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Abstract

We give an algorithm for ¢5 /{5 sparse recovery from Fourier measurements using O(k log V) sam-
ples, matching the lower bound of for non-adaptive algorithms up to constant factors for any
k < N'~9. The algorithm runs in O(N ) time. Our algorithm extends to higher dimensions, leading to
sample complexity of O4(k log N), which is optimal up to constant factors for any d = O(1). These are
the first sample optimal algorithms for these problems.

A preliminary experimental evaluation indicates that our algorithm has empirical sampling complex-
ity comparable to that of other recovery methods known in the literature, while providing strong provable
guarantees on the recovery quality.



1 Introduction

The Discrete Fourier Transform (DFT) is a mathematical notion that allows to represent a sampled signal or
function as a combination of discrete frequencies. It is a powerful tool used in many areas of science and
engineering. Its popularity stems from the fact that signals are typically easier to process and interpret when
represented in the frequency domain. As a result, DFT plays a key role in digital signal processing, image
processing, communications, partial differential equation solvers, etc. Many of these applications rely on
the fact that most of the Fourier coefficients of the signals are small or equal to zero, i.e., the signals are
(approximately) sparse. For example, sparsity provides the rationale underlying compression schemes for
audio, image and video signals, since keeping the top few coefficients often suffices to preserve most of the
signal energy.

An attractive property of sparse signals is that they can be acquired from only a small number of samples.
Reducing the sample complexity is highly desirable as it implies a reduction in signal acquisition time, mea-
surement overhead and/or communication cost. For example, one of the main goals in medical imaging is to
reduce the sample complexity in order to reduce the time the patient spends in the MRI machine [LDSPOS]],
or the radiation dose received [Sid11]]. Similarly in spectrum sensing, a lower average sampling rate enables
the fabrication of efficient analog to digital converters (ADCs) that can acquire very wideband multi-GHz
signals [YBL™12]. As a result, designing sampling schemes and the associated sparse recovery algorithms
has been a subject of extensive research in multiple areas, such as:

o Compressive sensing: The area of compressive sensing [Don06, ICT06], developed over the last
decade, studies the task of recovering (approximately) sparse signals from linear measurements.
Although several classes of linear measurements were studied, acquisition of sparse signals using
few Fourier measurements (or, equivalently, acquisition of Fourier-sparse signals using few signal
samples) has been one of the key problems studied in this area. In particular, the seminal work
of [[CTO06, RVOS|| has shown that one can recover /N-dimensional signals with at most k& Fourier co-
efficients using only k logo(l) N samples. The recovery algorithms are based on linear programming
and run in time polynomial in N. See [FR13] for an introduction to the area.

o Sparse Fourier Transform: A different line of research, with origins in computational complexity and
learning theory, has been focused on developing algorithms whose sample complexity and running
time bounds scale with the sparsity. Many such algorithms have been proposed in the literature,
including [GL89, KM91|, Man92, \GGI*02, [AGS03, [GMS03}, Twel0, [Akal0, [HIKP12b, [HIKP124,
LWC12, BCG"12, HAKI12, [PR13, [HKPV13| IKP14]]. These works show that, for a wide range of
signals, both the time complexity and the number of signal samples taken can be significantly sub-
linear in N.

The best known results obtained in both of those areas are summarized in the following table. For the
sake of uniformity we focus on algorithms that work for general signals and recover k-sparse approximations
satisfying the so-called /5 /¢ approximation guaranteelﬂ In this case, the goal of an algorithm is as follows:
given m samples of the Fourier transform Z of a signal zﬂ and the sparsity parameter k, output 2’ satisfying

lz =2l < € min |z —ylla, (D
k-sparse y

'Some of the algorithms [CT06| RVOS| [CGV12] can in fact be made deterministic, but at the cost of satisfying a somewhat
weaker {2 /{1 guarantee. Also, additional results that hold for exactly sparse signals are known, see e.g., [BCG™12] and references
therein.

Here and for the rest of this paper, we will consider the inverse discrete Fourier transform problem of estimating a sparse
from samples of Z. This leads to a simpler notation. Note that the the forward and inverse DFTs are equivalent modulo conjugation.



The algorithms are randomized and succeed with constant probability.

’ Reference ‘ Time ‘ Samples ‘ Approximation ‘ Signal model
[CT06, RVOS]]
[CGV12] N x m linear program O(klog3(k)log(N)) C=0(1) worst case
[CP10] N x m linear program O(klog N) C = (log N)°() worst case
[HIKP12a] O(klog(N)log(N/k)) O(klog(N)log(N/k)) any C' > 1 worst case
[GHI™13]] O(klog® N) O(klog N) C=0(1) average case,
k=0O(VN)
[PR14] O(NlogN) O(klog N) C=0(1) average case,
E=0O(N%),a<1
[IKP14] O(klog?(N)log®Mlog N) | O(klog(N)1log®M log N) any C' > 1 worst case
[DIPW10] Q(klog(N/k)) constant C' lower bound

Figure 1: Bounds for the algorithms that recover k-sparse Fourier approximations . All algorithms produce
an output satisfying Equation |1| with probability of success that is at least constant.

As evident from the table, none of the results obtained so far was able to guarantee sparse recovery from
the optimal number of samples, unless either the approximation factor was super-constant or the result held
for average-case signals. In fact, it was not even known whether there is an exponential time algorithm that
uses only O(klog N) samples in the worst case.

A second limitation, that applied to the sub-linear time algorithms in the last three rows in the table,
but not to compressive sensing algorithms in the first two rows of the table, is that those algorithms were
designed for one-dimensional signals. However, the sparsest signals often occur in applications involving
higher-dimensional DFTs, since they involve much larger signal lengths N. Although one can reduce, e.g.,
the two-dimensional DFT over p x ¢ grid to the one-dimensional DFT over a signal of length pq [GMSO05,
Iwel2]), the reduction applies only if p and ¢ are relatively prime. This excludes the most typical case of
m X m grids where m is a power of 2. The only prior algorithm that applies to general m x m grids,
due to [GMSO05]], has O(klog® N) sample and time complexity for a rather large value of c. If N is a
power of 2, a two-dimensional adaptation of the [HIKP12a] algorithm (outlined in [GHI™13]]) has roughly
O(klog® N) time and sample complexity, and an adaptation of [TKP14] has O(k log? N (loglog N)°M)
sample complexity.

Our results In this paper we give an algorithm that overcomes both of the aforementioned limitations.
Specifically, we present an algorithm for the sparse Fourier transform in any fixed dimension that uses only
O(klog N) samples of the signal. This is the first algorithm that matches the lower bound of [DIPW10], for
k up to N'~9 for any constant § > 0. The recovery algorithm runs in time O(N log®M N ).

In addition, we note that the algorithm is in fact quite simple. It is essentially a variant of an iterative
thresholding scheme, where the coordinates of the signal are updated sequentially in order to minimize
the difference between the current approximation and the underlying signal. In Section [/| we discuss a
preliminary experimental evaluation of this algorithm, which shows promising results.

The techniques introduced in this paper have already found applications. In particular, in a followup
paper [IK14], we give an algorithm that uses O(k log(NV) 10g®M log N ) samples of the signal and has the
running time of O (k1log®™M (V) 1og®") log N) for any constant d. This generalizes the result of [IKP14] to
any constant dimension, at the expense of somewhat larger runtime.



Our techniques The overall outline of our algorithms follows the framework of [GMSO0S, HIKP12a,
IKP14]], which adapt the methods of [CCEFCO02, IGLPS10] from arbitrary linear measurements to Fourier
ones. The idea is to take, multiple times, a set of B = O(k) linear measurements of the form

Uj = E S; 5

i:h(i)=j

for random hash functions A : [N] — [B] and random sign changes s; with |s;| = 1. This denotes hashing
to B buckets. With such ideal linear measurements, O(log(N/k)) hashes suffice for sparse recovery, giving
an O(klog(N/k)) sample complexity.

The sparse Fourier transform algorithms approximate « using linear combinations of Fourier samples.
Specifically, the coefficients of x are first pseudo-randomly permuted, by re-arranging the access to £ via a
random affine permutation. Then the coefficients are partitioned into buckets. This steps uses the*“filtering”
process that approximately partitions the range of x into intervals (or, in higher dimension, squares) with
N/ B coefficients each, and collapses each interval into one bucket. To minimize the number of samples
taken, the filtering process is approximate. In particular the coefficients contribute (‘“leak’”) to buckets other
than the one they are nominally mapped into, although that contribution is limited and controlled by the
quality of the filter. The details are described in Section E], see also [[HIKP12b] for further overview.

Overall, this probabilistic process ensures that most of the large coefficients are “isolated”, i.e., are
hashed to unique buckets, as well as that the contributions from the “tail” of the signal = to those buckets
is not much greater than the average; the tail of the signal is defined as Erry(z) = ming_gparse y || — y]|2-
This enables the algorithm to identify the positions of the large coefficients, as well as estimate their values,
producing a sparse estimate x of z. To improve this estimate, we repeat the process on x — x by subtracting
the influence of x during hashing. The repetition will yield a good sparse approximation x of x.

To achieve the optimal number of measurements, however, our algorithm departs from the above scheme
in a crucial way: the algorithm does not use fresh hash functions in every repetition. Instead, O(log N') hash
functions are chosen at the beginning of the process, such that each large coefficient is isolated by most of
those functions with high probability. The same hash functions are then used throughout the duration of
the algorithm. Note that each hash function requires a separate set of samples to construct the buckets, so
reusing the hash functions means that the number of samples does not grow with the number of iterations.
This enables us to achieve the optimal measurement bound.

At the same time reusing the hash functions creates a major difficulty: if the algorithm identifies a non-
existing large coefficient by mistake and adds it to , this coefficient will be present in the difference vector
x — x and will need to be corrected later. And unlike the earlier guarantee for the large coefficients of the
original signal x, we do not have any guarantees that large erroneous coefficients will be isolated by the
hash functions, since the positions of those coefficients are determined by those functions. Because of these
difficulties, almost all prior work either used a fresh set of measurements in each iteration (almost all
sparse Fourier transform algorithms fall into this category) or provided stronger deterministic guarantees for
the sampling pattern (such as the restricted isometry property [CT06]). However, the latter option required
a larger number of measurements to ensure the desired properties. Our algorithm circumvents this difficulty
by ensuring that no large coefficients are created erroneously. This is non-trivial, since the hashing process is
quite noisy (e.g, the bucketing process suffers from leakage). Our solution is to recover the large coefficients
in the decreasing order of their magnitude. Specifically, in each step, we recover coefficients with magnitude

3We are only aware of two exceptions: the algorithms of [GHIT 13| [PR13] (which were analyzed only for the easier case where
the large coefficients themselves were randomly distributed) and the analysis of iterative thresholding schemes due to [BLM12]
(which relied on the fact that the measurements were induced by Gaussian or Gaussian-like matrices).



that exceeds a specific threshold (that decreases exponentially). The process is designed to ensure that (i)
all coefficients above the threshold are recovered and (ii) all recovered coefficients have magnitudes close to
the threshold. In this way the set of locations of large coefficients stays fixed (or monotonically decreases)
over the duration of the algorithms, and we can ensure the isolation properties of those coefficients during
the initial choice of the hash functions.

Overall, our algorithm has two key properties (i) it is iterative, and therefore the values of the coefficients
estimated in one stage can be corrected in the second stage and (ii) does not require fresh hash functions
(and therefore new measurements) in each iteration. Property (ii) implies that the number of measurements
is determined by only a single (first) stage, and does not increase beyond that. Property (i) implies that the
bucketing and estimation process can be achieved using rather “crude” ﬁlterﬂ since the estimated values can
be corrected in the future stages. As a result each of the hash function require only O(k) samples; since we
use O(log N) hash functions, the O(klog N') bound follows. This stands in contrast with the algorithm of
[GMSO03] (which used crude filters of similar complexity but required new measurements per each iteration)
or [HIKP12a] (which used much stronger filters with O(klog N) sample complexity) or [IKP14] (which
used filters of varying quality and sample complexity). The advantage of our approach is amplified in higher
dimension, as the ratio of the number of samples required by the filter to the value k£ grows exponentially in
the dimension. Thus, our filters still require O(k) samples in any fixed dimension d, while for [HIKP12a,
IKP14] this bound increases to O(klog? N).

Organization We give definitions and basic results relevant to sparse recovery from Fourier measurements
in section 2] Filters that our algorithm uses are constructed in section [3] Section []states the algorithm and
provides intuition behind the analysis. The main lemmas of the analysis are proved in section 5] and full
analysis of the algorithm is provided in section[6] Results of an experimental evaluation are presented in
section[7} and ommitted proofs are given in Appendix[A]

2 Preliminaries

For a positive even integer a we will use the notation [a] = {—-5,-§+1,...,-1,0,1,...,§ —1}. We will
consider signals of length N = n¢, where n is a power of 2 and d > 1 is the dimension. We use the notation
w = e2™/™ for the root of unity of order n. The d-dimensional forward and inverse Fourier transforms are
given by

1 =T - 1 T .
i’jzizw_l Jx; and .%'jzizwz T3 2)
\/ﬁie[n}d \/Nie[n]d
respectively, where j € [n]¢. We will denote the forward Fourier transform by F and Note that we use

the orthonormal version of the Fourier transform. Thus, we have ||Z||2 = ||z||2 for all z € CV (Parseval’s
identity). We recover a signal z such that

lz =2l <(1+¢€ min [z -yl
k— sparse y

from samples of Z.
We will use pseudorandom spectrum permutations, which we now define. We write M 4,4 for the set of
d x d matrices over Z,, with odd determinant. For ¥ € Mgx4,q € [n]? and i € [n]? let Ty q(i) = X(i —q)

“In fact, our filters are only slightly more accurate than the filters introduced in [GMSO03]], and require the same number of
samples.



mod n. Since ¥ € M4, this is a permutation. Our algorithm will use 7 to hash heavy hitters into B
buckets, where we will choose B = k/e. It should be noted that unlike many sublinear time algorithms for
the problem, our algorithm does not use O(k) buckets with centers equispaced in the time domain. Instead,
we think of each point in time domain as having a bucket around it. This imporoves the dependence of the
number of samples on the dimension d. We will often omit the subscript 3, ¢ and simply write 7(¢) when
¥, q is fixed or clear from context. For 4,5 € [n]? we let 0;(5) = 7(j) — 7 (i) to be the “offset” of j € [n]¢
relative to i € [n]?. We will always have B = b?, where b is a power of 2.

Definition 2.1. Suppose that ¥~ exists mod n. For a,q € [n]?

AN A iTs
(Poaqt)i = Tyr_qw' ~L

we define the permutation Ps , 4 by

Lemma 2.2. F 1 (Ps q48)ny, i) = Tiw? >

The proof is similar to the proof of Claim B.3 in [GHI™13] and is given in Appendixfor completeness.
Define

Errg(z) = min ||z —y||o and p? = Erri(z)/k. (3)
k—sparse y

In this paper, we assume knowledge of w (a constant factor upper bound on p suffices). We also assume
that the signal to noise ration is bounded by a polynomial, namely that R* := ||x||o /st < n© for a constant
C > 0. We use the notation BS°(x) to denote the ¢, ball of radius r around x:

BX(z) = {y € n]?: ||z — ylloo <7},

where ||z — yY||oo = maxseq||Ts — ys||o, and ||xs — ys||o is the circular distance on Z,,. We will also use
the notation f < g to denote f = O(g).

3 Filter construction and properties

For an integer b > 0 a power of 2 let

gg:{ Sﬁi il <b/2 o

Let H* denote the F-fold convolution of H' with itself, so that supp HF C [—F - b, F - b|. Here and
below F is a parameter that we will choose to satisfy F' > 2d, ' = ©(d). The Fourier transform of H! is
the Dirichlet kernel (see e.g. [SS03]], page 37):

3 g Sl i)
—_— orj#0
| o (b—1)sin(mj/n)

id F in(w(b—1)j/n F . .
Thus, HJF = (b—% Z|i\<b/2wj> = (%) for j # 0, and HY = 1. Fori € [n]? let

G =] H, (5)

so that G; = ngl I—ii’fj and supp G C [—F - b, F - b]%. We will use the following simple properties of G-



Lemma 3.1. For any F' > 1 one has

1 Gop=1, and G; e[( 7, 1] for all j € [n]® such that ||j]|oc < 2

F
2 - d
2 1Gjl = (W) forall j & [n]
as long as b > 3.

The two properties imply that most of the mass of the filter is concentrated in a square of side O(n/b),
approximating the “ideal” filter (whose value would be equal to 1 for entries within the square and equal to
0 outside of it). The proof of the lemma is similar to the analysis of filters in [HIKP12b, IKP14] and is given
in Appendix [Al We will not use the lower bound on G given in the first claim of Lemma [3.1|for our O(N )
time algorithm in this paper. We state the Lemma in full form for later use in [[K14], where we present a
sublinear time algorithm.

The following property of pseudorandom permutations 7y, ; makes hashing using our filters effective
(i.e. allows us to bound noise in each bucket, see Lemma[3.3] see below):

Lemma 3.2. Leti,j € [n]d Let %) be uniformly random with odd determinant. Then for all t > 0
Pr{|[S(i — j)|loo < 1] < 2(2t/n)".

A somewhat incomplete proof of this lemma for the case d = 2 appeared as Lemma B.4 in [GHI"13].
We give a full proof for arbitrary d in Appendix [A]

We access the signal = via random samples of #, namely by computing the signal F~1((Pg 4,4%) - Q).
As Lemmabelow shows, this effectively “hashes”  into B = b? bins by convolving it with the filter G
constructed above. Since our algorithm runs in O(N ) as opposed to O(kz) time, we can afford to work with
bins around any location in time domain (we will be interested in locations of heavy hitters after applying the
permutation, see Lemma(3.3). This improves the dependence of our sample complexity on d. The properties
of the filtering process are summarized in

Lemma 3.3. Let x € CV. Choose ¥ € Mgyq,a,q € [n]d uniformly at random, independent of x. Let
w= VNF (Poagi) - ),

where G is the ﬁlter constructed in (). Let m = 7y, a
For i € [ ] let ,U/Eq( ) de[n]d\{l} ’x] 02(.7)
F > 2d. Then for any i € [n]*

2, where 0;(j) = 7(j) — 7(i) as before. Suppose that

1. EE,q[HQE,q(i)] < C%\z||3/B for a constant C' > 0.

2. forany %, q one has Ea[\w_“TEiuﬂ(i) -z} < ,u227q(i) + 8||x||3, where the last term corresponds to

the numerical error incurred from computing FFT with O(log 1/0) bits of machine precision.

The proof of Lemma|3.3|is given in Appendix

Remark 3.4. We assume throughout the paper that arithmetic operations are performed on C'log N bit
numbers for a sufficiently large constant C > 0 such that 6||z||3 < 6(R*)*nu? < u?/N, so that the effect
of rounding errors on Lemma[3.3)is negligible.



4 The algorithm

In this section we present our O(N ) time algorithm that achieves do(d)%k log N sample complexity and
give the main definitions required for its analysis. Our algorithm follows the natural iterative recovery
scheme. The main body of the algorithm (Algorithm|I)) takes samples of the signal Z and repeatedly calls the
LOCATEANDESTIMATE function (Algorithm[2)), improving estimates of the values of dominant elements of
x over O(log n) iterations. Crucially, samples of T are only taken at the beginning of Algorithm and passed
to each invocation of LOCATEANDESTIMATE. Each invocation of LOCATEANDESTIMATE takes samples
of Z as well as the current approximation y to x as input, and outputs a constant factor approximation to
dominant elements of = — x (see section [0]for analysis of LOCATEANDESTIMATE).

Algorithm 1 Overall algorithm: perform Sparse Fourier Transform
1: procedure SPARSEFFT(z, k, ¢, R, 11) > R* is a bound on ||z||oo /(1)
2: (0) ~—0 >in C". > 11 is the noise level (defined in (3))
3 T + logy R*

4: B <+ k/(ea?) > Choose « so that B = b? for b a power of 2

5: G, G « filter as in @)

6

7

8

9

Tmaz < O(log N)
for r = 0 to 7,4 dO
Choose ¥, € Mgy, ar, g, € [n]? uniformly at random

Forr=1,...,7maz, u" \/N]'—fl((PE,aﬂi') ) é)

10: > Note that u" € CI"” for all r

11: end for

12: fort=0,1,...,T —1do

13: X' LOCATEANDESTIMATE(Z, X, {(Zy, ar, by), s 779 P, G, 4y/eu2T (4D
14: X(t+1) i X(t) + X/

15: end for

16: return X(T)

17: end procedure

We first give intuition behind the algorithm and the analysis. We define the set S C [n]¢ to contain
elements i € [n]? such that |z;]? > eu? (i.e. S is the set of head elements of x). As we show later (see
section @ it is sufficient to locate and estimate all elements in S up to O(eu?) error term in order obtain
0y /0y guarantees that we neecﬂ Algorlthmlperforms O(log N) rounds of location and estimation, where
in each round the located elements are estimated up to a constant factor. The crucial fact that allows us to
obtain an optimal sampling bound is that the algorithm uses the same samples during these O(log N') rounds.
Thus, our main goal is to show that elements of S will be successfully located and estimated throughout the
process, despite the dependencies between the sampling pattern and the residual signal 2 — y(*) that arise
due to reuse of randomness in the main loop of Algorithm [T}

We now give an overview of the main ideas that allow us to circumvent lack of independence. Recall
that our algorithm needs to estimate all head elements, i.e. elements i € S, up to O(eu?) additive error.
Fix an element i € S and for each permutation 7 consider balls B7{, ((n /b) - 2172) around the position
that ¢ occupies in the permuted signal. For simplicity, we assume that d = 1, in which case the balls

3In fact, one can see that our algorithm gives the stronger /o, /£2 guarantee



Algorithm 2 LOCATEANDESTIMATE(Z, x, {(X,, ar, ¢;), Ur }775", Fmazs G,v)

1:
2
3
4:
S:
6
7
8
9

10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:

Requires that ||z — x||oc < 2v
Guarantees that ||z — X — }/||cc <V
L+ 0

w <0

for r = 0to ry,q, do

V" u" = VNF Y (PeagX) - G)

end for
for f € [n]¢ do
S0
for r = 0 to 7,4 dO
Denote permutation 7y, 4, by 7
S+ SU {v;(f) -w_“TEf}
end for
n < median(.S)
If |n| < v/2 then continue
L+ LU{f}
Wy <=M
end for
return w

21: end procedure

procedure LOCATEANDESTIMATE(Z, X, { (2, ar, Gr), Ur } 4% Trmazs G, V)

r=1 >

> Update signal: note this does not use any new samples

> Take the median coordinatewise
> Continue if the estimated value is too small




B2G) ((n/b) - 21%2) are just intervals:

B2 ((n/b) - 277%) = (i) + [=(n/b) - 272, +(n/0) - 27, (6)

where addition is modulo n. Since our filtering scheme is essentially “hashing” elements of x into B =
Q(|S|/a) “buckets” for a small constant v > 0, we expect at most O(a)2!2 elements of S to land in a ball
(6) (i.e. the expected number of elements that land in this ball is proportional to its volume).

First suppose that this expected case occurs for any permutation, and assume that all head elements
(elements of S) have the same magnitude (equal to 1 to simplify notation). It is now easy to see that the
number of elements of .S that are mapped to (6) for any ¢ > 0 does not exceed its expectation (we call
element ¢ “isolated” with respect to 7 at scale t in that case), then the contribution of S to ¢’s estimation
error is O(c). Indeed, recall that the contribution of an element j € [n]¢ to the estimation error of  is about
(14 (b/n)|m (i) —m(5)])~F by Lemma (2), where we can choose F' to be any constant without affecting
the asymptotic sample complexity. Thus, even if F' = 2, corresponding to the boxcar filter, the contribution
to ¢’s estimation error is bounded by

> m(S) B, ((n/b) - 272)| - max |Gy —y|
20 (o 342 e | v e 5B, oy
= > O(a22) . (1 +2H~F = O(a).

t>0,(n/b)-2t+2<n/2

Thus, if not too many elements of .S land in intervals around 7(¢), then the error in estimating 4 is at most
O(«) times the maximum head element in the current residual signal (plus noise, which can be handled
separately). This means that the median in line 15 of Algorithm [2]is an additive £O(a)||z — ||~ approx-
imation to element f. Since Algorithm 2| only updates elements that pass the magnitude test in line 16, we
can conclude that whenever we update an element, we have a (14 O(«)) multiplicative estimate of its value,
which is sufficient to conclude that we decrease the £, norm of x — x in each iteration. Finally, we crucially
ensure that the signal is never updated outside of the set S. This means that the set of head elements is fixed
in advance and does not depend on the execution path of the algorithm! This allows us to formulate a notion
of isolation with respect to the set S of head elements fixed in advance, and hence avoid issues arising from
the lack of independence of the signal x — x and the permutaions we choose.

We formalize this notion in Definition [5.2] where we define what it means for i € S to be isolated under
7. Note that the definition is essentially the same as asking that the balls in (6 do not contain more than the
expected number of elements of .S. However, we need to relax the condition somewhat in order to argue that
it is satisfied with good enough probability simultaneously for all t > 0. A adverse effect of this relaxation
is that our bound on the number of elements of .S that are mapped to a balls around 7 () are weaker than
what one would have in expectation. This, however, is easily countered by choosing a filter with stronger,
but still polynomial, decay (i.e. setting the parameter F in the definiion of our filter G in (B)) sufficiently
large).

As noted before, the definition of being isolated crucially only depends on the locations of heavy hitters
as opposed to their values. This allows us to avoid an (intractable) union bound over all signals that appear
during the execution of our algorithm. We give formal definitions of isolationin section[5] and then use them
to analyze the algorithm in section 6]

5 Isolated elements and main technical lemmas

We now give the technical details for the outline above.



Definition 5.1. For a permutation @ and a set S C [n]? we denote S™ := {r(z) : x € S}.

Definition 5.2. Let ¥ € Mjxq,q € [n]d, and let m1 = 7y 4. We say that an element i is isolated under
permutation 7 at scale t if

[(S\{iH)™ N B ((n/b) - 20+2)| < qd/29(t+3)d . ot
We say that i is simply isolated under permutation Ty, 4 if it is isolated under s, 4 at all scales t > 0.

Remark 5.3. We will use the definition of isolated elements for a set S with |S| = k/e.

The following lemma shows that every i € [n]? is likely to be isolated under a randomly chosen permu-
tation 7:

Lemma 5.4. Let S C [n]?,|S| < 2k/e. Let B > k/(ea?). Let ¥ € Mgxq,q € [n]? be chosen uniformly
at random, and let 1 = wy, . Then each 1 € [n]d is isolated under permutation w with probability at least
1 —0(a®?).

Proof. By Lemma[3.2] for any fixed ¢, j # i and any radius r > 0,

P12 — oo < ] < 2(20/n)". ™
Setting 7 = (n/b) - 2142, we get
Eso[|(S\ {i)" NBY,((n/b) - 272) 1 = > Pry[n(j) € By, ((n/b) - 2+2)] )
jes\{i}

Since 7y (i) = (i — ¢) for all i € [n]%, we have

Pry 4 [7(j) € B, (n/b) - 242)] = Pry [l |7(j) — 7(i) oo < (n/b) - 277
=Prsg[||S( — i)llos < (n/b) - 272] < 2(2"73/b)7,

where we used (7)) in the last step. using this in (8), we get
Ex [|(S\ (i) N B, ((n/b) - 272)[] < |S]- (272 /b)" < (IS]/B) - 2079 S a2+,
Now by Markov’s inequality we have that ¢ fails to be isolated at scale ¢ with probability at most
Prs, [|(S \ (i)™ MBS, ((n/b) 21+2)| > d/22(t+3)d+t] < 9ty d/2.
Taking the union bound over all ¢ > 0, we get

Pry. ,[i is not isolated] < Z 2 ta¥? < /2
>0

as required.

The contribution of tail noise to an element i € [n]? is captured by the following
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Definition 5.5. Letz € CV. Let S C [n]4,|S| < 2k/e. Let B > k/(ea®). Letu = VNF ' ((Ps 0.4%)-G).
We say that an element i € [n]? is well-hashed with respect to noise under (s, 4, a) if

—aT'%i 2 2
[uryw™® = — zi]* = O(Va)ep®,
where we let m = T, 4 to simplify notation.

Lemma 5.6. Let S C [n]?,|S| < 2k/e, be such that |zpjanslloo < p. Let B > k/(ea?). Let ¥, €

Maxas @ryar € )41 = 1,00 Poaz, Tmaz > (C//@)log N be chosen uniformly at random, where
a > 0is a constant and C > 0 is a sufficiently large constant that depends on . Then with probability at
least 1 — N—(C)

1. each i € [n]? is isolated with respect to S under at least (1 — O(\/Q))Tyaz permutations m.,r =
N T

2. eachi € [n]% is well-hashed with respect to noise under at least (1 — O(y/a))"maz pairs (T, ar), 7 =
| R

Proof. The first claim follows by an application of Chernoff bounds and Lemma(5.4] For the second claim,
let u = \/N}"_l((Pga,qiMd\s) - G), where (3,a,q) = (X,,ar,qy) forsome r = 1,...,7pq. Letting
T = Ty, 4, by Lemma[3.3] (1) and (2) we have

—aT¥%i (e
Exqallur@™ = = @pn )il < (€)@ sl?/B + [la]2 - N~

for a constant C’ > 0, where we asssume that arithmetic operations are performed on clog N-bit numbers
for some constant ¢ > 0. Since we assume that R* < poly(/V), we have

—_aT>y B
Esg.alltn@ ™ ™ = (2a8)il] < (C")wpasl[*/B +p? - N7HO.
Let 5* C [”]d denote a set of top k coefficients of = (with ties broken arbitrarily). We have

|z pavsl? < Nz suss) 12+ llzsasll? < lzpasll® < lzpas P+ k- opa sz < 2ku.

Since B > k/(ea), we thus have

T

Ex gallun@w™ ™ = (2pa5)il%] < (C"a) en?

for a constant C"” > 0.
By Markov’s inequality

Prs g.aljunpw ™ S — (@pgas)il* > (C"Va)len?] < o/,

As before, an application of Chernoff bounds now shows that each i € [n]¢ is well-hashed with respect to
noise with probability at least 1 — N!0, and hence all i € [n]? are well-hashed with respect to noise with
probability at least 1 — N~ as long as « is smaller than an absolute constant. O

We now combine Lemma [5.4] with Lemma to derive a bound on the noise in the “bucket” of an
element i € [n]¢ due to both heavy hitters and tail noise. Note that crucially, the bound only depends on the
£ norm of the head elements (i.e. the set .S), and in particular, works for any signal that coincides with
2 on the complement of .S. Lemma will be the main tool in the analysis of our algorithm in the next
section.
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Lemma 5.7. Let z € CV. Let S C [n]?,|S| < 2k/¢, be such that [ @pa\slloo < p1. Let B > k/(ea?). Let
y € CN be such that Ympi\s = Tn)\s and |[yslleo < 4y/€u2® for somet > 0. Let u = VNF Y ((Peagd)-
G). Then for each i € [n)? that is isolated and well-hashed with respect to noise under (%, q,, a,) one has

_aTsy
ujw™ P — gi* S Vae((4p2¥)? + 1),
Proof. We have

. 2
wiw P | < 2| AH)? 4 2)AT 2,

where A7 = ufw_aTEi —(ys)i for ufl = VNF((Psa40s) - G) and AT = u;‘-Fw_aTEi — (Ypnjer5)i for
ul' = VNFH((Pragipmas) - G)
We first bound A, Fix i € [n]?. If 4 is isolated, we have
S\ i)™ N B ((n/b) - 2072)| < o¥/220+3)d . of,
[(SAA{Z)™ N B ((n/b)

for all ¢t > 0. We have

—_aTsy T
AT = Jullw™™ i = | N7 Gy yw ™
JeSs\{i}

< Y yiGoy

jes\{i}

2 F
< sl 3 (153 ) 15\ 6D N By (/) 2

>0

9 F
< yslloo - Z <1+2t+2) |(S\ {:})™ ﬂBf:Zi)((n/b) . 2t+2)|

>0

2\ .
< lyslloo - D <1+2t+2) a¥/29t3)d ot — ||y il L O(a?) = O(a¥?/eu2®)
>0

as long as F' > 2d, F' = O(d). Further, if i is well-hashed with respect to noise, we have |A”| < \/aepu?.
Putting these estimates together yields the result. O

6 Main result

In this section we use Lemma to prove that our algorithm satisfies the stated ¢5/{s sparse recovery
guarantees. The proof consists of two main steps: Lemma[6.1|proves that one iteration of the peeling process
(i.e. one call to LOCATEANDESTIMATE) outputs a list containing all elements whose values are close to the
current £, norm of the residual signal. Furthermore, approximations that LOCATEANDESTIMATE returns
for elements in its output list are correct up to a multiplicative 1 4 1/3 factor. Lernma then shows that
repeated invocations of LOCATEANDESTIMATE reduce the /., norm of the residual signal as claimed.

Lemma 6.1. Let x € CV. Let S C [n]%,|S| < 2k/e, be such that [z slloo < p. Let B > k/(ea). Con-
sider the t-th iteration of the main loop in Algorithm Suppose that ||z — x||cc < 2v. Suppose that
each element i € [n]? is isolated with respect to S and well-hashed with respect to noise under at least
(1 — O(\/Q))Tmae values of T = 1, ..., Tmae. Let y = — x1), and let x' denote the output of LOCATE-
ANDESTIMATE. Then one has
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L X, = vil < |yl foralli € L;
2. alli such that |y;| > v are included in L.
as long as o > 0 is a sufficiently small constant.

Proof. Welety := x — x) to simplify notation. Fix i € [n]?.
Consider r such that ¢ is isolated under 7, and well-hashed with respect to noise under (7, a,). Then
we have by Lemma/5.7]

Ty 1
05" g < Va(elllyg o) + %) S Vae((20)? + 1) < () ©)

as long as «v is smaller than an absolute constant.
Since each 7 is well-hashed with respect to at least at 1 — O(y/«) fraction of permutations, we get that
lyi — 1| < {=v. Now if i € L, it must be that || > v//2, but then

lyil > |n| —v/16 > v/2 —v/16 > (3/4)v. (10)

This also implies that |x} — v;| < v/16 < (4/3)]y;|/16 < |y;|/3, so the first claim follows.
For the second claim, it suffices to note that if |y;| > v, then we must have |n| > |y;| — v/16 > v/2, so
1 passes the magnitude test and is hence included in L. 0

We can now prove the main lemma required for analysis of Algorithm [T}

Lemma 6.2. Let x € CV. Let ¥, € Mgxa,ar,qr € [n]5, 7 = 1,...,"max = Clog N, where C > 0 is a
sufficiently large constant, be chosen uniformly at random. Then with probability at least 1 — N—C) ope
has [Ja — xT" Voo < dy/ep

Proof. We now fix a specific choice of the set S C [n]?. Let
S={iemn:|ul > Veu}. (1)

First note that ||z [,ja\g||cc < . Also, we have |S| < 2k/e. Indeed, recall that p? = BErri(x)/k. If
|S| > 2k/e, more than k/e elements of S belong to the tail, amounting to at least exi? - (k/¢) > Errs(x)
tail mass. Thus, since 7,4, > C'log N, and by the choice of B in Algorithm[I} we have by Lemma5.6] that
with probability at least 1 — N —(C)

4 is isolated with respect to S under at least (1 — O(,/a))rmq, permutations ., r =

1. each i € [n]

1. Tmazs

2. each i € [n]? is well-hashed with respect to noise under at least (1 — O(1/a))rmae permutations

T, =1,..., "maz-

This ensures that the preconditions of Lemma [6.1] are satisfied. We now prove the following statement for
t € [0 : T by induction on ¢:

(-

2. |[(z = xB)slle < 4/ep2T .

13



3. |z — x| < Jay| forall i € [n].
Base:t = 0 True by the choice of 7.

Inductive step: t — ¢t + 1 Consider the list L constructed by LOCATEANDESTIMATE at iteration ¢. Let
S :={ieS:|(x—xW) > 4/eu2T=¢+D} We have S* C L by Lemma (2). Thus,

(t+1)) (t+1))

[z = x“)slloo < max{][(z — x“T) s lloos 1 (2 = X s150 oos 1@ = XD gy sl }-

By Lemma , (1) we have |z; — X£t+1)| < x; — Xl(t)]/?) for all ¢ € L, so (3) follows. Furthemore,
this implies that

L |[(z = x¥ D) g [|oo < |12 = xP|oo/3 < 44/€u2” (41 by the inductive hypothesis;

2. |[(x — X(tJrl))S\S* 0o < 44/eu2T= (1) by definition of S*;

3. [z = X)) pyavslloo = [lzpasllee < 4v/eu2” =D by the inductive hypothesis together
with the definition of 1 and the fact that¢ < T — 1.

This proves (2).

Finally, by Lemma (2) only elements i such that |(z — x();| > 34/eu2T=" > (3/2)4\/ep are
included in L. Since |(z — x®);| < |z;/, this means that |z;| > 4y, i.e. i € S and XE:ZT\IS) =0, as
required.

O]

We can now prove
Theorem 6.3. Algorithm/[l|returns a vector x such that
2 = xllz < (14 O(€)) Erny (@),
The number of samples is bounded by d°(%) %k log N, and the runtime is bounded by O(N log® N ).
Proof. By Lemmal6.2] we have by settingt = 7' — 1 ||z — x||oo < 8v/€ft, 50

lz=xI15 < [[@=x) 2 - k+ 1@ =X) pamlz < 1= pl2 - E+|zpa w3 < (1+0(e) Brrg(x),

where we used Lemma (3) to upper bound [|(z — X) e\ (x| |2 with IEISINGL 2.

We now bound sampling complexity. The support of the filter G is bounded by O(BF?) = do(@ %kz by
construction. We are using e, = ©(log N), amounting to d°(?) %k log N sampling complexity overall.
The location and estimation loop takes O(N log® V) time: each time the vector v" is calculated in LOCATE-
ANDESTIMATE O(N log N) time is used by the FFT computation, so since we compute O(log V) vectors
during each of O(log N) iterations, this results in an O(N log® V') contribution to runtime. O

7 Experimental evaluation

In this section we describe results of an experimental evaluation of our algorithm from section[d In order to
avoid the issue of numerical precision and make the notion of recovery probability well-defined, we focus
the problem of support recovery, where the goal is to recover the positions of the non-zero coefficients.
We first describe the experimental setup that we used to evaluate our algorithm, and follow with evaluation
results.
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7.1 Experimental setup

We present experiments for support recovery from one-dimensional Fourier measurements (i.e. d = 1). In
this problem one is given frequency domain access to a signal ¥ that is exactly k-sparse in the time domain,
and needs to recovery the support of = exactly. The support of x was always chosen to be uniformly among
subsets of [N] of size k. We denote the sparsity by k, and the support of 2 by S C [n].

We compared our algorithm to two algorithms for sparse recovery:

e /1-minimization, a state-of-the-art technique for practical sparse recovery using Gaussian and Fourier
measurements. The best known sample bounds for the sample complexity in the case of approximate
sparse recovery are O(klog® klog N) [CT06, RV08, [CGV12]. The running time of ¢; minimiza-
tion is dominated by solving a linear program. We used the implementation from SPGL1 [vdBFOS|
vdBF07], a standard Matlab package for sparse recovery using ¢;-minimization. For this experiment
we let x; be chosen uniformly random on the unit circle in the complex plane when ¢ € S and equal
to 0 otherwise.

e Sequential Sparse Matching Pursuit (SSMP) [BI09]. SSMP is an iterative algorithm for sparse recov-
ery using sparse matrices. SSMP has optimal O(k log(N/k)) sample complexity bounds and O(NN)
runtime. The sample complexity and runtime bounds are similar to that of our algorithm, which makes
SSMP a natural point of comparison. Note, however, that the measurement matrices used by SSMP
are binary and sparse, i.e., very different from the Fourier matrix. For this experiment we let x; be
uniformly random in {—1, 41} when i € S and 0 otherwise.

Our implementation of Algorithm [T] uses the following parameters. First, the filter G was the simple
boxcar filter with support B = k + 1. The number of measurements 7,,,, was varied between 5 and 25,
with the phase transition occuring around 7,4, = 18 for most values of k. The geometric sequence of
thresholds that LOCATEANDESTIMATE is called with was chosen to be powers of 1.2 (empirically, ratios
closer to 1 improve the performance of the algorithm, at the expense of increased runtime). We use N = 215
and k£ = 10, 20, ..., 100 for all experiments. We report empirical probability of recovery estimated from 50
trials.

In order to solve the support recovery problem using SPGL1 and Algorithm [T} we first let both algo-
rithms recover an approximation z’ to x, and then let

S:={te[N]:|x;] >1/2}
denote the recovered support.

7.2 Results

Comparison to /;-minimization. A plot of recovery probability as a function of the number of (complex)
measurements and sparsity for SPGL1 and Algorithm I]is given in Fig. 2]
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Figure 2: Success probability as a function of sparsity and number of measurements: SPGL1 (left panel)
and Algorithm [I] (right panel). The number of complex measurements is reported.

The empirical sample complexity of our algorithm is within a factor of 2 of #; minimization if success
probability 0.9 is desired. The best known theoretical bounds for the general setting of approximate sparse
recovery show that O(klog® klog N) samples are sufficient. The runtime is bounded by the cost of solving
an N x m linear program. Our algorithm provides comparable empirical performance, while providing
optimal measurement bound and O(N) runtime.

Comparison to SSMP. We now present a comparison to SSMP [BI09]], which is a state-of-the art iterative
algorithm for sparse recovery using sparse matrices. We compare our results to experiments in [Ber(09].
Since the lengths of signal used for experiments with SSMP in [Ber(9|] are not powers of 2, we compare
the results of [Ber09] for N = 20000 with our results for a larger value of N. In particular, we choose N =
215 > 20000. Our results are presented in Fig.[3l Since experiments in [Ber09] used real measurements,
we multiply the number of our (complex) measurements by 2 for this comparison (note that the right panel
of Fig. [3|is the same as the right panel of Fig. 2} up to the factor of 2 in the number of measurements). We
observe that our algorithm improves upon SSMP by a factor of about 1.15 when 0.9 success probability is
desired.
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SSMP — Probability of correct recovery (n=20000, S=4k, T=1, d=8)

n=32768, B=k+1, random +1/-1, non-monotone
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Figure 3: Success probability as a function of sparsity and number of measurements: SSMP (left panel) and
Algorithm [1] (right panel). The number of real measurements is reported.
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A Omitted proofs

Proof of Lemma [2.2;
_ R 1 Ty (i N
‘F 1(Pz7a7qx)ﬂ'z,q(i) :7]\7 Z wj E(Z q)(PE7a7qx)]
j€ln)?
1 .
LY ey
€l
1 T
=75 2 W T
jElmn)
1 T (i .
j€n]?
_oaTwi 1 iTET (j—a) 4 _ o alsi
LR b
\/Nje[n]d
O
Proof of Lemma 3.1} Since |sin(rz)| < 1,|sin(rz)| < |7z for all  and |sin(7z)| > 2|z| for [z| < 1/2,
we have

. . F F
sin(7(b ' 1)]/71) < < 2 | > (12)
(b —1)sin(mj/n) (b—1)m(j/n)
for all j We also have that the maximum absolute value is achieved at 0. Also, for any j € [n] such that
7| < 35 one has

sin(r(b— 1)j/m) [ [(1/2)06-Di/n[" @27 _ 1,
(b—sin(mj/n)| = | b—n(j/n) | | = 2m)F "
which gives (1).
(2) follows from (I2)) by writing
d 9 F 9 F
Gyl =TT H < Hf s( . ) g()
! 1;[1 ’ Wl =X (& = D (lj]]oo/n) 1+ (b/n)l]7lo
as long as b > 3.
O]
Proof of Lemma [3.2; We assume wlog that j = 0. Let g be the largest integer such that 29 divides all of
i1,...,%q. We first assume that g = 0, and handle the case of general g later. For each ¢ > 0 let
Jo=A{s € [d]:is =2%;,, esodd}. (13)

Since we assume that g = 0, we have Jy # (). We first prove that
Pr(|| Mil|oo < #] < 2(t/n)?

when M is sampled uniformly at random from a set D’ that is a superset of the set of matrices with odd
determinant, and then show that M is likely to have odd determinant when drawn from this distribution,
which implies the result.
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We denote the s-th column of M by M. With this notation we have M7 = Zgzl M1, where 14 is the
s-th entry of ¢. Let
D' ={M e Z™/n: Y M, # 0mod2},
s€Jo
i.e. we consider the set of matrices M whose columns with indices in Jy do not add up to the all zeros vector
modulo 2, and are otherwise unconstrained. We first note that for any s € [1 : d| we can write

M, = M +2M!,

where M/ € {0,1}* is uniform, and M is uniform in [n/2]? (and independent of M!). When M is sampled
from D', one has that M/, s € Jj are conditioned on not adding up to 0 modulo 2.

We first derive a more convenient expression for the distribution of M. In particular, note that 2/
is distributed identically to 2U, where U is uniform in [n]? as opposed to [n/2]%. Thus, from now on we
assume that we have

M, = M. +2M”,

where M/ € {0,1} is uniform and M/ is uniform in [n]?. One then has for all s € Jy (all operations are
modulo n)

Myis = (ML +2MY)(1 + 2e5) = M} + 2(es M. + MY (1 + 2ey)) = M. + 2Qs,
where Q, is uniform in [n]¢ and independent of M. This is because M/ (1 + 2¢) is uniform in [n]? since
M is (where we use the fact that 1 + 2e is odd). We have thus shown that the distribution of > sedo Myig

can be generated as follows: one samples bits M/ € {0,1}%,s € Jy uniformly at random conditional on
> se, Mg # 0, and then samples Qs € [n]? independently and uniformly at random, and outputs

dOMI+2) Q..
s€Jo s€Jo

It remains to note that the distribution of

STM+2> Q.+ M,

s€Jo s€Jo k>0 seJy
18 the same as the distribution of
/
> M+2) Q.
s€Jo seJo

Indeed, this is because by definition of D’ for any k > 0 one has i5 = 2%e,, and {M}s¢, are independent
uniform in [n]?. As a consequence,

QZQ8+ZZMSis:2ZQs+Z2kZMses

s€Jo k>0 seJy s€Jo k>0 seJk
Y 0 Y Y e
s€Jo k>0 s€Jk

is distributed as 2U, where U is uniform in [n]?.
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Thus, when M is drawn uniformly from D’, we have that Zg:o Mg¢is = M7 is uniformly random in

)7\ 2[n]?, so

—(t/n) <2(t/n)".

So far we assumed that ¢ = 0. However, in general we can divide i by 29, concluding that M (i/29) is
uniform in [n]? \ 2[n]?, i.e. Mi is uniform in 29 - ([n]¢ \ 2[n]¢), and the same conclusion holds.

It remains to deduce the same property when X is drawn uniformly at random from M 4«4, the set of
matrices over Z%*? with odd determinant. Denote the set of such matrices by D,. First note that

Pry unrro)[l[2(E = 5|l < 1] <

D, CD

since the columns Jy of a matrix > € D, cannot add up to 0 mod 2 since any such matrix would not be
invertible over Z,,. We now use the fact that a nonzero polynomial of degree at most d over Zy is equal
to 1 with probability at least 2~ under a uniformly random assignment, as follows, for example, from the
fact that the minimum distance of a d-th order Reed-Muller code over m binary variables is 2™~ %(see, e.g.
[IMS78]), we have

PI'ENUNIF(ded)[E €D, > 2_d,

and hence
Pry.p (X € D,] > 277
We now get
p Y(i — <t P Y(i — <t p Y € D,] < 2(2t/n)%
Ut [15GE =Dl <t < - 120 = 5o < ]/ENUN;F(D,)[ € D] <2(2t/n)

as required. [
Proof of Lemma [3.3: By Lemma[3.2] for any fixed ¢ and j and any ¢ > 0,

Prs (S0 — )l < £ < 2(2/n)"

We have
wi) = D Goyasw® ™ + Ay (14)
j€m)
for some A with |Allee < ||2]]1 - N~ < [|z]]s - N~ since we are assuming that arithmetic is
performed using clog N bit words for a constant ¢ > 0 that can be chosen sufficiently large. We define the
vector v € C" by vyj = x;G,, (), so that

Un (i) — 7r (7)) — Z wa ]U] \/77}0‘
j€n]?
S0 .
iy =@ 72— Angi) = VN (gip)a
We have by and the fact that (X +Y)? < 2X2 +2Y?2

T T
tryw™® = 2? = gy — w0 Pl
Py
< () — W Twi — A + 242
i
=2 ) Goguw® WP +24%,

j€[n]d
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By Parseval’s theorem, therefore, we have
Eo[|tn(pyw™® = — 2,]?]) < 2E,| > Goyaiwt 92 4 2K, (A7)
j€ln]?
= 2|l 12 + ARgsy)
S Z |z;G oi(j)|2‘|’”$||%‘N_Q(c) (15)
J€mIN\{i}
S Gl + llal - N7
J€mN\{i}
S 13 (0) + [[]3 - N7

N

We now prove (2). We have
Es g3 ()] =Esgl > |2;Go ).

JEmI\{i}
Recall that the filter G approximates an ideal filter, which would be 1 inside BO‘E )(n /b) and 0 everywhere
else. We use the bound on G, (jy = Gr(i)—n(j) in terms of [|7(i) — m(j)|oc from Lemma 3.1} (2). In order
to leverage the bound, we partition [n]¢ = BX) (n/2) as
log, (b/2)
Som/2) =Bym/m U (B ((/6)2) \ B, (n/0)27)).
t=1

For simplicity of notation, let Xo = B, (n/b) and X; =
For each ¢ > 1 we have by Lemma[3.1] (2)

5 F
G < G <|— .
AR, Ca0T= g ey G0l 5 (1+2“>

Since the rhs is greater than 1 for ¢ < 0, we can use this bound for all ¢t < log,(b/2). Further, by Lemma
we have for each j #iand ¢t > 0

Prs 4[(j) € Xi] < Prsg[m(j) € By( ((n/b) - 2)] < 2(2"*/b)%.
Putting these bounds together, we get

Exif4(0)] =Exgl D |2;Go)]

J((n/B) - 2) \ B2, ((n/b) - 201) for t > 1.

7r(z

J€[mIM\{i}
log,(b/2)
< Z |]% - Z Pry ,[7(j) € Xy] - {gg}){( 1Go, )]
J€m4\{i}
log, (b/2) 2 F
<Y Py <2t“/b>d‘(1+2t_1)
J€[m]M\{i} L
2r =
< § Z |xj|2 Z 2(t+1)d7F(t71)
F€[m]M\{i} =0
2
< 90(d) [EdIB:
- B
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as long as F' > 2d and F' = O(d), proving (2).

O]
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