourier sampling
with wavelets as the sparsity basis is a standard example of a coherent problem.
Similarly, Fourier sampling with Legendre polynomials is also coherent, as is the
case of Hadamard sampling with wavelets. In Figure 4 we plot the absolute values
of the entries of the matrix U for these three examples. As is evident, whilst U
does indeed have large entries in all three case (since it is coherent), these are
isolated to a leading submatrix (note that we enumerate over Z for the Fourier
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Figure 3. Relative per-level sparsities of the Daubechies-4 wavelet coefficients of
two images. Here the levels correspond to wavelet scales and s;(€) is given by
(2.7). The decreasing nature of the curves for increasing k confirms (2.8).

Figure 4. The absolute values of the matrix U in (2.5): (left): Daubechies-4
wavelets with Fourier sampling. (middle): Legendre polynomials with Fourier
sampling. (right): Haar wavelets with Hadamard sampling. Light regions
correspond to large values and dark regions to small values.

sampling basis and N for the wavelet/Legendre sparsity bases). As one moves
away from this region the values get progressively smaller, that is more incoherent.
This motivates the following definition:
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DEFINITION 3.1 (Asymptotic incoherence). Let be {Uy} be a sequence of
isometries with Uy € CV*N_ Then {Uy} is asymptotically incoherent if

W(PLUY), p(UyPE) — 0, K — o,

with N/K = c, for all ¢ > 1. Conversely, if U € B(I>(N)) then we say that U is
asymptotically incoherent if u(PgU), w(U Pg) — 0 when K — 0.

Note that in this definition we use the notation Py for the projection onto
spanfe; : j = 1,..., K}, where {e;} is the canonical basis of either C or /*(N),
and Py is its orthogonal complement.

In other words, U (or Uy) is asymptotically incoherent if the coherences of the
matrices formed by replacing either the first K rows or columns of U are small.
As it transpires, the Fourier-wavelets, Fourier—Legendre and Hadamard-wavelets
problems are all asymptotically incoherent. In particular, for wavelets one has
n(PgU), w(UPgE) = O(K™") as K — oo for the former (see Section 6, see
also [54] for the Legendre case).

3.2. Multilevel sampling. Asymptotic incoherence suggests a different
subsampling strategy should be used instead of uniform random sampling. High
coherence in the first few rows of U means that important information about the
signal to be recovered may well be contained in its corresponding measurements.
Hence to ensure good recovery we should fully sample these rows. Conversely,
once outside of this region, when the coherence starts to decrease, we can
begin to subsample. Let Ni, N, m € N be given. This now leads us to consider
an index set £2 of the form 2 = £, U §2,, where £2; = {1,..., Ny}, and
§£2, C{N; +1,..., N} is chosen uniformly at random with |£2,| = m. We refer
to this as a two-level sampling scheme. As we shall prove later, the amount of
subsampling possible (that is the parameter m) in the region corresponding to 2,
will depend solely on the sparsity of the signal and coherence M(Pﬁl U).

A two-level scheme represents the simplest type of nonuniform density
sampling. There is no reason, however, to restrict our attention to just two levels,
full and subsampled. In general, we shall consider multilevel schemes, defined as

follows:

DEFINITION 3.2 (Multilevel random sampling). Let r € N, N = (Ny, ..., N,)
eNwithl <Ny <---<N,m= my,...,m,) e N, withm, <N, — Ny_y,
k = 1,...,r, and suppose that 2, € (N, + 1,..., N}, |82 = my,
k = 1,...,r, are chosen uniformly at random, where Ny, = 0. We refer to

the set 2 = 2nm = 2, U --- U £2, as an (N, m)-multilevel sampling scheme.
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As discussed earlier, two-level [32, 63, 74, 77] and multilevel [17, 82] schemes
have been considered previously in the context of the recovery of wavelet
coefficients, and often for specific applications (for example, MRI in [63] and
fluorescence microscopy in [77]). We refer to Section 1.2 for further details. On
the other hand, although motivated by wavelets, this definition is completely
general and allows for other types of structured coefficients. Moreover, it is
accompanied by full theoretical recovery guarantees (see Sections 4 and 5).

3.3. Asymptotic sparsity in levels. The flip test, the discussion in Section 2.4
and Figure 3 suggest that we need a different concept to sparsity. Given the
structure of function systems such as wavelets and their generalizations, we now
propose the following:

DEFINITION 3.3 (Sparsity in levels). Let x be an element of either C" or /2(N).
Forr e NleteM = (M,,...,.M,) e N withl < M; <--- < M, and s =
(s15---,8) e N, withsy < My —M,_,k=1,...,r, where My = 0. We say that
x is (s, M)-sparse if, foreachk = 1, ..., r, Ay :=supp(x) N{M;_;+ 1, ..., My},
satisfies |Ax| < s¢. We denote the set of (s, M)-sparse vectors by X .

DEFINITION 3.4 ((s, M)-term approximation). Let f = Zj xj@;, where {¢;} is
some orthonormal basis of a Hilbert space and x = (x;) is an element of either
CY or I*(N). We define the (s, M)-term approximation

osm(f) = min [lx =l (3.1

Typically, it is the case that s;/(My — M) — 0 as k — oo, in which case
we say that x is asymptotically sparse in levels. However, our main results do
not explicitly require such decay. As discussed in Section 1.2, sparsity in levels
is a type of structured sparsity. We note in passing that it is quite different to the
notions of block sparsity [8], weighted sparsity [72] or tree-structured sparsity [8],
the latter of which has been used previously in the context of model-based CS for
the recovery of wavelet coefficients. For further discussion on different structured
sparsity models in CS, we refer to [11, 80].

4. Main theorems I: the finite-dimensional case

We now present our main theorems in the finite-dimensional setting. In
Section 5 we address the infinite-dimensional case. To avoid pathological
examples we assume throughout that the total sparsity s = s; + - - - 4+, > 3. This
is simply to ensure that log(s) > 1, which is convenient in the proofs.
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4.1. Two-level sampling schemes. We commence with the case of two-level
sampling schemes. Recall that in practice, signals are never exactly sparse (or
sparse in levels), and their measurements are always contaminated by noise. Let
f= Z, X;j@; be afixed signal, and write y = P_Qf-i-z = PoUx + z, for its noisy
measurements, where z € ran(Pg) is a noise vector satisfying ||z|| < § for some
8 > 0.If § is known, we now consider the following problem:

min ||n||p subjectto ||PoUn — y|| < 8. “4.1
neCN

Our aim now is to recover x up to an error proportional to § and the best
approximation error oy ( f).

Before stating our theorem, it is useful to make the following definition. For
K € N, we write g = u(PgU). We now have the following:

THEOREM 4.1. Let U € CN*N be an isometry and x € CV. Suppose that
2 = Q2nm Iis a two-level sampling scheme, where N = (Ny, N;), N, = N, and
m = (N;, m,). Let (s, M), where M = (M,, M,) € N>, M|, < M,, M, = N, and
s= (M, s,) € N°, 5, < M, — M\, be any pair such that the following holds:

(i) we have

1P U Py, || < 4.2)

Y
VM,
and y < sp./[n, for some y € (0,2/5];
(ii) fore € (0, e '], let
my 2 (N — Ny) -log(e ") - juy, - 52 - log (N) .

Suppose that & € CN is a minimizer of (4.1) with 8§ = §~/K—' and K =
(N, — Ny)/m,. Then, with probability exceeding 1 — se, we have

g —xl <C- (5 (14 L-v5) +oum(h). 43)

for some constant C, where osm(f) is as in (3.1), L = 1 + < log, (66_1)/
10g2(4KMﬁ)). Ifm, = N — N, then this holds with probability 1.

To interpret Theorem 4.1, and in particular, to show how it overcomes the
coherence barrier, we note the following:

(i) The condition || Pﬁl UPy, || <2/(54/M) (which is always satisfied for some
Ny) implies that fully sampling the first Ny measurements allows one to
recover the first M, coefficients of f.
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(i1) To recover the remaining s, coefficients we require, up to log factors, an
additional m, 2 (N — Ny) - uy, - 52, measurements, taken randomly from
the range M, + 1, ..., M,. In particular, if N, is a fixed fraction of N,
and if wy, = O (N;"), such as for wavelets with Fourier measurements
(Theorem 6.1), then one requires only m, = s, additional measurements to
recover the sparse part of the signal.

Thus, in the case where x is asymptotically sparse, we require a fixed number N,
measurements to recover the nonsparse part of x, and then a number m, depending
on s, and the asymptotic coherence py, to recover the sparse part.

REMARK 4.2. It is not necessary to know the sparsity structure, that is the values
s and M, of the signal f in order to implement the two-level sampling technique
(the same also applies to the multilevel technique discussed in the next section).
Given a two-level scheme §2 = 2y ,,, Theorem 4.1 demonstrates that f will be
recovered exactly up to an error on the order of o m(f), where s and M are
determined implicitly by N, m and the conditions (i) and (ii) of the theorem. Of
course, some a priori knowledge of s and M will greatly assist in selecting the
parameters N and m so as to get the best recovery results. However, this is not
strictly necessary for implementation.

4.2. Multilevel sampling schemes. We now consider the case of multilevel
sampling schemes. Before presenting this case, we need several definitions. The
first is key concept in this paper, namely, the local coherence.

DEFINITION 4.3 (Local coherence). Let U be an isometry of either CV or /2(N).
IEN=WNy,...,N)eNandM=M,,...,M,) e Nwithl <N, <---N,
and 1 < M, < --- < M, the (k, [)th local coherence of U with respect to N and
M is given by

sl D) =\ (PR U RS  w(PYUY. k=1,

where Ny = My, = 0 and P; denotes the projection matrix corresponding to
indices {a + 1, ..., b}. In the case where U € B(I*>(N)) (that is U belongs to
the space of bounded operators on /?(N)), we also define

punm(k, 00) = \/M(Plykk*‘upﬁr_]) (P, k=1,

Besides the local sparsities s;, we shall also require the notion of a relative
sparsity:

https://doi.org/10.1017/fms.2016.32 Published online by Cambridge University Press


https://doi.org/10.1017/fms.2016.32

B. Adcock, A. C. Hansen, C. Poon and B. Roman 18

DEFINITION 4.4 (Relative sparsity). Let U be an isometry of either CV or />(N).
ForN=(N,,....N)eN M=WM,,....M,) e NN withl <N, <---<N,
and 1 < M, < --- < M,, s = (s1,...,5) € NNand 1 < k < r, the kth
relative sparsity is given by S, = S;(N, M, s) = max,co ||P,f,vk""Un||2, where
Ny = My = 0 and © is the set

M_
@ = {T] : “7’)”[@@ < 13 |Supp(PMll ]77)| =S, l = la . "9r}-
We can now present our main theorem:

THEOREM 4.5. Let U € CY*N be an isometry and x € CN. Suppose that
2 = 2nm is a multilevel sampling scheme, where N = (Ny,...,N,) € N/,
N, =N,andm = (my,...,m,) € N'. Let (s, M), where M = (M;, ..., M,) e N,
M, = N, ands = (sy,...,s,) € N, be any pair such that the following holds:
fore € (0,e'1and1 <k <r,

1> Ni = Net log(e™") - (Z unm(k, ) -s,) -log (N), 4.4

m
k =1

where my, 2 1y - log(e™") - log (N), and 1y is such that

"\ [ Ny — Ni_
123 (M - 1) sk, 1) - 5, (4.5)
k=1 My
foralll =1,...,randalls,...,s € (0,0c0) satisfying

Si4+- 5 <si+-- 48, S5 <SKN, M, s).

Suppose that &€ € CVN is a minimizer of (4.1) with § = §vK-' and
K = max, i<, {(Nx — Nxk_1)/my}. Then, with probability exceeding 1 — se,
where s = s| + - -- + s., we have that

I —xI < C (5 (1+L-V5) +oum(h),

for some constant C, where osm(f) is as in (3.1), L = 1 + ( log, (66“)/
10g2(4KMﬁ)). Ifmy = Ny — Ni_y, 1 < k < r, then this holds with probability 1.

The key component of this theorem is the bounds (4.4) and (4.5). Whereas the
standard CS estimate (2.2) relates the total number of samples m to the global
coherence and the global sparsity, these bounds now relate the local sampling
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my to the local coherences unm(k,/) and local and relative sparsities s, and
Si. In particular, by relating these local quantities this theorem conforms with
the conclusions of the flip test in Section 2.3: namely, that the optimal sampling
strategy must depend on the signal structure. This is exactly what is described in
(4.4) and (4.5).

On the face of it, the bounds (4.4) and (4.5) may appear somewhat complicated,
not least because they involve the relative sparsities S;. As we next show, however,
they are indeed sharp in the sense that they reduce to the correct information-
theoretic limits in several important cases. Furthermore, in the important case of
wavelet sparsity with Fourier sampling, they can be used to provide near-optimal
recovery guarantees. We discuss this in Section 6. Note, however, that to do this
it is first necessary to generalize Theorem 4.5 to the infinite-dimensional setting,
which we do in Section 5.

4.2.1. Sharpness of the estimates—the block-diagonal case. Suppose that
£2 = 2nm is a multilevel sampling scheme, where N = (N, ..., N,) € N
andm = (m,...,m,) € N'. Let (s, M), where M = (M;, ..., M,) € N, and
suppose for simplicity that M = N. Consider the block-diagonal matrix

A=A D --DA, € (CNXN, A, € (C(Nk*Nk—l)X(Nk*Nk—l)’ AZAk =1,

where Ny = 0. Note that in this setting we have S, = s, unm(k, ) =0, k # [.
Also, since w(N, M) (k, k) = n(Ay), equations (4.4) and (4.5) reduce to

N, — N, _
1> % log(e™") - w(Ay) - i - log(N),
k

N, — N;_
12(%—1)#(&()-&(.
my

In particular, it suffices to take
mi 2 (Ny — Ni_p) - log(€™") - w(Ay) - s¢ - log(N), 1< k<r (4.6)

This is exactly as one expects: the number of measurements in the kth level
depends on the size of the level multiplied by the local coherence and the sparsity
in that level. Note that this result recovers the standard one-level results in finite
dimensions [3, 16] up to a slight deterioration in the probability bound to 1 — se.
Specifically, the usual bound would be 1 — €. The question as to whether or not
this s can be removed in the multilevel setting is open, although such a result
would be more of a cosmetic improvement.
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4.2.2.  Sharpness of the estimates—the nonblock-diagonal case. The previous
argument demonstrated that Theorem 4.5 is sharp, up to the probability term, in
the sense that it reduces to the usual estimate (4.6) for block-diagonal matrices,
Sy = s¢. This is not true in the general setting. Clearly, Sy <s =5+ -+ s,.
However, in general there is usually interference between different sparsity levels,
which means that S; need not have anything to do with s, or can indeed be
proportional to the total sparsity s. This may seem an undesirable aspect of the
theorems, since S; may be significantly larger than s, and thus the estimate on
the number of measurements m,; required in the kth level may also be much
larger than the corresponding sparsity s,. Could it therefore be that the S;’s are
an unfortunate artefact of the proof? As we now show by example, this is not the
case.

Let N =rnforsomen e NandN=M = (n,2n,...,rn). Let W € C"" and
V e C™ be isometries and consider the matrix

A=V QRW,

where ® is the usual Kronecker product. Note that A € CV*V is also an
isometry. Now suppose that x = (x,...,x,) € CV is an (s, M)-sparse vector,
where each x, € C" is s;-sparse. Then Ax = y,y = (y1, ..., ¥r), % = Wz,
Zx = Y_,_, uX;. Hence the problem of recovering x from measurements y with
an (N, m)-multilevel strategy decouples into » problems of recovering the vector

z; from the measurements y, = Wz, k =1, ..., r. Let § denote the sparsity of
Zx- Since the coherence provides an information-theoretic limit [16], one requires
at least

mp 2 n-w(W) -5 -logn), 1<k<r 4.7

measurements at level k£ in order to recover each z;, and therefore recover x,
regardless of the reconstruction method used. We now consider two examples
of this setup:

EXAMPLE 4.6. Letm : {1,...,r} — {1,...,r} be a permutation and let V be
the matrix with entries vy = 8§, ). Since zx = X, in this case, the lower bound
(4.7) reads

mg 2 n-w(W)-szp-logn), 1<k<r 4.8)

Now consider Theorem 4.5 for this matrix. First, we note that Sy = s;¢). In
particular, S; is completely unrelated to s;. Substituting this into Theorem 4.5
and noting that unm(k, ) = (W), 2« in this case, we arrive at the condition
my 2 n-w(W) sz - (log(e™") + 1)-log(nr), which is equivalent to (4.8) provided
rSn.
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EXAMPLE 4.7. Now suppose that V is the r x r DFT matrix. Suppose also that
s < n/r and that the x;’s have disjoint support sets, that is supp(x;) Nsupp(x;) = @,
k # L. Then by construction, each z; is s-sparse, and therefore the lower bound
4. 7Tyreads my = n - w(W) -s -logn, for 1 < k < r. After a short argument, one
finds that s/r < S; < s in this case. Hence, S is typically much larger than s;.
Moreover, after noting that uxm(k, ) = (1/r)u(W), we find that Theorem 4.5
gives the conditionm;, 2 n - u(W) - s - (log(e“) + 1) - log(nr). Thus, Theorem
4.5 obtains the lower bound in this case as well.

4.2.3. Sparsity leads to pessimistic reconstruction guarantees. The flip test
demonstrates that any sparsity-based theory of CS cannot describe the quality
of the reconstructions seen in practice. To conclude this section, we now use the
block-diagonal case to further emphasize the need for theorems that go beyond
sparsity, such as Theorems 4.1 and 4.5. To see this, consider the block-diagonal
matrix

U=U& ---&U, U, € C(Nk—Nk—l)X(Nk—Nk—l)’

where each U, is perfectly incoherent, that is i (U;) = (Ny—N;_;)~!, and suppose
we take m; measurements within each block Uy. Let x € CV be the signal we wish
to recover, where N = N,.. The question is, how many samples m = m+---+m,
do we require?

Suppose we assume that x is s-sparse, where s < mine_, ,{N; — Ni_1}.
Given no further information about the sparsity structure, it is necessary to take
my 2 slog(N) measurements in each block, giving m 2 rslog(N) in total.
However, suppose now that x is known to be s;-sparse within each level, that is
[supp(x) N {N,_1 + 1, ..., N;}| = s. Then we now require only m; = s; log(N),
and therefore m = s log(N) total measurements. Thus, structured sparsity leads to
a significant saving by a factor of r in the total number of measurements required.
Although a cosmetic example, we note in passing that the Fourier-wavelets matrix
is approximately block diagonal with incoherent blocks, and that the number of
levels r in this case is proportional to the log of the signal size.

5. Main theorems II: the infinite-dimensional case

Finite-dimensional CS is suitable in many cases. However, there are some
important problems where it can lead to significant problems, since the underlying
problem is continuous/analogue. Discretization of the problem in order to produce
a finite-dimensional, vector-space model can lead to substantial errors [3, 7, 22,
76], due to the phenomenon of model mismatch.

To address this issue, a theory of infinite-dimensional CS was introduced by
two of the authors in [3], based on a novel approach to classical sampling known
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as generalized sampling [1, 2, 4-6, 52]. We describe this theory next. Note that
this infinite-dimensional CS model has also been advocated for and implemented
in MRI by Guerquin-Kern, Héberlin, Pruessmann and Unser [45]. See also [53]
for a practical implementation of infinite-dimensional CS in surface scattering.

5.1. Infinite-dimensional CS. Suppose that H is a separable Hilbert space
over C, and let {1/,},;cn be an orthonormal basis on H (the sampling basis). Let
{¢;}en be an orthonormal system in H (the sparsity system), and suppose that

U = (uij)ijen, uij =@, ¥i), 5.D

is an infinite matrix. We may consider U as an element of B(/>(N)); the space of
bounded operators on /?(N). As in the finite-dimensional case, U is an isometry,
and we may define its coherence w(U) € (0, 1] analogously to (2.1). We want
to recover f = ). Xx;p; € H from a small number of the measurements

f=t fj}jeN, where fj = (f, ¥,). To do this, we introduce a second parameter
N € N, and let £2 be a randomly chosen subset of indices 1,..., N of size
m. Unlike in finite dimensions, we now consider two cases. Suppose first that
P;:x = 0, that is x has no tail. Then we solve

inf ||n|[x subjectto || PoU Pyn — yll <8, (5.2)
™

nell

where y = ng—l-z and z € ran(Py) is a noise vector satisfying ||z|| < §, and Pg
is the projection operator corresponding to the index set £2. In [3] it was proved
that any solution to (5.2) recovers f exactly up to an error determined by oy 5, (f),
provided N and m satisfy the so-called weak balancing property with respect to
M and s (see Definition 5.1, as well as Remark 5.4 for a discussion), and provided

mZ uwU)-N-s-(1+1log(e™") log(m'MNs). (5.3)

As in the finite-dimensional case, which turns out to be a corollary of this result,
we find that m is on the order of the sparsity s whenever w(U) is sufficiently
small.

In practice, the condition Pyx = 0 is unrealistic. In the more general case,
Pi=x # 0, we solve the following problem:

inf ||n|l;y subjectto | PoUn — y|| < 6. 5.4
nel' (N)

In [3] it was shown that any solution of (5.4) recovers f exactly up to an
error determined by o (f), provided N and m satisfy the so-called strong
balancing property with respect to M and s (see Definition 5.1), and provided
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a bound similar to (5.3) holds, where the M is replaced by a slightly larger
constant (we give the details in the next section in the more general setting of
multilevel sampling). Note that (5.4) cannot be solved numerically, since it is
infinite-dimensional. Therefore, in practice we replace (5.4) by

inf |||, subject to || PoU Prn — y|| < 6, 5.5
el (N)

where R is taken sufficiently large. See [3] for more information.

5.2. Main theorems. We first require the definition of the so-called balancing
property [3]:

DEFINITION 5.1 (Balancing property). Let U € B(/*(N)) be an isometry. Then
N € Nand K > 1 satisfy the weak balancing property with respectto U, M € N
and s € N if

-1

where ||-||;_, j~ i the norm on B(I*°(N)). We say that N and K satisfy the strong
balancing property with respect to U, M and s if (5.6) holds, as well as

| P U* PyU Pyl < 5.7

1
5

As in the previous section, we commence with the two-level case. Furthermore,
to illustrate the differences between the weak/strong balancing property, we first
consider the setting of (5.2):

THEOREM 5.2. Let U € B(*(N)) be an isometry and x € 1'(N). Suppose
that 2 = 2nm is a two-level sampling scheme, where N = (N,, N,) and
m = (N;, m,). Let (s, M), where M = (M,,M,) € N>, M, < M,, and
s = (M,, s,) € N?, be any pair such that the following holds:

(1) we have ||P,¢1 UPy, | <y/~Miandy < s, /luy, for some y € (0,2/5];

(ii) the parameters N = N,, K = (N, — N;)/m, satisfy the weak balancing
property with respect to U, M := M, and s == M, + s,;

(iii) fore € (0,e7'), let

my 2 (N — Ny) -log(e™") - py, - 52 - log (KM /) .
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Suppose that Py x = 0 and let & € 1'(N) be a minimizer of (5.2) with § = SVEKT.
Then, with probability exceeding 1 — se, we have

I —xI < C (5 (1+L-V5) +oum(h). (5.8)

for some constant C, where osm(f) is asin (3.1), and L = 1 + ( log, (66_1)/
10g2(4KMﬁ)). If my = N — N, then this holds with probability 1.

We next state a result for multilevel sampling in the more general setting
of (5.4). For this, we require the following notation: M = min{i € N :

max;s; | PvUell < 1/(32K \/s)}, where N, s and K are as defined below.

THEOREM 5.3. Let U € B(I*(N)) be an isometry and x € ['(N). Suppose that

2 = Qnm is a multilevel sampling scheme, where N = (Ny,..., N,) € N’
and m = (my,...,m,) € N'. Let (s, M), where M = (M,,...,M,) € N,
M <--- <M, ands = (s1,...,s,) € N, be any pair such that the following
holds:

(i) the parameters N = N,, K = maX;— _, {(Ny — Ny_1)/my}, satisfy the
strong balancing property with respectto U, M :== M, and s :== s\ +---+5,;

(i) fore € (0,e 'Tand1 <k <,

M =1

N, — Ni_ d -
1> oge™!) - (Z psm(k, 1) - s,) - log (KMﬁ) ,
(with uxm(k, r) replaced by uxm(k, 00)) and
my 2 1 - log(e™) - log (K M5))

where my; satisfies (4.5).

Suppose that &€ € ['(N) is a minimizer of (5.4) with § = Sv'K='. Then, with
probability exceeding 1 — se,

g —xl < C (5 (1+L-V5) + o).

for some constant C, where osm(f) is as in (3.1), and L = C - (1 +

<,/10g2 (66*1)/10g2(4KM\/§)>>. If mi = Ny — Ni_, for 1 < k < r then this
holds with probability 1.
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This theorem removes the condition in Theorem 5.2 that x has zero tail. Note
that the price to pay is the M in the logarithmic term rather than M M>M
because of the balancing property). Observe that M is finite, and in the case of
Fourier sampling with wavelets, we have that M=0 (K N) (see Section 6). Note
that Theorem 5.2 has a strong form analogous to Theorem 5.3 which removes the
tail condition. The only difference is the requirement of the strong, as opposed
to the weak, balancing property, and the replacement of M by M in the log
factor. Similarly, Theorem 5.3 has a weak form involving a tail condition. For
succinctness we do not state these.

REMARK 5.4. The balancing property is the main difference between the finite-
and infinite-dimensional theorems. Its role is to ensure that the truncated matrix
PyU Py is close to an isometry. In reconstruction problems, the presence
of an isometry ensures stability in the mapping between measurements and
coefficients [1], which explains the need for a such a property in our theorems.
As explained in [3], without the balancing property the lack of stability in this
mapping leads to numerically useless reconstructions. Note that the balancing
property is usually not satisfied for N = M, and in general one requires N > M
for it to hold. However, there is always a finite value of N for which it is satisfied,
since the infinite matrix U is an isometry. For details we refer to [3]. We provide
specific estimates in Section 6 for the required magnitude of N in the case of
Fourier sampling with wavelet sparsity.

5.3. The need for infinite-dimensional CS. As mentioned above, infinite-
dimensional CS is needed to avoid artefacts that are introduced when one applies
finite-dimensional CS techniques to analogue problems. To illustrate this, we
consider the problem of recovering a smooth phantom, that is a C* bivariate
function, from its Fourier data. Note that this scenario arises in both electron
microscopy and spectroscopy. In Figure 5, we compare finite-dimensional CS,
based on solving (4.1) with U = Ug; V. (discrete Fourier and wavelet transform
respectively) with infinite-dimensional CS, which solves (5.5) with the Fourier
basis {1/;}en and boundary wavelet basis {¢;}jen. The test function in this case
is f(x,y) = cos*(17x/2) cos’>(17mwy/2) exp(—x — y). The improvement one
gets is due to that fact that the error in infinite-dimensional case is dominated
by the wavelet approximation error, whereas in the finite-dimensional case (due
mismatch between the continuous Fourier samples and the discrete Fourier
transform) the error is dominated by the Fourier approximation error. As is well
known [64], wavelet approximation is superior to Fourier approximation and
depends on the number of vanishing moments of the wavelet used (DB4 in this
case).
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Original Original (zoom) Inf.-dim. CS (zoom) Fin.-dim. CS (zoom)
Err 0.6% Err 12.7%

Figure 5. Subsampling 6.15%. Both reconstructions are based on identical
sampling information.

6. Recovery of wavelet coefficients from Fourier samples

As noted, Fourier sampling with wavelet sparsity is an important reconstruction
problem in CS, with numerous applications ranging from medical imaging to
seismology and interferometry. Here we consider the Fourier sampling basis
{¥;} e~ and wavelet reconstruction basis {¢;};cn (see Section 7.4.1 for a formal
definition) with the infinite matrix U as in (5.1). Its global incoherence properties
are summarized as follows:

THEOREM 6.1. Let U € B(I*(N)) be the matrix from (7.107) corresponding to
the Fourier-wavelets system described in Section 7.4. Then u(U) > w, where w
is the sampling density, whereas u(PyU), pn(UPy) = O (N7).

Thus, Fourier sampling with wavelet sparsity is indeed globally coherent, yet
asymptotically incoherent. This result holds for essentially any wavelet basis
in one dimension (see [54] for the multidimensional case). To recover wavelet
coefficients, we shall therefore seek to apply a multilevel sampling strategy, which
raises the questions: how do we design this strategy, and how many measurements
are required? If the levels M = (My, ..., M,) correspond to the wavelet scales,
and s = (sy,...,s,) to the sparsities within them, then the best one could
hope to achieve is that the number of measurements m; in the kth sampling
level is proportional to the sparsity s; in the corresponding sparsity level. Our
main theorem below shows that multilevel sampling can achieve this, up to an
exponentially localized factor and the usual log terms.

THEOREM 6.2. Consider an orthonormal basis of compactly supported wavelets

with a multiresolution analysis (MRA). Let @ and ¥ denote the scaling function
and mother wavelet respectively satisfying (7.100) with « > 1. Suppose that ¥
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has v > 1 vanishing moments, that the Fourier sampling density w satisfies
(7.105) and that the wavelets {¢;} are ordered according to (7.102). Let

f = Zjil xj@;. Suppose that M = (M, ..., M,) corresponds to wavelet
scales with M, = O (2Rk) with R, e N, R,y =a+R,a> 1, k=1,...,rand
S = (s1,...,s,) corresponds to the sparsities within them. Let € € (0, e™'] and

let §2 = $2nm be a multilevel sampling scheme such that the following holds:

(1) The parameters N = N,, K = max;—;,_,, {(Ny — Ne_y)/mi}, M = M,
s = s+ o + s, satisfy N = MV L (log, 4MK /5)) 7,
Alternatively, if ® and ¥ satisfy the slightly stronger Fourier decay property
(7.101), then N = M - (log, (4K M \/5))" 7.

(ii) Foreachk =1,...,r —1, N, = 2%~ and for eachk =1, ..., r,

- Ne— N
me 2 log(e ™) - log(N) - !
Ny
k=2 r
x <§k Y 2T N 2‘”3“), 6.1)
=1 I=k+2

where A, = Ri.y — R, Biy = R — R, N = (K/5)'""'"N and
Sp = max{sy_i, Sk, Sk+1} (see Remark 6.3).

Then, with probability exceeding 1 — se, any minimizer § € I'(N) of (5.4) with
8 = 8~ K~ satisfies

I —xl < C (5 (1+L-V5) + o), (6.2)

for some constant C, where osm(f) is as in (3.1), and L = C - (1 +

( log, (66—‘)/log2(4KMﬁ))>. Ifme = No — No_y for 1 < k < r then this
holds with probability 1.

REMARK 6.3. To avoid cluttered notation we have abused notation slightly in (ii)
of Theorem 6.2. In particular, we interpret so = 0, (Ny — Ny_;)/N;_; = N, for
k=1,and Y\~ s - 27@ VP4 = 0 when k < 2.

Given that one can never solve (5.4) exactly, but rather the truncated version
(5.5), the following proposition provides the guidance on how the truncation needs
to be carried out in order to obtain the same error bound as in Theorem 6.2.
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PROPOSITION 6.4. Given the setup in Theorem 6.2 with &€ € ['(N) being a
minimizer of (5.4), thus satisfying the error bound (6.2). Let J be the number
of wavelets up to dilation

PJ‘ .C 1/v
R =log, | 2nwN (W) )

where Cy is a constant depending only on the underlying wavelet W. If one
instead solves

min ||n||; subject to || PoU Py — y|| < 26, (6.3)
neeC’

then any minimizer £ of (6.3) satisfies the same error bound (6.2) as & with a
potentially different constant C.

Theorem 6.2 provides the first comprehensive explanation for the observed
success of CS in applications based on the Fourier-wavelets model. The key
estimate (6.1) shows that m; need only scale as a linear combination of the local
sparsities s;, 1 < [ < r, and critically, the dependence of the sparsities s; for
| # k is exponentially diminishing in |k — [|. Note that the presence of the off-
diagonal terms is due to the previously discussed phenomenon of interference,
which occurs since the Fourier-wavelets system is not exactly block diagonal.
Nonetheless, the system is nearly block diagonal, and this results in the near
optimality seen in (6.1).

Observe that (6.1) is in agreement with the flip test: if the local sparsities s;
change, then the subsampling factors m; must also change to ensure the same
quality reconstruction. Having said that, it is straightforward to deduce from (6.1)
the following global sparsity bound:

m > s -log(e™") - log(N),

where m = m+- - -+m, is the total number of measurements and s = s;+- - -+,
is the total sparsity. Note in particular the optimal exponent in the log factor.

REMARK 6.5. The Fourier/wavelets recovery problem was studied by Candes
and Romberg in [17]. Their result shows that if, in an ideal setting, an image
can be first separated into separate wavelet subbands before sampling, then it can
be recovered using approximately s, measurements (up to a log factor) in each
sampling band. Unfortunately, such separation into separate wavelet subbands
before sampling is infeasible in most practical situations. Theorem 6.2 improves
on this result by removing this substantial restriction, with the sole penalty being
the slightly worse bound (6.1).
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Original image Random Bernoulli ~ Multilevel Hadamard ~ Multilevel Fourier
Err = 15.7% Err = 9.6% Err 8.7%

Figure 6. 12.5% subsampling at 256 x 256 resolution using DB4 wavelets and
various different measurements.

Note also that a recovery result for bivariate Haar wavelets, as well as the
related technique of TV minimization, was given in [55]. Similarly [10] analyzes
block sampling strategies with application to MRI. However, these results are
based on sparsity, and therefore they do not explain the conclusions of the flip test
regarding how the sampling strategy will depend on the signal structure.

6.1. Universality and RIP or structure? Theorem 6.2 explains the success of
CS when one is constrained to acquire Fourier measurements. Yet, due primarily
to the their high global coherence with wavelets, Fourier measurements are
often viewed as suboptimal for CS. If one had complete freedom to choose the
measurements, and no physical constraints (such as are always present in MRI,
for example), then standard CS intuition would suggest random Gaussian or
Bernoulli measurements, since they are universal and satisfy the RIP.

However, in reality such measurements are actually highly suboptimal in the
presence of structured sparsity. This is demonstrated in Figure 6, where an image
is recovered from m = 8192 measurements taken either as random Bernoulli
or multilevel Hadamard or Fourier type. As is evident, the latter gives an error
that is almost 50% smaller. The reason for this improvement is that whilst
Fourier or Hadamard measurements are highly coherent with wavelets, they are
asymptotically incoherent, and, as explained in our theoretical results, this can
be exploited through multilevel random subsampling to recover the structured
(that is asymptotica) sparsity of wavelet coefficients. Random Gaussian/Bernoulli
measurements on the other hand do take advantage of this structure since, in
satisfying an RIP, they are guaranteed to recover all sparse vectors equally well.

This observation is an important consequence of our framework. Specifically,
whenever structured sparsity is present (such is the case in the majority of
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imaging applications, for example) there are substantial improvements to be
gained by designing the measurements according to not just the sparsity, but also
the additional structure. For a more comprehensive discussion see [73], as well
as [19, 83].

7. Proofs

The proofs rely on some key propositions from which one can deduce the main
theorems. The main work is to prove these proposition, and that will be done
subsequently.

7.1. Key results.

PROPOSITION 7.1. Let U € B(I*(N)) and suppose that A and 2 = 2,U---US2,
(where the union is disjoint) are subsets of N. Let xy € H and z € ran(PgoU)
be such that ||z|| < § for § 2 0. Let M € N and y = PoUxy + z and
yu = PoU Pyxy + z. Suppose that & € H and &y € H satisfy

1§l = nig?fi{llnlln S PeUn — yll < 8}, (1.1)
1Emlln = i;(l:fM{Ilnllz1 S N1PeU Pyn — yull < 6} (7.2)
n

If there exists a vector p = U* Pow such that

() | PaU* (g, Po, @+ @, Po, ) UPs — 1] <}

(i) max;cac (g7 > Po, ® - @ q; 2 Po,)Ue; | < \/§
(i) [[Pap — sgn(Paxo)|l < q/8

(V) I1Pyplle < 3

V) lwll < L-V14]

forsome L >0and0 < g, <1,k =1,...,r, then we have that
1
1€ —xoll < C - (5- (— ‘f‘L\/E) + IIPLX0||11> ,
NG !

for some constant C, where s = |A| and g = min{qy},_,. Also, if (ii) is replaced

by
—1/2 —1/2 5
max (ql Po ®---@gq, PQ,) Ue/| < 1

ie{l,..,.M}NAc
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and (iv) is replaced by || Py Py plli= < % then

1
5 — xoll < C - (5- <ﬁ + Lﬁ) + IIPMPonllzl) : (7.3)

Proof. First observe that (i) implies that
* -1 -1
(PaU*(q7'Pa, @ -+ @ g, ' Po,) UPalp,0))
exists and

|(PaU* (7" Po, @ -+ @ g, Po,) UPalp,a0) ™| < 3. (7.4)

Also, (i) implies that

1/2 —-1/2 2
[(47"Po @ @472 Py ) UP
= | PAU* (q; ' Po, ® -+ ® q, ' Po,) UP4| < 2, (7.5)

and

|PaU* (g7 Py @ - @4, Po )" = | (4" Py ® - @ g, o) U P[]

T |(a7" Po, @ - @ g7 Po,) UPan|’

1
= sup ank Pa U Pal” <  sup qu 1o, U Pan]?,

Inl=1 %= =142

] r
= — sup <PAU*<E qk_lP_Qk> UPAn,n>
q Inl=1 k=1

1 * —1 -1
<C—1||PAU (q7'Po, ® -+ ®q, ' Po)UP,4

(7.6)

where 1/q = max,¢x<-{1/q«}. Thus, (7.5) and (7.6) imply

| < BN (7.7)
4q

Suppose that there exists a vector p, constructed with y, = P,x,, satisfying
(iii)—(v). Let & be a solution to (7.1) and let h = & — x;. Let

|PAU* (g7 Po, ® -+ @ q, ' Pa,)

Ay =PU* (¢ Po, ® - ® ¢, ' Pg)) UPA|pAm>-
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Then, it follows from (ii) and observations (7.4), (7.5), (7.7) that

| Pahll = | A ' AsPah]|
||A3‘|| |PAU* (g7 ' Po, @ - @ q, ' Po,) UU — Py)h||

< n (o s 80 P)

Uh|
4
+ymax | PaU” (47" Pa, @~ @ g, Pa) Ues | I1P3h
4_‘ * (-1 -1
< FIPaU" (a7 Po, @ @ g, Po,) Il PoU A

4
+3| Pt (67 Pa @ @4 7)

X max (ql_l/zP_Ql@---Equl/zPQ,) Uei‘”Pi-h”ll
ieAC
45
< —=8 Pxh|, 7.8
3\/_ + = ” A ”l ( )

where in the final step we use | PoUh| < ||PeU¢ — y|| + |1zl € 25. We now
obtain a bound for || Py h||;i. First note that

Ilh + xolln = | Pah + Paxolln + 1Py (h + x0) [l
> Re (Pah, sgn(Paxo)) + [ Paxolln + [IPyhllp — [|Pyxolln
> Re (Pah, sgn(Paxo)) + lIxolln + | Pyhlln — 211 Pyxolln. (7.9)

Since || x|l = ||h + xoll;1, we have that
Pyl < [(Pah, sgn(Paxo))| + 2[| Py xolln. (7.10)

We use this equation later on in the proof, but before we do that observe that some
basic adding and subtracting yields

[(Pah, sgn(xo))|

< [{Pah, sgn(Paxo) — Pap)| + (b, p)| + [(Pyh, Py p)|
< |IPah|llIsgn(Paxo) — PApH + [ PoUh, w)| + | Prh|n | Py ol

< Tpshl +22835 + 3 Liptnl,
VSq 5 1
< X254+ Pkl +2L8Y5 + S PAhl (7.11)

where the last inequality utilizes (7.8) and the penultimate inequality follows from
properties (iii), (iv) and (v) of the dual vector p. Combining this with (7.10) and
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the fact that g < 1 gives that
45
| Pihllp <8 (Tq + SL\/E) + 8| Pyxoll- (7.12)

Thus, (7.8) and (7.12) yields:

8 445
il < sl + [ 23] < Sipinn + 22

3va
3
<8ﬁ+ 22L\/s + ﬁ) 8+ 22| Pyxof,. (7.13)

The proof of the second part of this proposition follows the proof as outlined
above and we omit the details. O

The next two propositions give sufficient conditions for Proposition 7.1 to be
true. But before we state them we need to define the following.

DEFINITION 7.2. Let U be an isometry of either CV*V or B(/*(N)). For
N=0,...N)eN, M= (M,,... M,) € N with1 <N, < --- < N,
andl <M, <--- <M, ,s=(s,...,5,)eNand 1 <k <r,let

“mlk, 1) = max 1PN U Pyl -/ (P~ U).

where

O =1{n: Il <1, lsupp(Py Ml =51, 1 =1,....r—1, |supp(Py;,_ m) =5, },

and Ny = M, = 0. We also define

nm(k, 00) = max || PU U Py il - (PO,

PROPOSITION 7.3. Let U € B(I*’(N)) be an isometry and x € 1'(N). Suppose

that 2 = Q2nn is a multilevel sampling scheme, where N = (N, ..., N,) e N
and m = (my,...,m,) € N'. Let (s, M), where M = (M,,...,M,) € N,
M <--- <M, ands = (s1,...,s,) € N, be any pair such that the following
holds:

(1) The parameters N := N,, and K := max;—;,_,(Ny — Ny_1)/my, satisfy the
weak balancing property with respectto U, M .= M, and s == s, +---+3,;
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(i) fore >0and 1 <k <r,

1> (og(se )+ 1y e~ Nt (Z ik, 1)) log (KM/s), (7.14)

m
k =1

(iii)
my 2 (log(se™") + 1) - iy - log (K M/s) (7.15)

where my. satisfies

" [Ny — N;_
122(—" _ kl—l)-uN,M(k,z)-sk, Vi=1.....r

k=1 M
where s1 + -+ +5, <51+ -+ 58, S < Si(s1,...,58,) and S, is defined
in (4.4).
Then (1)—(v) in Proposition 7.1 follow with probability exceeding 1 — €, with (ii)
replaced by
max (q_l/zP ® --®q PP )Ue-) <\/§ (7.16)
il pnac | \*1 = r o Vg '
(iv) replaced by || Py Pxplli~ < % and L in (v) is given by
log, (6¢71)
L=C-VK-|1++———"|. 7.17
" log, AK M 5) 17

If my = Ny — Ni_y forall 1 < k < r then (1)—(v) follow with probability one (with
the alterations suggested above).

PROPOSITION 7.4. Let U € B(I*(N)) be an isometry and x € 1'(N). Suppose

that 2 = 2nm is a multilevel sampling scheme, where N = (Ny, ..., N,) e N
and m = (my,...,m,) € N'. Let (s, M), where M = (M,,...,M,) € N,
M <--- <M, ands = (s1,...,s,) € N, be any pair such that the following
holds:

(1) The parameters N and K (as in Proposition 7.3) satisfy the strong balancing
property with respectto U, M = M, and s :== s, + --- +s,;
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(i) fore >0and 1 <k <r,

Nk - Nk—l

my

r—1
x (I{NﬁM(k, 00) + Y rnm(k, 1)) log (KM5),  (7.18)

=1

1> (log(se ™) +1)-

(iii)
my > (log(se™") + 1) - iy - log (KMﬁ) : (7.19)

where M = min{i € N : || max;>; PyU Pj|l < 1/(K32y/s)}, and my is as
in Proposition 7.3.

Then (1)—(v) in Proposition 7.1 follow with probability exceeding 1 — € with L as
in (7.17). If my = Ny — Ny_; forall 1 < k < r then (1)—(v) follow with probability

one.

LEMMA 7.5 (Bounds for kym(k,1)). Fork,l=1,...,r

iex(k, 1) < min {MN,M(k, D) s \Js - w(PYDY - HP,{X"“ U P ”} . (7.20)

Also, fork=1,...,r
iex m(k, 00) < min {MN,MUc, 00) 55, s (PO | P U P H .
(7.21)

Proof. Fork,l=1,...,r

vk, 1) = max 1P U PY il - (P U)
T, | 2 ) T

M1 <jsM;

< st PEUPEY -\ Ju(PYU) < 51 (kD)
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since |u;;| < 1, and similarly,

KN, Mk, 00) = max ||PN]‘ ]UPL 7]”]00 . IL(PICZ_IU)

Ni—1
= . < . .
max max E njuij| - W(Py " U) < v - unm(k, 00)

My_1<j

Finally, it is straightforward to show that for k,/ =1,
KN,M(k, l) H P]{]\ZA ]UPAIZI 1 H / (Plf]\ik IU)

anmilk, 00) < ;- | PO PG| (PO, 0

and

We are now ready to prove the main theorems.

Proof of Theorems 4.1 and 5.2. It is clear that Theorem 4.1 follows from

Theorem 5.2, thus it remains to prove the latter. We apply Proposition 7.3 to

a two-level sampling scheme §2 = 2y, where N = (N, N;) and m = (m;,

my) with m; = N; and m, = m. Also, consider (s, M), where s = (M, s,),
= (M,, M,). Thus, if N;, N,, m;, m, € N are such that

N, — N, N
N=N, K=max{——, —
mo m;

satisfy the weak balancing property with respectto U, M = M, and s = M, + s,,
we have that (i)—(v) in Proposition 7.1 follow with probability exceeding 1 — se,
with (ii) replaced by

N, — N; 5
max || PN] P.Qz Uei || g )
ie(l,...MinA® nm, 4

(iv) replaced by || Py, PAlp||,x < % and L in (v) is given by (7.17), if

12 (log(se™) + 1) - Nn; M (knm(2, D) + knm(2,2)) - log (K MA/5)
2
(7.22)
my 2 (log(se™") + 1) - i, - log (K MA/s) (7.23)

where m, satisfies 1 2 (N2 — Ny) /iy — 1) - uy, - 52, and 5, < S5 (recall S, from
Definition 4.4). Recall from (7.20) that

knm(2, 1) < /81, - H PﬁIUPMI , kenm(2,2) <52y

https://doi.org/10.1017/fms.2016.32 Published online by Cambridge University Press


https://doi.org/10.1017/fms.2016.32

A new theory for compressed sensing 37

Also, it follows directly from Definition 4.4 that

5. < (1P4UP] -V + y55)

Thus, provided that | Py U Py, | < y//M; where y is as in (i) of Theorem 5.2,
we observe that (iii) of Theorem 5.2 implies (7.22) and (7.23). Thus, the theorem
now follows from Proposition 7.1. O

2

Proof of Theorems 4.5 and 5.3. 1t is straightforward that Theorem 4.5 follows
from Theorem 5.3. Now, recall from Lemma 7.20 that

enm(k, 1) < s punmk, D), knmk, 00) <5 - unm(k,00), kI=1,...,r
Thus, a direct application of Propositions 7.4 and 7.1 completes the proof. O

It remains now to prove Propositions 7.3 and 7.4. This is the content of the next
sections.

7.2. Preliminaries. Before we commence on the rather length proof of these
propositions, let us recall one of the monumental results in probability theory that
will be of greater use later on.

THEOREM 7.6 (Talagrand [59, 79]). There exists a number K with the following
property. Consider n independent random variables X; valued in a measurable
space $2 and let F be a (countable) class of measurable functions on §2. Let Z
be the random variable Z = sup ;. Zign f(X;) and define

S - 00y V - E X,' 2 .
sup | £ sup (Z fX0) )

i<n

IfE(f(X;)) =O0forall f € F andi < n, then, for each t > 0, we have

1t tS
P(|Z —E(Z)| > t) < 3exp (—Eglog (1 + WM)) ;

where Z = supf€f|z,<,, f(X)|-

Note that this version of Talagrand’s theorem is found in [59, Corollary 7.8].
We next present a theorem and several technical propositions that will serve as
the main tools in our proofs of Propositions 7.3 and 7.4. A crucial tool herein is
the Bernoulli sampling model. We use the notation {a, ..., b} D 2 ~ Ber(qg),
where a < b a,b € N, when £2 is given by £2 = {k : §; = 1} and {Bk},{\;l is a
sequence of Bernoulli variables with P(§, = 1) = ¢.
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DEFINITION 7.7. Letr e NNN=(N;,...,N,)) e N withl <N, <--- < N,,
=(my,...,m,) e N, withm, < Ny, — N;_, k=1, ..., r, and suppose that

ny
2 CT{N1+ 1, ..., NiJ, (2~Ber<—>, k=1,...,r,
k k—1 k k Ne — Neos

where Ny = 0. We refer to the set 2 = 2np = 2, U .- U £2,. as an (N, m)-
multilevel Bernoulli sampling scheme.

THEOREM 7.8. Let U € B(I*(N)) be an isometry. Suppose that 2 = $2xm is

a multilevel Bernoulli sampling scheme, where N = (N;,...,N,) € N and
m = (my,...,m,) € N. Consider (s, M), where M = (M,,...,M,) € N,
M, <--- <M, ands = (s1,...,s,) € N, and let

A=A40U---UA, A C{Mi+1,...., M}, |Al=si
where My = 0. If | Py, U* Py, U Py, — Py, || < 1/8 then, for y € (0, 1),
P(| PAU*(q; ' Po, ® -+ @ g, ' Po,)UPs — Pl > 1/4) <, (7.24)

where q, = my/(Ny — Ny_1), provided that

1> — Ne-s (ZKNM(]C l)) (log (y~'s) +1). (7.25)

In addition, if ¢ = min{q,};_, = 1 then
P(| PAU*(qy ' Po, @ - @ q; ' Pg,)UPs — Psl = 1/4) = 0.

In proving this theorem we deliberately avoid the use of the Matrix Bernstein
inequality [43], as Talagrand’s theorem is more convenient for our infinite-
dimensional setting. Before we can prove this theorem, we need the following
technical lemma.

LEMMA 7.9. Let U € B(I>(N)) with |U|| < 1, and consider the setup in Theorem
7.8. Let N = N, and let {6 j}j'v=1 be independent random Bernoulli variables with
PG; =1)=¢q,, qgj = mi/(Ne — Nyoy) and j € {Ni_y + 1, ..., Ni}, and define
Z=Y",2;.2;=(G;"8; — 1)n; ® i; and n; = P,U*e;. Then

2 == (12
E (1 Z]))* < 48 max{log(|A|), 1} 12%,{% In; 1%}
when (max{log(|A]), 1)~ > 18 max, < <y {é;lllnjllz}-
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The proof of this lemma involves essentially reworking an argument due to

Rudelson [75], and is similar to arguments given previously in [3] (see also [17]).

We include it here for completeness as the setup deviates slightly. We shall also
require the following result:

LEMMA 7.10 (Rudelson). Letny,...,ny € C"andlete,, ..., ey be independent
Bernoulli variables taking values 1, —1 with probability 1/2. Then

M
E (
i=1

where p = max{2, 2log(n)}.

z_'®ni

M
Z i & n;
i=1

3
< = )
)\ zx/ﬁrirg}&illmll

Lemma 7.10 is often referred to as Rudelson’s Lemma [75]. However, we use
the above complex version that was proven by Tropp [81, Lemma 22].

Proof of Lemma 7.9. We commence by letting § = (8 j}y: , be independent copies
of 6 = {4; } - Then, since E(Z) = 0,

z- ]E(Zij( 18—1)n,®n,)
<E (( i(é;l&—l)n,m, )) (7.26)

by Jensen’s inequality. Let & = {¢; }?’:1 be a sequence of Bernoulli variables taking
values £1 with probability 1/2. Then, by (7.26), symmetry, Fubini’s theorem and
the triangle inequality, it follows that

Es (1Z1) < E. (Es (Es (
j=I
)) (7.27)

N
> (a8 —a7'8) m @0,
N
< 2E; (]ES ( Zé‘jc}j_l(SjT]j ® ﬁj

j=1
We are now able to apply Rudelson’s lemma (Lemma 7.10). However, as specified
before, it is the complex version that is crucial here. By Lemma 7.10 we get that

Es (I1Z1) = Es (

https://doi.org/10.1017/fms.2016.32 Published online by Cambridge University Press


https://doi.org/10.1017/fms.2016.32

B. Adcock, A. C. Hansen, C. Poon and B. Roman 40

N
> eia;'sm; @,

Jj=1

Y

) < % max({2 log(s), 2}

N
Y a;'q; ' 8m; @0,

x max ;" |n;ll
<j<v —
=

1<j

k]

(7.28)

)

Note that HZ?’:I n; @ n; H < 1, since U is an isometry. The result now follows

from the straightforward calculus fact thatif » > 0, ¢ < 1 and r < c4/r + 1 then
we have that r < ¢(1 —|—\/§)/2. O

where s = |A|. And hence, by using (7.27) and (7.28), it follows that

N
Z+Z’7j®ﬁj

j=1

~—1/2
Es (1Z]) < 3y/max{2log(s), 2} \max g In;ll | Es (

Proof of Theorem 7.8. Let N = N, just to be clear here. Let {§ j}?’zl be
random Bernoulli variables as defined in Lemma 7.9 and define Z = Z_}/‘V:I Z;,
Z; = (g;'8; — 1) n; ® 7; with n; = P,U*e;. Now observe that

N
PsU(q; Pa, @ @4, Po)UPs = ) _G;"8m; @ 7,

j=1
N
P,UPYUP, =) n; ®1;. (7.29)
j=1
Thus, it follows that

|PAU*(q; " Po, @ --- © q; ' Po,)U P, — P4l
SNZI+ I(PAU*PyU P, = P < I Z] + 5, (7.30)
by the assumption that ||Py, U* Py UPy, — Py, || < 1/8. Thus, to prove the
assertion we need to estimate || Z||, and Talagrand’s theorem (Theorem 7.6)
will be our main tool. Note that clearly, since Z is self-adjoint, we have that

I1Zll = sup,g I{Z¢&, ¢)|, where G is a countable set of vectors in the unit ball
of Po(H). For ¢ € G define the mappings

L(T) =(T¢,¢), &) =—(T¢,¢), T eBH).
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In order to use Talagrand’s Theorem 7.6 we restrict the domain D of the mappings
gito
= : < g7y
D {T € BOH) : ITI < max 1, Iy }}

Let F denote the family of mappings Z1, & for ¢ € G. Then || Z|| = sup;.r 7(2),
and for i = 1, 2 we have

(Z)1 = [(g;"8; = V)| [{(n; ® 71,) €. ¢)| < max (g Inj 1%}

Thus, Z; € D for I < j < Nand S := sup,x £ oo = maxi<;<n{q; ;1%
Note that

;1> = (PaU%e;, PaU%¢j) = Y (PaU%e;, P Ue)).
k=1

Also, note that an easy application of Holder’s inequality gives the following (note
that the /' and /> bounds are finite because all the projections have finite rank),

[(PaUej, PaU%¢;)| < [|PaU%ejllnl Pa, Ul
pV
S NPA U Py s | Pa Ul

<Py U Pyl -/ (P~ U) < k(L K,

forj e {N;_1+1,...,N;}and! € {1, ..., r}. Hence, it follows that
Inj1I* < max Gexm(k, 1) + -+ kxm(k, 1), (7.31)

and therefore S < max; i<, (q,:1 Z;:] knm(k, j)). Finally, note that by (7.31)
and the reasoning above, it follows that

N
V:=supE (Z{,(Z ) ) =supE (Z 18— 1 [{PAU"e;, §>|4)

GeF Jj=1 teg

N, — N;
< max [[n ||2<——1>su l(e;, UPAL)I,
NS k ny ;Egz I A
Ny — Ny 2
< lIglflgr T (Z enm(k, l)) sup [U¢ ||
— max e Nt ZKN,M(k, D, (7.32)
I<k<r My —
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where we used the fact that U is an isometry to deduce that ||U]| = 1. Also, by
Lemma 7.9 and (7.31) , it follows that

N, — N,_ -
E(|Z])? < 48 max ———*L § ek, 1) ) - log(s) (7.33)
1<k<r my —
when
Ni — Ny d
> - .
1> 18&1;13 - (;1 knm(k, l)) log(s), (7.34)

(recall that we have assumed s > 3). Thus, by (7.30) and Talagrand’s Theorem 7.6,
it follows that

P(”PAU*(CHIPQI @ Dq ' Po)UPy— Pl > 1/4)

1 N, — N;_ d
<PlIZI>—+ |24 max —*1 <§ :KN.M<1<,1)> -log(s)
my

16 1<k P

-1
1 Ne — Nt [

< [ .

< 3exp T (IIQE% - ( E knm(k, l))) log(1+1/32) |,

=1

(7.35)

when m,’s are chosen such that the right hand side of (7.33) is less than or equal
to 1. Thus, by (7.30) and Talagrand’s Theorem 7.6, it follows that

P (| PAU*(q7 Po, @ - @ ¢ Po)U Pa — Pyl > 1/4)

1 1
<PUZI=1/8) < IP’(IIZII T +EIIZII) < P(IIIZII —ElZ| = —)

6 16
-1
1 Ny — Nt [+
< - P
<3exp [ -1 — (52% o (;KN,M(/C,Z)» log(1+1/32) |,
(7.36)

when m,’s are chosen such that the right hand side of (7.33) is less than or equal
to 1/16%. Note that this condition is implied by the assumptions of the theorem
as is (7.34). This yields the first part of the theorem. The second claim of this
theorem follows from the assumption that || Py, U* Py, U Py, — Py, || < 1/8. O

PROPOSITION 7.11. Let U € B(I*(N)) be an isometry. Suppose that 2 = 2xm
is a multilevel Bernoulli sampling scheme, where N = (N, ..., N,) € N and
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m = (my,...,m,) € N'. Consider (s, M), where M = (M,,...,M,) € N,
M < -~ < M, ands = (s;,...,s,) € N, and let A = A, U---U A,
Ak C {Mk—la ...,Mk}, |Ak| = Sk, where M() =0. Let,B 2 1/4

o If

Ny — N;_
N :=N,, K := max :ﬁ},
r m

satisfy the weak balancing property with respect to U, M := M, and
s:=s1+---+s, then, for§ € Hand B,y > 0, we have that

P (| PyPyU*(q; P, ® -+ @ q, ' Po)UPAE = > BlEli=) <y, (1.37)

provided that
2
#BCA, ﬁ—}CT, (7.38)
log (g(M - s)) log (g(M . s))
for some constant C > 0, where q, = m/(Ny — Ny_y) fork=1,...,r,
A = max Nk ‘ ZK vk, D) (7.39)
1<k<r N )
N, — Ni_
Y = max ($ - 1) -k, D) - S, (7.40)
1<ILr =1 my
SJorall (s }i_, suchthat $; +---+5, <s1+ -+, and 5, < Si(s1, ..., 8).

Moreover, if gy = 1 for all k =1,...,r, then (7.38) is trivially satisfied for
any y > 0 and the left-hand side of (7.37) is equal to zero.

(1) If N satisfies the strong Balancing Property with respect to U, M and s, then,
for& € Hand B,y > 0, we have that

P(IPyU(g; " P, @ ®q, ' Po)UPsE i~ > BllEN~) <y, (7.41)
provided that

B B
log (4/y(é — s)) zea log (4/y(é _ s))

>CT, (7.42)

for some constant C > 0, 0 = 0({qi}i_;, 1/8, {Ni}iey, 8, M) and T, A as
defined in (i) and
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OqiYic, 1, ANKY_,, 5, M)

{ieN: max
*p — _ t
”PﬂU (‘h IPFZ,I G---Dg, lPrz,r)Uei” > ﬁ”

Moreover, if g, = 1 forallk =1, ...,r, then (7.42) is trivially satisfied for
any y > 0 and the left-hand side of (7.41) is equal to zero.

Proof. To prove (i) we note that, without loss of generality, we can assume that
€]l = 1. Let {3,};":] be random Bernoulli variables with P(§; = 1) = g; = gx,
for j € {Ny_1+1,...,Nand 1 < k < r. A key observation that will be crucial
below is that

N
PyU*(q; ' Po, @+ @ g, ' Po)UPxE = ZPALU*Q_,_I5j(€j ®e;)UPaé
j=1
N
=Y PyU"G;'8; — 1)(e; ® e)UPs& + PyU"PyU Pag. (7.43)
j=1
We use this equation at the end of the argument, but first we estimate the size of
the individual components of Z?’:l PyU *(c}j_](S i — 1D(ej ® e;j)U P,&. To do that
define, for 1 < j < N, the random variables
X, = (U(G;'8; — D(e; @ e))UPE, ), i€ A

We show using Bernstein’s inequality that, for eachi € A° and ¢ > 0,

( ) ( 12/4 )
P >t <dexp|l ——0———=). (7.44)

N
DX
g T + At)3

To prove the claim, we need to estimate E (|X ’j |2) and | X ’j |. First note that,
E(IX/) = G = Dllej, UP&)le;, Ue P,

and note that |{e;, Ue)|> <unm(k, 1) for j € {Ny_1+1,..., Nyyandi € {M;_+
1,..., M;}. Hence
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N
D E(IX4P) Z(qk — Duxm(k, DIy U PAE|
j=1

k=1

< sup {Z(qk ~ Dk DIPYUCIPY

Le® k=1

where

O ={n:lnl~ < 1,Isupp(Py Ml =51, [ =1,...,7}

The supremum in the above bound is attained for some e O If§ =
| Py UZ ||, then we have

N
D E(X)P Z(qk — Dunm(k, D3 (7.45)
j=1 k=1

Note that it is clear from the definition that s, < Si(sy,...,s,) for 1 < k < r.
Also, using the fact that ||U || < 1 and the definition of @, we note that
St 5 =) P UPACIP S NUPAgIP =151 < si 4+,

k=1

To estimate |X§| we start by observing that, by the triangle inequality, the
fact that |||~ = 1 and Holder’s inequality, it follows that |(§, PaU"e;)| <

S (Py'E, PaU%e;)], and

[Py &, PaU"e;)| < | Py U P lliosie,
] E{Nl,1+1,...,N1}, ZE{I,...,V}.

Hence, it follows that for 1 < j < N andi € A,

X0 = G;'165; — GDINE, PaU"e)llle;, Ue)l,

Ny — Ny
< max {$ (onmle, 1) 4 -+ knmlk, r))}. (7.46)
1<k<r my
Now, clearly E(X ’) =0forl < j < Nandi € A°. Thus, by applying Bernstein’s
inequality to Re(X’j) and Im(X’]) for j=1,...,N, via (7.45) and (7.46), the
claim (7.44) follows.
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Now, by (7.44), (7.43) and the assumed weak Balancing property (wBP), it
follows that
> ,3)

P (| PuPyU*(q; ' Po, @ -+ ®q, ' Po)UPak|~ > B)

N
Y JP(
M} j=1

> X\ 4 (PyPyUPyUPAE. €)
ieAn(l,...,

N
< ) P( ; >ﬂ—||PMPjU*PNUPA||,x>
ieAN|l,..., M} j=1
<4M —s) £/4 t 1,3 by (7.44), (WBP)
< —s)exp| ———— ), = =B, . , (W .
Py 5 a3 2P
Also,
4(M —s) g4 o
—s)exp| ———— | <
PUrTa3) ™7
when

g (L —g) s (AL 444

og| —(M —s —+—.

&\ “\r o 3

And this concludes the proof of (i). To prove (ii), for ¢ > 0, suppose that there is

a set A, C N such that

P <sup|(PjU*(q11P91 @ ®q, ' Po)UPan, e;)| > t) =0, [A]] <oo.

i€A;

Then, as before, by (7.44), (7.43) and the assumed strong Balancing property
(sBP), it follows that

P(|PiU*(q; Pay -~ @ g, Po)U PsElli~ > P)

> ( 1),

i€ANAY

ZX’ + (PLU*PLUPAE, €;)

yielding

P (| PyU*(q;" P, & @ q; ' Po,)U Paé i~ > B)

< > ey

i€ANAY
. t°/4
4(]A7| = s)exp (‘m) <y, t=
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L 4r  4A
) 2 ErE )

whenever

4,
log (; (|Az

Hence, it remains to obtain a bound on |A§‘ . Let
0(q1,.--,9r,t,8)
=1i: max PrU*(g'P @ q P, )Ue;
ncil,. M), |Il=s IPrU gy Pry, @+ @ g, Pr, )Uei
Fz,jC{N/;[le ,,,,, N_/'}, j=1,...r

t
> — .
7
Clearly, A C 0(qi, ..., g, t,s) and
|PRU(gr ' Prsy @ -+ @ g Pr Ueill < max g7 PyU P = 0

asi — o0o.So, |0(qy, .-.,4r,t, )| < 0o. Also, since 9~({qk},”c:1, AN =, s, M)
is a decreasing function in ¢, for all ¢ > 1,

0(q1, - qrs t, )] < 0@ Yos,, 1/8, (NYi_,, s, M)

thus, we have proved (ii). The statements at the end of (i) and (ii) are clear from
the reasoning above. O]

PROPOSITION 7.12. Consider the same setup as in Proposition 7.11. If N and K
satisfy the weak Balancing Property with respect to U, M and s, then, for § € H
and y > 0, we have

P(| PAU*(q; ' Po, ® -+ @ q, ' Po)U Py — Pa)élli~ > a@ll§ll~) <y, (7.47)
-1
with & = (2 log)/? (4/sKM )) , provided that

12 A-(log(sy™")+1)-log(vsKM),
127 - (log(sy™') 4+ 1) -log (VsKM),
where A and T are defined in (7.39) and (7.40). Also,
P(| PAU*(q; ' Po, ® -+ @ q,; ' Po)UPs — Pp)E i~ > LEx) <y (7.48)
provided that
12 A -(log(sy™)+1), 127 (log(sy™")+1).
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Moreover, if g = 1 forallk = 1, ..., r, then the left-hand sides of (7.47) and
(7.48) are equal to zero.

Proof. Without loss of generality we may assume that ||§]|;~» = 1. Let {§; }N be
random Bernoulli variables with P(§; = 1) = g; := gy, with j € {N;_; + 1

Ny and 1 <k < r. Letalso, for j € N, n; = (UP,)*e;. Then, after observing
that

N
PyU*(q; ' P, @~ @ ¢, ' Po)UPy = _q;'8;n; ®ij, PAU*PyUPy

j=l1
N

= Z n; ®1n;,
j=l1

it follows immediately that

PAU*(q;IPQI @ Dq 'Py)UP,— P,

—Z(q, — D, ®ii; — (PaU*PyU Py — Pa). (7.49)

As in the proof of Proposition 7.11 our goal is to eventually use Bernstein’s
inequality and the following is therefore a setup for that. Define, for 1 < j < N,
the random variables Z; = ((q*16 D(n; ® n;)&, e;), fori € A. We claim that,

fort > 0,
= /4 .
P >t <dexp\———7 ), (€A (7.50)
j=1

T + At/3
Now, clearly E(Z;) = 0, so we may use Bernstein’s inequality. Thus, we need to
estimate E (|Z;|2) and |Z}|. We start with E (|Z;|2). Note that

E(IZi1?) = @' — Dlle;, UPAE)Pl{e;, Ue) . (7.51)

Thus, we can argue exactly as in the proof of Proposition 7.11 and deduce that

ZE 1z Z(q — D S, (7.52)
where s, < Si(sy,...,s)forl <k <rands;+---+5 <s1+---+s,..To
estimate |Z ;| we argue as in the proof of Proposition 7.11 and obtain

. Ny — Ni—
1Z}| < max {$ - (e (k, 1)+---+KN,M(k,r))}. (7.53)
1<k<r my
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Thus, by applying Bernstein’s inequality to Re(Z}),...,Re(Zy) and the
imaginary part Im(Z}), ..., Im(ZﬁV) we obtain, via (7.52) and (7.53) the estimate
(7.50), and we have proved the claim.

Now armed with (7.50) we can deduce that, by (7.43) and the assumed weak
Balancing property (WBP), it follows that

P(I1PsU"(qy Pay @ - @4, Po)U Ps = Po)§ = > &)

s .

ZZ’ ((PAU*PyUPA — Pp)&, ;)

ieA

N
gZIP’(ZZj >&—||PMU*PNUPM—PM||1'),
ieA j=1
<4 /4 t =& by(7.50),(WBP). (7.54)
NS ex — ——————— N = 5 . ) . .
S\ Ty A3 @ v
Also,
4 £AN o (1.55)
Sex - - . < ~ b .
Py a3) Y7
when

> 4T+4A ) 4s
>—+=—A) -log|— .
2 3t & y

And this gives the first part of the proposition. Also, the fact that the left-hand
side of (7.47) is zero when ¢, = 1 for 1 < k < r is clear from (7.55). Note that
(ii) follows by arguing exactly as above and replacing & by i. O

PROPOSITION 7.13. Let U € B(I*(N)) such that |U| < 1. Suppose that 2 =
2N is a multilevel Bernoulli sampling scheme, where N = (Ny, ..., N,) € N
and m = (my,...,m,) € N'. Consider (s, M), where M = (M,, ..., M,) € N,
My <---<M,ands = (s1,...,5,) e N,andlet A = A, U---U A,, where
Ay C{M_ + 1, ..., My}, |Ay| = sk, and My = 0. Then, for any t € (0, 1) and
y €0, 1),

P (.E{lmax i ||P{i]U*(q]*1P_Q1 DD q;ng,_)UP{,-}H >1+ [) <y

provided that

I oM Ny — Ny_
— > log (—) . max {<$ - 1) - (k, l)} (7.56)
4 y 1<k<r my
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foralll=1,...,rwhen M = M, and foralll =1,...,r —1,00 when M > M,.
In addition, if m; = Ny — Ny_ foreachk =1, ...,r, then

P(| Py U*(q; ' Po, @ ®q ' Po)UPyll > 1+1) =0, VieN. (7.57)
Proof. Fix i € {1,...,M}. Let {8 j}yzl be random independent Bernoulli

variables with P(§; = 1) = ¢g; = ¢, for j € {Nwo1 + 1,..., Ni}. Define
Z=Y" Z;and Z; = (§;'8; — 1) |uji|* . Now observe that

5 N N
=Y Zi+ ) |ui
=1 j=1

where we interpret U as the infinite matrix U = {u;;}; jen. Thus, since U] < 1,

N
2.7
j=1

and it is clear that (7.57) is true. For the case where g, < 1 forsome k € {1, ..., r},
observe that fori € {M;_; +1, ..., M;} (recall that Z; depend on i), we have that
E(Z;) = 0. Also,

2

’

N
PyU*(q; ' Po, ® -+ © g, Po)U Py =Y _G;'8; |uj;

j=1

| PyU*(qy ' Po, @ -+ @ q, ' Po)U Pyl < +1 (7.58)

max {max{q]:l - 17 1} : /’LN,M(k7 l)} = Bi

1<k<r
|Z;] < e (Mo +1,..., M},
max {max{g, ' — 1, 1} - uxm(k, 00)} = Bos i > M,,

and, by again using the assumption that ||U|| < 1,

éﬂf (1z,") = é@‘ — 1) Juj;

max {(f]k_] — D unmk, D} =: Uiz ie{M_i+1,..., M},

1<k<r

-1 _ .2 .
12,?2,{(% 1) unm(k,00)} =105, i > M,.

4

Thus, by Bernstein’s inequality and (7.58),

P(|PyU*(q; ' Po, ® - ® q] ' Po)UPull = 1+1)
2)2
<P >t <2exp|——7=),
- 0%+ Bt/3

N
2.7
j=1
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max B; M=M,, max 0 M=M,,
B = 1<i<r 02 _ ) Iisr
= = 2
max B, M>M,, max o, M > M,.
i€{l,....r—1,00} ie{l,....r—1,00}

Applying the union bound yields

.....

P(le[flnax I Py U*(q; " Po, @ -+ @ q, ' Po)U Pyl > 1+f) Y
whenever (7.56) holds. O

7.3. Proofs of Propositions 7.3 and 7.4. The proof of the propositions relies
on an idea that originated in a paper by Gross [43], namely, the golfing scheme.
The variant we are using here is based on an idea from [3] as well as uneven
section techniques from [47, 48], see also [42]. However, the informed reader
will recognize that the setup here differs substantially from both [43] and [3]. See
also [16] for other examples of the use of the golfing scheme. Before we embark
on the proof, we state and prove a useful lemma.

LEMMA 7.14. Let X, be independent binary variables taking values 0 and 1,
such that X, = 1 with probability P. Then,

N —k
P (Z % > k) > (Nk e) (2’) P*. (7.59)
i=l1

Proof. First observe that

N N N—k
' <Z iz k) -2 <N> Pa=PT =) (i fk) P - Py
i=1

i=k i=0

( ) (N —k)k!

— (N —i =k +k)!

<)Pk (N k>Pi(1—P)N_k_i[<iJ]:k>]l

i=

=z

—k
k

~

N agk

Pt(l _ P)N*k*i

The result now follows because vazgk (N l._k)Pi(l — P)Y*= = 1 and for
i=0,..., N —k, we have that

(i+k> - ((i+k)-e>"< <N~e)k7
k k k

where the first inequality follows from Stirling’s approximation (see [24],
page 1186). O
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Proof of Proposition 7.3. We start by mentioning that converting from the
Bernoulli sampling model and uniform sampling model has become standard in
the literature. In particular, one can do this by showing that the Bernoulli model
implies (up to a constant) the uniform sampling model in each of the conditions
in Proposition 7.1. This is straightforward and the reader may consult [17, 18, 41]
for details. We therefore consider (without loss of generality) only the multilevel
Bernoulli sampling scheme.

Recall that we are using the following Bernoulli sampling model: given Ny = 0,
Ny, ..., N, € Nwelet

my

{(Nkci +1,..., Ny} D 82 ~Ber(qr), qx = ——7—.
e S T Ne= N

Note that we may replace this Bernoulli sampling model with the following
equivalent sampling model (see [3]):

2=2luR2U...uQ", Q] ~Ber(gl), 1<k<r,
for some u € N with
(I1—g) =g (1—g)=0—q). (7.60)

The latter model is the one we use throughout the proof and the specific value of
u will be chosen later. Note also that because of overlaps we have

G+ai++ai>q. 1<k<r (7.61)

The strategy of the proof is to show the validity of (i) and (ii), and the existence
ofa p eran(U*(Pg, @ --- @ Pg,)) that satisfies (iii)—(v) in Proposition 7.1 with
probability exceeding 1 — €, where (iii) is replaced by (7.16), (iv) is replaced by
| Py P3plli~ < 3 and L in (v) is given by (7.17).

Step 1. The construction of p: we start by defining y = €/6 (the reason for this
particular choice will become clear later). We also define a number of quantities
(and the reason for these choices will become clear later in the proof):

u=83v+log(ly ], v= [10g2(8KMﬁ)1, (7.62)
as well as '

{gp: 1 <k<r1<i<u}, {a},, (Bl
by
q,} =q,f= }‘Qk’ ék=q,f = =q, QkZ(Nk_Nk—l)m;l, I1<k<r,

(7.63)
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with
(I—g)d—g)-(1—g"H=(1—q)
and
oy = = 2logl?A4KM/s)™', o =1/2, 3<i<u, (7.64)
as well as
Br=PB =14 Bi=ilog,(4KMs), 3<i<u (7.65)

Consider now the following construction of p. We define recursively the
sequences {Z Yo € H, {YV:}_, € H and {w;}', C N as follows: first let

= {0}, w; = {0, 1} and w, = {0, 1, 2}. Then define recursively, for i > 3, the
following:
o L1 1
CI),‘,]U{l} lf PA—PAU —ZP_Q{@@—lPQ; UPA 7z
ql C]r oo
LAl Pa,Zi—i s
- 1 1
Wi = and ‘PMPALIJ>k (TPQ’@@_P9;> UPAZ,',1 (766)
ql : qu o0
< BillZi-i i,
Wi otherwise,
. 1 o
ZU 9/69 P — UZJ*,I lflea)i,
Yi JEW; qr i 2 1’
Y, otherwise,
sgn(xg) — PnY; ifi € w;,
Zi = g 0 4 1 ZO SgH(XO)
Zi_4 otherwise,

Now, let {A;}%_, and {B;};_, denote the following events

1 1
H(PA U*( PQIGB - — Pg) UPA>Z_
aj

<o 1 Zisi]l

lOC
i=1,2,
1
B; : ‘PMP U*< ,PQ;'@"'@;P.Q,{)UPAzt—I < BillZi-a i,
1 r [o©
i=1,2

El
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1 1
B3: HPAU*(_P-Q@@_PSZ>UPA_PA <1/4,
q1 qr
_max (g7 Po @@ PPy, ) Uei| < /574
ieAcn(l, ... M}
B4: |a)u|>va

Bs: (M_,A)N(N_B).
(7.67)

Also, let 7(j) denote the jth element in w, (for example, t(0) = 0, (1) = 1,
7(2) = 2) and finally define p by

_ ) Yiw if Bs occurs,
p= 0 otherwise.

Note that, clearly, p € ran(U* P), and we just need to show that when the event
Bs occurs, then (i)—(v) in Proposition 7.1 will follow.

Step 1. Bs = (i), (ii). To see that the assertion is true, note that if Bs occurs
then B; occurs, which immediately (i) and (ii).

Step IIl. Bs = (iii), (iv). To show the assertion, we start by making the
following observations: by the construction of Z,;, and the fact that Z, = sgn(x),
it follows that

1 1
Zf(i) = ZO - (PAU* < r(l) @ @ r(t)) UPA)
%
1 1
+---+ PAU ‘L’(l) f(l) @ @ ‘L'() f(l) UPA Z‘L’(ifl)
q, qr
1 1
= Zr(i—l) — | PaU r(z) 1(1) DD —= 2r® UP, Zr(i—l)
q; C]r
i

< ol

so we immediately get that

1 1
Z‘r(i) = <PA — PAU* ( t(} r(l) @ @ ‘[() 1(1)) UPA> @i—1)» l g |a)u|
q;
Hence, if the event Bs occurs, we have, by the choices in (7.64) and (7.65)

1
g_} < g0 (7.68)

lo = sgneo)ll = 1Zew | < V511 Zew e < V5 [ Tera < 55 < g
i=1
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since we have chosen v = [log,(8 K M \/s)]. Also,
€ * 1 1
| Py Py pllice < Z | Py Py U T(l) a0 @ @ — 5 Poro) | UPaZriylli
qr

v i—1
< Zﬁt(i)”zr(i—l)”P“ < Zﬁr(i) nar(j)
i=1 i=1 j=1

<1 1+ 1 log,(a) bg 1
2log)*(a)  2°log,(a) 2v-!

1
< <z, 7.69
4 ) 2 (7.69)

where a = 4K M./s. In particular, (7.68) and (7.69) imply (iii) and (iv) in

Proposition 7.1.

Step IV. Bs = (v). To show that, note that we may write the already constructed
pas p = U*Pow where

v 1 1
w= Z Wi, Wi = (qr(t) P'Ql ® 05 T(I) ’) UPAZT([*I).
i=1

1

To estimate ||w|| we simply compute

2 1 1
lw;||” = T(l) z(z) DD —= r() 27 UPAZr(i—l),
4
! 1
ot o0 @ —7 t() or® | UPaZriy)
q
p 2
! 2
- qz(i) “Pszk’“)UZr(i—l)” )
k=1 k

and then use the assumption that the event Bs holds to deduce that

- 2
1 2
Do\ | 1PeoUZenl

k=1 k

1 - 1
< gz?gr F Z r(t)PAU P T(I)UZT(’ n» Ze-

k =1 9k
1 : 1
S 9k k=1 qk
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2
N Zi-nl

1
< max

2
max | —z5 (1Ze-p M Ze) Il + 1 Ze—1y 1)
INX qk

1
< max
= i<k<r q]:(’)

2
S (1Zea-vlie 1 Zey e + 11 Ze—nll)

1

. 2
i—1

REE S PP R (H“)
]:

where the last inequality follows from the assumption that the event Bs holds.
Hence

lwll < V5 | max Vo + Ha] : (7.70)
i=l

I<ksr (i)
P

Note that, due to the fact that q,l + .-+ 4+ q; > qi, we have that

ny 1
2(Ni — Ni—1) 8 [log(y ") + 3[log, 8K M /s)1] — 2

qr =

This gives, in combination with the chosen values of {«;} and (7.70) that

3/2
Ny — Ni— 1
lwll <25 max J=—— {14 ——
1<k<r my 2log,” (4K M /s)
Ny — N 3
5 max MmN V3
1<k<r my 2

/8(1og(y )+ 3Nog,BKMYRT] -2 &

log, (4KMf) — i3

log2 )+6
10g2(4KMf) 10g2(4KMf)
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Ny — N
< /s max d i
1<k<r my
33 276 1 1) 46
f+ V6 1+ 0% () . (171
V1og, (4K M J5) log,(4K M \/s)

Step V. The weak balancing property, (7.14) and (7.15) = P(A{ U A5 U Bf U
BS U BY) < Sy To see this, note that by Proposition 7.12 we immediately get
(recall that ¢! = g7 = 1/4q;) that P(A) < y and P(A$) < y as long as the weak
balancing property and

12 A- (log (sy_l) + l) -log (ﬁKM) ,
127 (log(sy™") +1) - log (VsKM),

are satisfied, where K = max; ¢y, (Ny — Nx_1)/my,

—N
A= 112,%{ k-l (ZKNM(/C 1))} (7.73)

(7.72)

Nk - Nk—l ~
T = max — — 1) - unmk, D) - 5, (7.74)
1<I<r p my
and where §; 4+ -+ -+ 5, < 51+ ---+ s, and §; < Si(sy, ..., s,). However, clearly,

(7.14) and (7.15) imply (7.72). Also, Proposition 7.11 yields that P(B{) < y and
P(B5) < y as long as the weak balancing property and

1> A-log <§(M—s)), 1>7 - log (;(M—s)), (1.75)

are satisfied. However, again, (7.14) and (7.15) imply (7.75). Finally, it remains
to bound P(BY). First note that by Theorem 7.8, we may deduce that

1 1
P (||PAU* (q—PQI @ P q—Pg,> UPy — Pall > 1/4,> <v/2,
1 r
when the weak balancing property and
12 A-(log(y™'s)+1) (7.76)
holds and (7.14) implies (7.76).
For the second part of B3, we may deduce from Proposition 7.13 that

>ﬁ> z

]P’( max H (ql 1/ZPQ1 & - eaq*m r) Ue;

ieAN|l,...,
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whenever

oM Ny — Ne_
1zlog<—)-max {<$—1>-MN,M(1@1)}, I=1,....r
y 1<k<r my

(7.77)
which is true whenever (7.14) holds. Indeed, recalling the definition of kx m(k, j)

and @ in Definition 7.2, observe that
P]{X{k—l U” Hoo > /M(P]{]\f{k—l UP/%I—l)

(7.78)
for each I = 1,...,r which implies that Z;zl knm(k, j) = punm(k, 1), for
Il =1,...,r. Consequently, (7.77) follows from (7.14). Thus, P(B5) < y.

Step VI. The weak balancing property, (7.14) and (7.15) = P(B;) < y. To see
this, define the random variables X, ..., X,_, by

,
Neot 7 pMi-

max E HPNk“UPM]"nH > max
7)597”7]“00:1[_] oo 1€0,[Inllo=1

0 - i1
X] — wj+2 # a)j+1 (779)
I wjp=wji.
We immediately observe that
P(B;) =P(low,| <v) =P(X; 4+ -+ Xy2 > u —v). (7.80)

However, the random variables X, ..., X, , are not independent, and we
therefore cannot directly apply the standard Chernoff bound. In particular, we
must adapt the setup slightly. Note that

PX i+ -+ X,2>u—v)
(u:Z
< Z P(Xn(z). =1, Xn(l)z =1,..., Xn(l)u,v =1
=1

G
=Y PKewo =1 Xeay = Lo s Xay s = 1)
=1
X IP(XTT(I)I = 1, ey X”(])u—v—l = 1)
(u:2

=Y PXaw, = 1 Xeay =1L X = D)

=1
XPXzw o = Xz =1, .. Xey = D - P(Xzy, = 1)
(7.81)
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where 7 : {1,...,(5:5)} — N“7" ranges over all (Z:i) ordered subsets of
{1,...,u — 2} of size u — v. Thus, if we can provide a bound P such that
P> P(Xﬂ(l)uﬂvq =1 XT[([)I =1..., Xﬂﬂ)u—u—(,/ﬂ) =1, (7.82)
P2 PXzq, =1
-2
[ = 1,...,(” ) =0, u—v-2,
u—v
then, by (7.81),
u—2 .
PX;+ -+ X, 0>u—v) < P, (7.83)
u—v

We continue assuming that (7.82) is true, and then return to this inequality below.

Let {X k}z;f be independent binary variables taking values O and 1, such that
X, = 1 with probability P. Then, by Lemma 7.14, (7.83) and (7.80) it follows
that

(7.84)

POB) < P (%, 4+ 4 Kur > ) (M) ”

u—7v

Then, by the standard Chernoff bound [65, Theorem 2.1, equation 2], it follows
that, for ¢ > 0,

PR+ 4 Ko > =D+ P)) < e, (7.85)

Hence, if welett = (u — v)/(u — 2) — P, it follows from (7.84) and (7.85) that
]P)(BZ) < e72(1472)t2+(u7v)(log((u72)/(u7v))+l) < 672(u72)t2+u72.
Thus, by choosing P = 1/4 we get that P(B]) < y whenever u > x and x is the
largest root satisfying
x—2

x—v 1
_ ~ ) -2y _ 2T
(x —u) (u — 4) ogly ) ——5 0,

and this yields u > 8[3v + log(y ~'/?)] which is satisfied by the choice of u in
(7.62). Thus, we would have been done with Step VI if we could verify (7.82)
with P = 1/4, and this is the theme in the following claim.

Claim. The weak balancing property, (7.14) and (7.15) = (7.82) with P = 1/4.
To prove the claim we first observe that X ; = 0 when

1 1 1
H(PA — P,U” <—,»PQ;' @"‘@—iprz;) UPA) Zia|| < 50Zicallie
qi q 2

r

[
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1
< 108, (4K M/ Zi- .

where we recall from (7.63) that

1 1
Py P,y U* (EPQ{ S---D EPQ;') UPsZ;—y
i

r

[

i=j+2,

=q, 1<k<r

=

G=qi=""=q

Thus, by choosing ¥ = 1/8 in (7.48) in Proposition 7.12 and y = 1/8 in (i) in
Proposition 7.11, it follows that }‘ >P(X;=1),forj=1,...,u —2, when the
weak balancing property is satisfied and

logBs)+ D' 2 g Y kwmk. ), 1<k<r (7.86)
=1

r

(log8s)+ ™' > (Z (@' = 1) umk, D) sk) 1<Ii<r, (71.87)

k=1

as well as

log, AKM/s) _ .., +
PR MINVIY) S st k), 1<k< 7.88
og (20 — 5y = ;KN,M( ) r (7.88)

log, 4K M\/5) —~ N
1%6MM—W“<Z¥% )-pnuleD) 5 ). L<i<r (789

with K = max;¢<,(Ny — N¢_1)/my. Thus, to prove the claim we must
demonstrate that (7.14) and (7.15) = (7.86), (7.87), (7.88) and (7.89). We split
this into two stages:

Stage 1. (7.15) = (7.89) and (7.87). To show the assertion we must demonstrate
that if, for 1 <k <r,

my 2 (log(se™") + 1) - iy - log (K M/s) (7.90)

where m; satisfies

"\ [Ny — N
123 (1) pamk. D -5 I=1.....n, (7.91)
k=1 My ’

we get (7.89) and (7.87). To see this, note that by (7.61) we have that

G+ -4 =>q 1<k<r (7.92)
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so since g; = g = 1qx, and by (7.92), (7.90) and the choice of u in (7.62), it
follows that

~ m

2(8(Tlog(y ™) +3[log, BKMV/H)1) — G > g = ————

Ny — Ny

~

> Cm—(log(se "+ 1) log (KMV/s)
Nk Nk 1

A

> C#(]og(s) + 1) (log (K M/5) + log(e ™)),

for some constant C (recall that we havs: assumed that log(s) > 1). And this gives
(by recalliAng that y = €/6) that g > C (1 /(Ny — Ni_1))(log(s) + 1), for some
constant C. Thus, (7.15) implies that for 1 </ < r,

r

N, — Ny_ 1 -
12 (log(s)+ 1) (Z (mk(log(s) D Tog(s) + 1) - unmk, D) 'Sk>

k=1

Z (log () + 1) (Z @' = 1) sk, D -§k) :

k=1

and this implies (7.89) and (7.87), given an appropriate choice of the constant C.
Stage 2. (7.14) = (7.88) and (7.86). To show the assertion we must demonstrate
that if, for 1 <k < r,

1> (log(se™) + 1) - N" ‘ <ZKNM(]€ l)) log (KMA/s), (1.93)

we obtain (7.88) and (7.86). To see this, note that by arguing as above via the fact
that g} = gf = ;qx, and by (7.92), (7.93) and the choice of u in (7.62) we have
that
1 ~ my
2(8(Mlog(y ™) + 3[log, BKMV/5)1) = 2k > g = ———
Ny — Ny

C- <Z ik, 1)) - (log(se™) + 1) - log (K M/5)
=1

C- (Z ienm(k, 1)) - (log(s) + 1) (log(e™") + log (K M/5)) .

for some constant C. Thus, we have that for some appropriately chosen constant
C, g > C - (log(s) + 1) - Y, knmk, ). So, (7.88) and (7.86) holds given
an appropriately chosen C. This yields the last puzzle of the proof, and we are
done. O
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Proof of Proposition 7.4. The proof is very close to the proof of Proposition 7.3
and we simply point out the differences. The strategy of the proof is to show the
validity of (i) and (ii), and the existence of a p € ran(U*(Pq, ® - - - @ Pg)) that
satisfies (iii)—(v) in Proposition 7.1 with probability exceeding 1 — €.

Step 1. The construction of p: the construction is almost identical to the
construction in the proof of Proposition 7.3, except that

u=38log(y ") +3v], v= |'log2(8K]\~4\/§)'|, (7.94)
o = = 2log,*4KMVs) ™", o =1/2, 3<i<u,

as well as
B =B = 411, Bi = :—110g2(4KM«/§), 3<i<u,

and (7.66) gets changed to

1 1
w;_ U {l} if H (PA — PAU* <_1P9i o---D —P_Q;) UPA> Zi_1
q91 ;

r

]©

LAl Pa,Zii s
1 1
PXU* (—I.Pgi‘ D---D —.P.Q;) UPLZ;_,
UR ;

!
< BillZi—i i,
wi_1 otherwise,

w; =
! and ‘

]©

the events B;, i = 1,2 in (7.67) get replaced by

B : <BlZiollie, i=1,2,

1 1
‘PjU* (—iPQ{ @B —iPQ,;) UPsZ;
q, q

r

Joo

and the second part of B; becomes

max
ieA

’(qupm Q- D qr_l/zPQ,) Ue,“ < ./3/4.

Step II. Bs = (i), (if). This step is identical to Step II in the proof of
Proposition 7.3.
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Step Ill. Bs = (iii), (iv). Equation (7.69) gets changed to

v

1Pspli <D

i=1

v v i—1
<Y Bei Zeampllie <Y Bey [ [ i
i=1 i=1 j=1

1
PjU*< 5 Poro @+ ® — m)) UPAZ. i
q,

r o0

M los@ RS
T4 2log)*(a)  2*1og,(a) -1 ) S
a= 41\~4K\/§.

Step 1V. Bs = (v). This step is identical to Step IV in the proof of
Proposition 7.3.

_Step V. The strong balancing property, (7.18) and (7.19) = P(AT U A3 U
BC U BC U Bf) < 5y. We start by boundlng ]P(B ) and IP’(B”) Note that by
Proposition 7.11(ii) it follows that IP’(BC) < y and IP(B ) < y as long as the
strong balancing property is satisfied and

1> A-log (;(é—s)>, 1>7 -log (;(é—s)>, (7.95)

where 8 = 0({gi}i_,, 1/8, {N}i_,, s, M) for i = 1,2 and where @ is defined in
Proposition 7.11(ii) and A and 7 are defined in (7.73) and (7.74). Note that it is
easy to see that we have

jeN: max
ncfl,..M}, |I|=s
Fzij{N/;]#»l ..... Nj}. j=1,..., r

I PRU*((g) ' Pry, @ - ® (¢) ' Pry,)Uej|l > WH <M,

where 3
M =min{i e N: max | PyU Pyl < 1/(K324/5)},
J=t

and this follows from the choice in (7.63) where ¢! = ¢ = iqk forl <k <r.

Thus, it immediately follows that (7.18) and (7.19) imply (7.95). To bound P(BS),
we first deduce as in Step V of the proof of Proposition 7.3 that

“(
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when the strong balancing property and (7.18) holds. For the second part of B,
we know from the choice of M that
\F
<L) =
4

- V57) < .

max | (4" Po, @+ @ g, Py, ) Ue

i>M

and we may deduce from Proposition 7.13 that

IP’( max H (q1 l/ngl @ Dq Py ) Ue,

ieAcn{l

whenever

2M N¢ — Ny_
12log| — -max{(ﬁ—l) MN,M(k,l)}, I=1,...,r—1, o0,
y 1<k<r nmy

which is true whenever (7.18) holds, since by a similar argument to (7.78),

r—1
ixm(k, 00) + Y kwmk, j) = pamk, D, I=1,...,r —1,00.

j=1

Thus, P(B5) < y. As for bounding P(A{) and P(A$), observe that by the strong
balancing property M > M, thus this is done exactly as in Step V of the proof of
Proposition 7.3.

Step VI. The strong balancing property, (7.18) and (7.19) = P(B;) < y. To
see this, define the random variables X, ..., X,_, as in (7.79). Let = be defined
as in Step VI of the proof of Proposition 7.3. Then it suffices to show that (7.18)
and (7.19) imply that for/ =1, ... (Z 2) and j =0,...,u —v — 2, we have

ZPXotyo; = U Xy = 1, ooy Xauea oy = D (7.96)
S .

P(Xqy, = 1).

ENTSRFNT

Claim. The strong balancing property, (7.18) and (7.19) = (7.96). To prove the
claim we first observe that X; = 0 when

1 1
1 r

1yr* 1 1 1 ~
PyU ?&wan@;%iU&ZH gZMMMM¢Mmqm,
1

1
< EHZi—l [l

Joo

r [

i=j+2.
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Thus, by again recalling from (7.63) that ¢} = ¢/ = -~ =g =g, 1 <k <r,
and by choosing y = 1/4 in (7.48) in Proposition 7.12 and y = 1/4 in (ii)
in Proposition 7.11, we conclude that (7.96) follows when the strong balancing
property is satisfied as well as (7.86) and (7.87). and

~ r—1
10g2(4K~M‘/E) > G- g (Z knm(k, D) + knm(k, OO)) ) (1.97)
log (16(M — s)) I=1

10g2(4K~M«/§) >C,- <Z @G 1) sk, D) .§k) , (7.98)
log (16(M - s)) s

where k = 1,...,rand !/ =1,...,r — 1,00 and for K = max;g<,(Ny —
Ny_1)/my. for some constants C; and C,. Thus, to prove the claim we must
demonstrate that (7.18) and (7.19) = (7.86), (7.87), (7.97) and (7.98). This is
done by repeating Stage 1 and Stage 2 in Step VI of the proof of Proposition 7.3
almost verbatim, except replacing M by M. O

7.4. Proofs of Theorem 6.2 and Proposition 6.4. Throughout this section,
we use the notation

f& = / fx)e ™ dx, (7.99)
R
to denote the Fourier transform of a function f € L'(R).

7.4.1. Setup. We first introduce the wavelet sparsity and Fourier sampling bases
that we consider, and in particular, their orderings. Consider an orthonormal basis
of compactly supported wavelets with an MRA [27, 28]. For simplicity, suppose
that supp(¥) = supp(®) = [0, a] for some a > 1, where ¥ and @ are the mother
wavelet and scaling function respectively. For later use, we recall the following
three properties of any such wavelet basis:

(1) There exista > 1, Cy and C¢ > 0, such that

@) < o)<t @00

1+ Iél)“’ (I + 18D
See [28, Equation (7.1.4)]. We denote max{Cy, Co} by Cqo .

(2) ¥ has v > 1 vanishing moments and lI/(z) = (—iz)"0y () for some bounded
function 0y (see [64, pages 208 and 284]).

3) 1Dl oes 1P ||~ < 1
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REMARK 7.15. The three properties above are based on the standard setup for
an MRA, however, we also consider a stronger assumption on the decay of the
Fourier transform of derivatives of the scaling function and the mother wavelet.
In particular, in addition, we sometimes assume that for C > O and o« > 1.5,

C

PPEETAIVE ) §€R’k:071727
1+ 15D

(7.101)
where @® and ¥® denotes the kth derivative of the Fourier transform of & and
¥ respectively. As is evident from Theorem 6.2, the faster decay, the closer the
relationship between N and M in the balancing property gets to linear. Also, faster
decay and more vanishing moments yield a closer to block-diagonal structure of
the matrix U.

69®)| <

We now wish to construct a wavelet basis for the compact interval [0, a]. The
most standard approach is to consider the following collection of functions

Ay ={ P, )i o supp(Pp)’ N[0, a] # B, supp(¥;)° N[0, al # 9,
jel, kel

where @, = @ (- — k), and ¥, = 2//2W (2/ - —k). (the notation K° denotes the
interior of a set K € R). This gives

{f € L’(R) : supp(f) C [0,al} € span{p : ¢ € A,}
C {f e L’(R) : supp(f) € [-T, Tal},

where Ty, T, > 0 are such that [—T}, T>] contains the support of all functions in
A,. Note that the inclusions may be proper (but not always, as is the case with the
Haar wavelet). It is easy to see that

e + £ <0, a< i

2 2

D¢ N, a+k<0, ac<k,

Vi ¢ Ay =

and therefore
Ay ={®y k| =0,....[al - U, :je€Z kel —[a]l <k <2al}.
We order A, in increasing order of wavelet resolution as follows:

{®*[d‘|+l! ceey ®7l’ ¢01 @17 ceey ¢"(l—\71’

(7.102)
lp(),—[a]-ﬁ—la ey lI/(‘J,—la II/O,O? lIlo,la ey lpO,]’a]—l’ lpl.—’—(l-‘+l7 . '}7
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and then we finally denote the functions according to this ordering by {¢;} jen. By
the definition of A,, we let 7| = [a] — 1 and T, = 2[a] — 1. Finally, for R € N,
let Ag , contain all wavelets in A, with resolution less than R, so that

Apa={pe A=V, 0<j <R, orp=d}. (7.103)
We also denote the size of Ag, by Wg. Itis easy to verify that
Wg =2%[al 4+ (R + 1)([a] — 1). (7.104)

Having constructed an orthonormal wavelet system for [0,a], we now
introduce the appropriate Fourier sampling basis. We must sample at a rate
that is at least that of the Nyquist rate. Hence we let o < 1/(T} + T) be the
sampling density (note that 1/(T; + T,) is the Nyquist criterion for functions
supported on [—T}, T,]). For simplicity, we assume throughout that

we 0, 1/(T1+T)), o'eN, (7.105)

and remark that this assumption is an artefact of our proofs and is not necessary
in practice. The Fourier sampling vectors are now defined as follows.

V() = Voe I @y emenn @), J € L. (7.106)

This gives an orthonormal sampling basis for the space { f € L*(R) : supp(f) C
[Ty, T»]}. Since A, is an orthonormal system for this space, it follows that the
infinite matrix

Uy Upp Uz - -

Upy Uy U3 - -+

U= usy uzpp uszz - |0 Ui = (@, Vi), (7.107)

is an isometry, where {¢;} ;cn represents the wavelets ordered according to (7.102)
and {1} ;) jen is the standard ordering of the Fourier basis (7.106) over N (1}] = Y,
1/72,, = ¢, and 1/72n+ 1 = ¥_,). With slight abuse of notation it is this ordering that
we are using in Theorem 6.2.

7.4.2. Some preliminary estimates. Throughout this section, we assume the
setup and notation introduced above.

THEOREM 7.16. Let U be the matrix of the Fourier/wavelets pair introduced in
(7.107) with sampling density w as in (7.105). Suppose that ® and ¥ satisfy the
decay estimate (7.100) with « > 1 and that ¥ has v > 1 vanishing moments.
Then the following holds.
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(i) We have u(U) > w
(ii)) We have that

Cou
PiU) < . , NeN,
WPy U) aNQa — (1 4+ 1/Qa — 1))

WU PEH) < W2 4“’15“1, N > 2[a] +2([a] — 1),

and consequently u(PyU), w(U Py) = O (N7').

(iii) If the wavelet and scaling function satisfy the decay estimate (7.100) with
a > 1/2, then, for R and N such that ©='28 < N and M = \AR,a| (recall

the definition of Ay, from (7.103)),

2

C
WPFU Py) < — 2 QFINTH T INTL
W™~

(iv) If the wavelet has v > 1 vanishing moments, ~'28 > N and M = |AR,a|
with R > 1, then

o [(rToN\"
u(PNUngz—R-( o7 ) 6wl

where Oy is the function such that W (z) = (—iz)"0u (2) (see above).

2
Proof. Note that u(U) > [(@, wo)l2 = w , moreover, it is known that

43(0) = 1[51, Ch. 2, Theorem 1.7]. Thus, (i) follows.

To show (ii), let R € N, —[a] < j < 2%[a] and k € Z. Then, by the
choice of j, we have that ¥y ; is supported on [—Ti, T5]. Also, ¥ (x) =
Jwe ket o T). T+ (X). Thus, since by (7.105) we have
w € (0, 1/(T) + T»)), it follows that

T /(o(Ti+T12))

(Wrj» i) = Vo Wy (x)e2m ok

=T /(o(T1+12))

2k 5ot
= Vb (-2rel) = || <%> 12" | (7.108)

Also, similarly, it follows that

I/ (o(Ti+12))

(@, Y1) = Vo @;(x)e¥ M dx = Jod; (—2mkw)

=T/ (o(T1+12))

= Jo® (—2rkw) 7N (7.109)
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Thus, the decay estimate in (7.100) yields

. (=27 wk\ *
v R s

2 2
w Cqb v w ch.w

u(PyU) < sup max (g, yi)|*

k| =N/2 $€4a

kI>N/2 ReZy 2R

w
= max sSup max —
kI>N/2

. 2
w sup ‘GD (—27ra)k)‘ }

< max R 5 < max Py R
[KI>N/2 ReZ+ 22 (1 + 2w wk2-R)™ " ReZ: 2R (1 4+ |mw N2-R])™

The function f(x) = x~'(1+mwN/x)"** on[1, co) satisfies f'(mwN (2a—1)) =
0. Hence
Ciu

1
w(PyU) < N Qa — (1 +1/Qa — 1)>’

which gives the first part of (ii). For the second part, we first recall the definition
of Wy for R € N from (7.104). Then, given any N € N such that N > W, =
2[a] + 2([a] — 1), let R be such that Wz < N < Wg,,. Then, for eachn > N,
there exists some j > R and [ € Z such that the n'" element via the ordering
(7.102) is ¢, = ¥, (note that we only need ¥;, here and not @; as we have
chosen N > W)). Hence, by using (7.108),

(UPL) = @ Y = © |4 (Z2mok\[
R ) = s maxl (e VO = magmax ;|9 (=
wla]

s @ 22
<||‘1/||Loo2—R<4||‘1’||L»c N

where the last line follows because N < Wg,; = 281[a] + (R +2)([a] — 1)
implies that

2% < (2fal + (R +2)(Ta] — 127 < 2T

This concludes the proof of (ii).
To show (iii), let R and N be such that = '28F < N and M = ’AR,a|. Observe
that (7.108) and (7.109) together with the decay estimate in (7.100) yield

w(PyUPy,) < max max |(@, ¥)|*

|k|ZN/2 p€ARa
“ <—2nwk> 2
v -
2J
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w C<21>t1/ ngf 27—l
< max max 2<axmax22 3
[kI=N/2 1<R 2 (1 4+ 2w wk2-7 )™ “k=N/2 j<R m2*@*~! (2k)>
Cou
_ , R—1pr—1\20—1 p7—1
T2 gy20—1 2 N N,

and this colludes the proof of (iii).

To show (iv), first note that because R > 1, foralln > W, ¢, = ¥, ; for some
Jj =2 0 and k € Z. Then, recalling the properties of Daubechies wavelets with v
vanishing moments, and by using (7.108) we get that

(PyUPy) = (o VP @ | (Z2ek) |
sk T ey e vl = = TER ienn 27 2/
o (ToN\" )
< 2_R . IR : ”9lI/”Loc’
as required. 0

COROLLARY 7.17. Let N and M be as in Theorem 6.2 and recall the definition
of unm(k, j) in (4.3). Suppose that @ and ¥ satisfy the decay estimate (7.100)
witha > 1 and that ¥ has v > 1 vanishing moments. Then,

Vo N \* i >k+1
SN2k \2Ro ) I EETE

IR a—1/2
( ) j <k—1,0.110)

fork =22, punmk,j) < Boy -

N
1
=k,
N1 /
Ne '
Vo <;°k> k<r—1,
ork =22, puxm(k,00) < Boy - VN 28 (7.111)
’ ’ 1
N k=r,
r—1
ﬂ (CL)N[)U
(1, j) < Bow - | ks \2tk ) 7% (7.112)
1 i=1,
w oN;\"’
MN,M(l,oo)ng.\/\z/R;].(er']), (7.113)

where By y is a constant which depends only on @ and ¥ and Ry, = 0.
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Proof. Throughout this proof, Bg y is a constant which depends only on @ and
Y, although its value may change from instance to instance. Note that

< Bou NPT UPYT, k22 j el r) (T114)

since we have /,L(Pﬁkil U)< Boy N,;_ll by (ii) of Theorem 7.16. Also, clearly

pxon(L, ) = \J(PROUPY) - w(PYU) < Bow Ju(PYU P, (1115)

for j € {1,...,r}. Thus, for k > 2, it follows that uxm(k, k) < ;L(Pﬁk_]U) <
By w(1/Ny_1), yielding the last part of (7.110). Also, the last part of (7.112) is
clear from (7.115).

As for the middle part of (7.110), note that for k > 2, and with j < k — 1, we
may use (iii) of Theorem 7.16 to obtain

; 1 2R\
ph-rg pliny < \/ PL UPy) < Boy - ,
\/:u( Nk M; ) u( Ni1 M‘,) o m oN,_,
and thus, in combination with (7.114), we obtain the j < k — 1 part of (7.110).
Observe thatif k € {1,...,r} and j > k + 1, then by applying (iv) of Theorem
7.16, we obtain

_ M / Jo oN\"
\/:U“(P}C:{ IUPij 1) < M(PN/{UPA#,-fl) < Bpy- \/ﬁ . <2R,‘1> . (7.116)

Thus, by combining (7.116) with (7.114), we obtain the j > k + 1 part of (7.110).
Also, by combining (7.116) with (7.114) we get the j > 2 part of (7.112). Finally,
recall that

uxan(k, 00) = \[u(PEUPE ) - (P U)

and similarly to the above, (7.111) and (7.113) are direct consequences of parts
(i1) and (iv) of Theorem 7.16. O

The following lemmas inform us of the range of Fourier samples required for
accurate reconstruction of wavelet coefficients. Specifically, Lemma 7.18 will
provide a quantitative understanding of the balancing property, whilst Lemma
7.19 and Lemma 7.20 will be used in bounding the relative sparsity terms.
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LEMMA 7.18 [67, Corollary 5.4]. Consider the setup in Section 7.4.1. Let
the sampling density @ be such that ™' € N and suppose that there exists
Cp,Cy > 0anda > 1.5 such that

69@)| < b@)| <t feR k=012

I+ ISI)" (I + 18D

Then given y € (0, 1), we have that || P,y U* PyU Py — Pylljoo 10 < Yy Wherever
N > Cy~Y®=Y M and “ P:U*PyU Py ”100»100 < y wherever N > Cy V@b pm
where C is some constant independent of N but dependent on Cy, Cy and w.

LEMMA 7.19 [67, Lemma 5.1]. Let ¢, denote the kth wavelet via the ordering
in (7.102). Let R € N and M < Wy be such that {¢; : j < M} C Agg,,
where Wy and A, are defined in (7.104) and (7.103), respectively. Also, let
the sampling density w be such that w~' € N. Then for any y € (0, 1), we have
that H PﬁUPM || < y, whenever N is such that

2 1/2a—1
Ve ((z > 4(2; 1)) 2
T o, o —

and Cg is a constant depending on ®.

LEMMA 7.20. Let @ denote the k'" wavelet the ordering in (7.102). Let R;, R, €
N with R, > Ry, and M, M, € N with M, > M, be such that

{(/)] : M2 2 j > Ml} C ARz,a \ARl,aa
where Ay, , is defined in (7.103). Then for any y € (0, 1)

1 — 220(Ri—Ro)

2
| PvU Py | < —||9w||m Q)=

whenever N is such that N < yw~ 2%,

Proof. Let n € I>(N) be such that ||| = 1. Note that, by the definition of U in
(7.107), it follows that

2
<Y ,

[kISN/2

IPNU Pyl <)

[kISN/2

Ry—1 2
<¢'k, > 77p<z,,/>‘1’1,.i>

I=R, jeA

M
<‘ﬁk, Z '7_/<P_i>

j=M;+1

where we have defined

A =1{jel: Vi € At \Aral, p iU, A)lien = NN {1, ..., [A4l}
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to be the bijection such that ¢, ;) = ¥ ;. Now, observe that we may argue as in
the proof of Theorem 7.16 and use (7.108) to deduce that given [ € N, —[a] <
j < 2'[a] and k € Z, we have that (¥ ;, ) = /2 (—Q2rwk/2))e> @ik,
Hence, it follows that

Ra—1 2
> <¢k, > 77p<1,j>‘1’l,j>

[KI<N/2 =R, jeA;
2
Ry—1
_ — 5 Zna)k iwjk/2!
= f Mot ¥ 7 e
[k|<N/2 [I=R; JEA

which again gives us that

2 Jo . ank 0 @k
IPNU Py nl* < Z P14 s
’ [k|<N/2 | 1=R, \/_ 21
Ry—1 Ry—1 2
<> ¥ (-5 ) 2 (%)
1
[k|<N/2 I=R; I=R, ﬁ 2
Ry—1 2 Ro—1 2
2w wk
[1]
< Z \k|<N/2 <_ 21 ) ’ Z Z f ( ) ’
I=R, I=R, |k\<N/2

(7.117)

where f(z) = 3., noa.pe™¥. Let H = 0, and, for/ € N, —[a] < j <
2/Tal, define H,; = 2'/?H(2' - —j). By the choice of j, we have that H, ; is
supported on [—T7, T,]. Also, since by (7.105) we have w € (0, 1/(T, + T,)), we
may argue as in (7.108) and find that (H, ;, ¥) = w/2'H (—27kw/2") emioki/2

Thus,
—2rkw -
<Z Noa.iyHijs Kl’k> =\ Z Mo(.j) < ) SN (7.118)

JEA; JjeA;

It is straightforward to show that inf},< H (x)| 2/m, and since N < 2% /w,
for each I > Ry, it follows directly from (7.118) and the definition of f! that

2 -1
Z 5 f[”( > g(}cirifn I:I(x)‘z) Z <Z77p(1,j>Hl,j’W>

[kISN/2 [KISN/2 1\ jed

2 2
— 122 moanH

Jed

2

2
<Zppal
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Hence, we immediately get that

Ry—1 2R21 2 7.[.2
> X (S <% Sl <Twr <. aao)
/Rl\k|<N/2 =R

Also, since ¥ has v vanishing moments, we have that @(z) = (—iz)"0y (z) for
some bounded L* function 6y . Thus, since N < y - 2% /w, we have

i 2rwk\|*  n? pei 2
max |& < —16e|?w 2ry2Ri)™
=R, =R,

2 , , _ D2u(Ri—Ry)
< Q)00 12—
R

Thus, by applying (7.117), (7.118) and (7.119), it follows that
— D2(RI—Ry)

2
T
IPNU PRI < T 100 e - ) .

and we have proved the desired estimate. O

7.4.3.  The proofs.

Proof of Theorem 6.2. In this proof, we let By ¢ be some constant which depends
only on @ and ¥, although its value may change from instance to instance. The
assertions of the theorem will follow if we can show that the conditions in
Theorem 5.3 are satisfied. We begin with condition (i). First observe that since U
is an isometry we have that || Py U* PyU Py — Py lli = || PuU* Pt U Pyl <
VM| PiUPy| and [|PEU*PNUPylxore = [IPU*PyU Pyl <
VM || PyUPy || So N, K satisfy the strong balancing property with respect
toU, M and s if

| PUPy| < L (Mlog,(4K M/5)) 2.

In the case of o > 1, by applying Lemma 7.19 with

y =1 (Mlog, 4Kk M) ",

it follows that N, K satisfy the strong balancing property with respectto U, M, s
whenever

R+1 1 —1/2 —(2/(2a—1))
N> Coo 2" (1 (M log, 4K M/5) ") ,
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where R is the smallest integer such that M < Wy (where Wy is defined in
(7.104)) and C, ¢ is a constant which depends only on the Fourier decay of @
and w. By the choice of R, we have that M = O (2*) since Wz = O (2) by
(7.104). Thus, the strong balancing property holds provided that

N 2 M1+1/(2a—1) . (10g2(4MK\/E))1/(2a_1)

where the constant involved depends only on @ and the Fourier decay of .
Furthermore, if (7.101) holds, then a direct application of Lemma 7.18 gives that
N, K satisfy the strong balancing property with respect to U, M, s whenever
N > M - (log, 4K M /5))"" 7. So, condition (i) of Theorem 6.2 implies
condition (i) of Theorem 5.3.

To show that (ii) in Theorem 5.3 is satisfied, we need to demonstrate that

1> Ne= Nt log(e ') - (Z unmk, ) -s,) -log (KMJE) ,  (7.120)
=1

ny

(with un m(k, r) replaced by un m(k, 00), and also recall that Ny = 0) and
mi 2 i Tog(e™) -log (K M5
rUN - N (7.121)
1> <$ 1>.,LN,M(k,1).§k, Vi=1,...,r,
k=1 M

where

M= mm{zeN max || PxUel < 1/(321{[)} (7.122)

We first consider (7.120). By applying the bounds (7.110) and (7.111) on the local
coherences derived in Corollary 7.17, we have that (7.120) is implied by

- = Ri- \ @12 5

w2 (S ( ) ¢

(Ne = Ni—) oY Z: Ny \wN Ny
CL)Nk

]Xk-i:-l W (ZR""1

)”) -log(e™") - log (KMJE) ,

(7.123)
where k =2,...,r,and
my Jo oN " -1 ~
N2 > Bow - (sl +Z «/W <2R,‘1> ) -log(e™") - log (KMﬁ).
(7.124)
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To obtain a bound on the value of M in (7.122), observe that by Lemma 7.20,
|| PNUP{]-}” < 1/(32K./s) whenever j = |AM| = O(2’) such that 27 >
(32K \/$)"/" - N - . Thus, M < [(32K\/5)"/" - N - w], and by recalling that
N = 2%»~!, we have that (7.123) is implied by

- N,_
TR > By - log(e™!) - log ((K+/5)'T/°N)
Ny — Ny

>~

-1
_1/2\—(Ri—1—Rj— —(Ru
x( 5 - (za 1/2) (Ri—1=Rj-1) +5p + Sper -2 (Rk—Ri—1)/2
1

J
+ Z 5; - 2~ (Rj—1=Re-1)/2 2U(leRk))’ k>2, (7.125)
j=k+2
and when k = 1, (7.124) is implied by

% > By - log(e™") - log (K v/5)'*'/*N)
1

x (s1 + 2724 N .2—<RfI—Rk”/Z-z—v(Rf'—Rk)). (7.126)

j=k+2

However, the condition (6.1) obviously implies (7.125) and (7.124), hence we
have established that condition (6.1) implies (7.120). As for condition (7.121), we
first derive upper bounds for the s, values. Recall that according to Theorem 5.3
we have
gk < Sk (Na M7 S)
= max{|[ Py Unl” : Inll~ < 1, |supp(Py "' m)| = s, [ = 1,....7},
where Ny = M, = 0. Thus, we concentrate on bounding S;. First note that by a

direct rearrangement of terms in Lemma 7.19, for any y € (0, 1) and R € N such
that M < Wg, we have that || PﬁU Py || < y whenever N is such that

(YT
VZ\oN 20— 1 mo’

So forany L > 0, by letting y = /2/Qa — 1)-(Ce/7*)-L~*=D/2 if y € (0, 1),
then H PyUPy H < y provided that N > o' - L - 2%, Also, if y > 1, then
|P+UPy| < y is trivially true since ||[U|| = 1. Therefore, for k > 2 we have

that "
2 Cop 2R\
1
| Py, UPull < 20{_1.;.(2&_1) , I<k—1.
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Also, by Lemma 7.20, it follows that

28\
| P U Pl < @) - 100l - (W) LIk L

Consequently, fork =3,...,r

,
~ Ni— Ni— M;_
Vi< V/Se=max | PYS U< Y IR U P IV
1=1

k-2 a-1/2
2k
< qu,q/(Z«/S_z' (2Rk—1) SRVATIRE VAT VO
=1
r 2Rk v
+ Y (2RI1> )

1=k+2

where
M;_
= {77 : ”77”10Q g la |Supp(PM,l l77)| =S, = 17 --~ar}9

and for k = 1, 2 we have

V3 < B¢w(\/s,<_1+\/_+\/m4rz\/— (ZRH)U),

1=k+2
where we let 5o = 0. Hence, fork =3,...,r, A, =22 and A, = 2"
2
Bq>w<\/7+2«/_A(R"'R’)+Z\/_ A(R"R‘)) ,
I=k+2

where §; = max{si_1, Sk, St+1}. S0, by using the Cauchy—Schwarz inequality, we
obtain

k=2
B¢w<1+ZA (Re1=R) ZA (Rt~ R’f))
I=1

I=k+2
X (sk"‘zsl A(Rk1R1)+ZS A(Rthk)>
I=k+2
k—2
B(p-p Sk+zsl A(RA1R1)+ZS A(Rlle)
=1 I=k+2

and similarly, for k = 1, 2, it follows that §; < Bo v (Sc + D _j_i0 51 - A, K-17R0),
Finally, we use the above results to show that condition (6.1) implies (7.121):
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By our coherence estimates in (7.110), (7.112), (7.111) and (7.113), we see that
(7.121) holds if my 2 - (log(e™") + 1) -log ((K 4/5)'*'/*N)) and for each [ = 2,

ST
N, . ) oN "
> - .5 - .
(G 1) 5 (562)
-1 v
Ny — Ny - 1) wN;
E Al SR A )
+ ~ ( ,,;)lk ) Sk NkflzRFl (2R11>

r Nk _ Nk_1 . 1 2Rl—l a—1/2
—— 1) -5 ,  (7.127
" _2: ( un > N (CUNkl ( )

(where we with slight abuse of notation define

-1

_ Nk — Nkfl - w Cl)Nk v
—_— — 1 Sk N AR R =0
= my Nk—12 -1\ 2Ri-1

when !/ = 2),and for/ =1
N
12 B¢,w(<% - 1) 5
n;

r Nk 7 Nk71 ) ; 1 ( ; >al/2>
+ = — 1) 8- . (7.128)
Z < s © N 0N

k=2

Recalling that Ny = w~'2%, (7.127) becomes, for[ =2, ..., r,

1 z Boy - <(ﬂ — 1) . §_k DV (Ri—1=Ry)
m

1 Nk*l
-1 ~ ~
+ Z (Nk _ANk—l . 1> . Sk . 2—U(RI—I—RI<) + (Nl _ANl—l _ 1) . St
=1 my Ni—y m Ni-y
. Ny — Ny ) Sk ~12 —(Rkl—Rzl))
+ = ) (2 ,
k§1 < M Ni-1 ( )

and (7.128) becomes

N, 5 " [Ny — N 5 R
12Boyw-||——1) 5+ <A——1)-—-2‘“/2 )
i ((m] ) ] Z ny Ni—y ( )

k=I+1
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Observe thatfor/ =2, ...,r
-1 r
1_,_2271)(&717&) + Z (2a71/2)_(Rk*1_Rl*1) < Bow,
k=1 k=I+1

and that 1+, .| (2‘)“1/2)7(&’]) < Bg.y. Thus, (7.121) holds provided that for
eachk=2,...,r,

A Ny — Nior N ~
my 2 Bey - ——— -5, my 2 Bey-Ni-§,
Ni_
and combining with our estimates of 5;, we may deduce that (6.1) implies (7.121).
]
Proof of Proposition 6.4. If ||Pix|| = 0, there is nothing to prove, thus, we

assume that [|Pjx| # 0. Let f = 37, x;¢; and f = {fi};en, where f; =

(f, ¥;). Similarly, let ¢ = Z]]‘:l xjp; and ¢ = {g;};en, where &; = (g, ¥).
Let £2 be a multilevel sampling scheme as in Theorem 6.2, and define y =
Pof + z where z € ran(Pg) is a noise vector satisfying |z|| < 8. Now, let
71 = PoUP;x — y. Suppose for the moment that HPQUPJL H H Pjx H < 8, we
show this later. Then we have

lzill < 1PeUx — yll + || PoU Pyx|| < 8 + | PoU P} ||| Py || < 26.

Define y = Pog& — z; and apply Theorem 6.2 to g and the noise vector z;. Then,
since y = y we get that any minimizer & of

min [|]|; subject to || PoU Pyn — yl| < 28,
neC

satisfies 3 y
&= Pxll <C- (28 (1+ L v5) +om(®)

However, osm(g) < oxm(f) and || Pj x|l < oxm(f). Thus,
IE — x| <2C~(S- (1+L~J§)+US,M(f)),

where we have assumed without loss of generality that C > 1. So, to finish the
proof, we only need to show that || PoU P} || H Pjx || < 4. In fact, we show that
|| PyU Py H || Pix || < 8. To see the latter, by choosing R; = R and letting R, — 00
in Lemma 7.20, it follows that for any y € (0, 1)

2
| PyU P < ”ﬂewnm(zw)”ﬁ
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whenever N < y2Rw~!. Letting

S 1/v
y =Qn)"! ( )
| Pix|| - 10l o2

we get the desired bound when 2% > 27N - (| Pgx|l, - C.,p)/é))l/v, where
Cy' = 100l . O
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