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1 Introduction

The paradigm of Compressed Sensing involves the reconstruction of sparse signals from an under-determined
system of linear equations. Typically, the measurements are attributed with Gaussian noise. These systems
can be solved using an appropriately designed cost functions such as LASSO, which are generally convex,
with a standard optimising procedure. Such reconstruction procedures are feasible under two conditions

1. The signal should be sparse enough

2. The number of measurements should be sufficient. This is typically ensured by choosing a measure-
ments matrix that is ‘incoherent’ enough with the signal.

There has been a lot of theory developed that sets up the required conditions for a good reconstruction
under Gaussian noise. In this report, we shall explore the area of Permutation noise in Compressed Sensing.
That is, we try to set up the theory and demonstrate the performance of reconstruction algorithms when
the order of measurements is permuted.

1.1 Compressed Sensing

Let us write down the problem of compressed sensing in terms of a mathematical model. Let x € R™ be
a sparse-vector with support S and sparsity s. Consider a sensing matrix A € R™*™ such that m < n.
Then, the measurements of the signal are denoted by y € R™ defined by

y=Az (1)

The measurment matrix A is typically chosen to follow the Restricted Isometry Property (RIP) [1] to ensure
the incoherence between the measurements. This property ensures that an under-determined system of
linear measurements is sufficient to reconstruct the true sparse signal, thereby allowing compression.

The RIP property for a matrix A is defined as follows. A matrix A is said to follow RIP of order s if for
any s-sparse vector x, the following holds -

(1= 0s)llzll* <[] Az]* < (1 + 0s)ll]I? (2)

where, dg is the Restricted Isometry Constant (RIC) of the matrix A. RIP can be ensured by choosing a
measurement matrix sampled from a Gaussian distribution or a Bernoulli distribution.

In general, when the signals are not sparse, the measurement matrix is associated with a transformation
matrix ¥ € R™ ™ such that x is sparse under ¥. That is,

x = Vo (3)
where 6 € R" is sparse. Then, the equation modeling this situation would be
y = (AT)0 (4)

In this report, we will assume that the signal are sufficiently sparse so that we can do away without any
transformation matrix.
The signal = can be recovered from the measurements y using the following cost function -

min ||z||op subject to y = Az (5)



However, this optimisation problem using Iy norm is NP-hard. Therefore, we resort to using a relaxed
version utilisng /1 norm known as Basis Pursuit.

min ||z[|; subject to y = Ax (6)

This is a linear optimization problem that can be solved in polynomial time. The solution to the above
optimization problem is exact with probability 1 — § if,

n
m > Clog (5 ) llallon®(4) (7)
where C' is a constant and p is the incoherence function [1] defined by
pA) =+vn _ max _[(A7 L) (8)

1<j<m,1<i<n

where A7 is the jth row of A and I; is the ith column of I™*".

In general, the signals obtained practically are associated with noise which is typically Gaussian. In this
case, the problem model is given by
y=Ax+n (9)

where 17 € R™ represents the noise. Then the cost function gets modified as
min ||z||; such that ||y — Az||3 < e (10)

where ¢ € R is chosen based on the upper bound of the magnitude of noise. This equation can be
equivalently stated as
min |y — Az|3 + Allz] (11)

which is famously known as LASSO Optimization. Here, A is the regularization parameter determined
empirically.

If the matrix A follows RIP of the order 2s where s is the sparsity of x and dos < v/2 — 1, then the error
in the reconstruction is given by

Co .«
7‘;”3; — 4] + Che (12)

NG

where x* is the true solution to y = Az and Cp, C; are constants independent of n [1].

|z* — a2 <

This optimisation procedure works quite well when the signal has Gaussian independent noise, i.e, n ~
N(0,0?). This distribution of noise accommodates most of the noise models we see in signals generally.
However, we shall see that there are scenarios where the noise has more components, such as a heavy tailed
distribution. In such cases, the LASSO cost function does not fare out well and it needs to be modified to
adopt to the noise model. The presence of Permutation noise in the signals highlights such a case.

1.2 Permutation Noise in Compressive Sensing

Permutation Noise refers to the scenarios where the measurements are mislabeled, i.e. the order of mea-
surements is permuted. The motivation for handling such cases arises in many applications. For instance,
a bit-rate reduction in a channel that does not preserve data order. It may also happen in an experimental
setup with a large number of sensors — e.g., a microphone array, due to some handcrafting mistakes in the
wiring between sensors and A/D converters.



An even more prominent example in the recent cases would be that of group testing for COVID19. Given
n samples, each of which may be diseased or not, group testing aims to determine their health status
indirectly by performing tests on m < n ‘groups’ (also called ‘pools’), where a group is obtained by mixing
a subset of the n samples by testing of m < n groups. Since the number of diseased samples is typically
less, this problem can be modeled as a compressed sensing problem with a sparse vector.

The issue of mislabeling arises when the technician accidentally switches the labels of the group samples.
This situation can occur in non-group testing too.

The methods that have been proposed to deal with this situation typically use brute-force where different
permutations of measurements are explored [3]. We propose a hypothesis testing method using a LASSO
debiasing procedure motivated from the work done in bit-flip noise in group testing.

1.3 Problem Model

Given an s-sparse vector z € R™ and a measurement matrix A € R™*" the permuted measurements are
given by
y = PAx (13)

where P € R™*™ ig a permutation matrix represented by
Pi=1p (14)

if the measurement ¢ is switched with measurement j where i,j € [m|. The permutation matrix P can be
modified to represent duplication noise too, i.e. the measurements are repeated.

We shall show that this model can be represented by the situation when the noise has a heavy-tailed
distribution component. We shall use the theory derived for heavy-tailed distributions from the bit-flip
noise model to develop a reconstruction algorithm for permuted measurements.



2 Theory for Permutation Noise

In this section, we present the extension of theory from bit-flip noise to permutation noise. We propose an
algorithm to detect and even correct for the permutation errors.

2.1 Problem Formulation

Like before, let b € R™ be the signal and A € R"™*™ be a zero-centered Bernoulli matrix. The measurements
y € R™ are then given by
y=Ab+n (15)

with a Gaussian noise 7 ~ A(0,02). In the presence of permutation noise, the ith measurement is switched
with jth measurement. That gives us

y=Ab+0+n (16)
=Ab+n=(A+AAD+1n (17)

where § € R™ is the error vector for permutation noise. Like before, A € R™*™ is the observed sensing
matrix and AA € R™*™ represents the error in the sensing matrix.

Note that, we switch the measurements after the Gaussian noise is added. However, since we assume
independent Gaussian noise for each measurement, the final equation can still be represented in such a
manner. That is, permuting the final measurements is equivalent to saying permuting the measurements
before adding the additive noise.

Let the true measurements Ab be represented by z. We then have,

5 zj — z; ith measurement is switched with jth measurement (18)
o otherwise
This also gives us
AA, — Aj —A; ith me:fLsurement is switched with jth measurement (19)
0 otherwise
2.2 Debiasing LASSO
The Huber loss estimator is modeled over the equation given by,
y=Ab+0+n (20)
b
—am (§) + 21)
= [All]lz +n (22)

where z is the concatenation of b and 9.

Let x) £ argmin, ||y — (A|Lnxm)z||> + Al|z|j1. Note that, 21 = (b1, b1). Then the debiased estimate of x
is given as follows:

1
Ld £ X+ EM(Aumxm)T(y — (AlLnxm)Ty), (23)



where M € Rm+m)x(m+n) s obtained from the approximate inverse of an empirical correlation matrix
31 £ AT A/m given by Mj obtained from the optimisation formulation given in eqn.(4) of [6]. To be more
specific, M is defined as

(24)

MTLXTL On><m
V= [t o]

0m><n mIme

Let z* = [b*; 6] represent the true value of z. Note that §* = 0.

We shall now show that the distribution of § follows the conditions required in Lemma 3. This involves
showing that the expectation of permutation noise goes to 0 asymptotically. We can then use hypothesis
testing to detect permutation noise as we did in bit-flip noise.

2.3 Expectation of the permutation noise

We make the following assumptions to derive the distribution of AA.

e (A3) There are t < m mislabeled measurements in total

e (A4) Every measurement has an equal probability of being switched with any other measurement.
The switching of measurements is independent of one another.

In such a case, the probability that the ith measurement is switched with the jth is given by 1/m. The
expected value of §; is then given by

1 Zj;ﬁi Aj
ElAA A = <m1 A (25)
Now, when there are ¢ permutations, we get
A
BlaA]A) = (Z# - Ai) (26)
m\ m-—1

Notice that the error goes to 0 asymptotically as m — oo with the order of o(1/m). Therefore, since
permutation noise satisfies the required properties for Lemma 3, we can use the results from Lemma, 4.

2.4 Detection of permuted measurements

As the permutation error satisfies the required properties, we can use Hypothesis testing on the debiased
reconstruction to detect the permuted measurements. From the theorem in bit-flip noise we have

Vm(6q — 6*) — VmA(bg — bx) ~ N(0,0°5s) (27)

Furthermore, since we have no information about which measurements are permuted, the null hypothesis
is taken as ¢; = 0 for all i € [m]. Since if there is no permutation, there should be no effect on the value of
the measurements implying that 67 = 0. Based on the debiased lasso estimate of 0}, the test statistic for
testing Ho : 07 =0 vs Hy : 4] #0, is

D, — [vVm(dq — %) — Az (28)
o/ [Esii

where
Az = \/EA(bd — b)\) (29)
s = (VI + AM AT J\/m) (VI + AMy AT /)" (30)

The expression of D; follows the distribution A(0, 1) under the null hypothesis.



2.5 Reconstruction of signal

After detecting the noisy measurements using the above test, we can simply choose to drop these measure-
ments. We shall refer to this method as “drop” for lack of a better word.

However, one can also try to correct the permutations after detecting them. The following algorithm
represents a greedy approach to correct the measurements -

Algorithm 1 Correcting for Permutation noise

Input: Measurement vector y, Sensing matrix A, LASSO estimate by, debiased estimate by, o = 1.68, the
set P of detected permuted measurements
Output: Corrected measurement vector y,
Ye <Y
for index i € P do
correct_index < ¢
min < «
for index j € P do
yeli] < yls]
2, argmin, [[y. — (AlLsn)2]2 + A
D}  [V/m(s}) — A(b), — 0))]s/o/ el
confidence < a — | D}
if confidence < min then
correct_index < j
min < confidence
end if
end for
Ye[i] < y[correct_index]
end for

In the above algorithm, we find the consider each index in the noisy set and switch them with another
index in the set. We choose the measurement which gives the highest confidence for the switch. Then, we
proceed switching every measurement in the noisy set greedily. We shall refer to this method as “corrected”
moving further.

3 Experiments

3.1 Setup and Parameters

We check the performance of the proposed method by comparing the RMSE of the reconstructions ob-
tained with the oracle result. The oracle result refers to the LASSO estimate of the signal when there is
no permutation noise present. We compare the reconstructions while varying different parameters.

All the experiments are performed on signals of dimension n = 128 and n = 256. The non-zero elements
in the signal are chosen from a uniform distribution between 0 and 1. The elements of the sensing matrix
A are drawn i.i.d. from a Bernoulli distribution of —1 and 1 keeping in mind that we need a zero-centered
matrix and also so that A would obey RIP with high probability. The additive noise is added to the
measurements, followed by the permutation of measurements. For permuting the measurements, a set of
measurements whose size is given by the parameter f, is chosen and the measurements in this set are



permuted randomly.

Keeping all other parameters fixed, we analyse the variation in the curvature with regard to change in (A)
number of measurements m; (B) signal sparsity s expressed as fraction fs, € [0,1] of signal dimension n;
and (C) the fraction f, € [0, 1] of the m measurements that are permuted.

When the value of n = 128,

For the measurements experiment (i.e. (A)), m is varied in {50, 65,80, ...,125} with fy, = 0.05, f, =
0.05, f = 0.05. For the sparsity experiment (i.e. (B)), fsp is varied in {0.01,0.04,0.08,...,0.2} with
m = 100, f, = 0.05, f, = 0.05. For the permutation noise experiment (i.e. (D)), f, is varied in
{0.02,0.03,0.05,0.08,0.1,0.12} with m = 100, fs, = 0.05, f, = 0.05.

When the value of n = 256,

For the measurements experiment (i.e. (A)), m is varied in {100,120,140,...,200} with fs;, = 0.05,
fp = 0.05, fo = 0.05. For the sparsity experiment (i.e. (B)), fs is varied in {0.01,0.04,0.08,...,0.2}
with m = 200, f, = 0.05, f, = 0.05. For the permutation noise experiment (i.e. (D)), f, is varied in
{0.02,0.03,0.05,0.08,0.1,0.12} with m = 200, fs, = 0.05, fo = 0.05. The experiments are repeated over
25 vectors and the RMSE is averaged.

The regularization parameters are chosen via cross validation with the unpermuted measurements with
the validation set containing 20% of the measurements. The validation set is guaranteed to not have any
permutations. This can be ensured in group testing by performing duplicate measurements over these
samples. Cross validation is done with a probability of 40% for each signal sample. The algorithms are
implemented via the cvx package available on MATLAB.

3.2 Results

The results obtained for n = 128 and n = 256 are displayed in figures 1 and 2 respectively.

We have also conducted experiments to see how Precision and Recall of the detection algorithm changes
with respect to the number of measurements, sparsity of signal and the amount of permutation noise. The
results are plotted as heatmaps and are displayed in figures 3 and 4

3.3 Observations

In case of permutation noise, the reconstruction method is very sensitive to the m > (slogn)? condition.
I have noticed that the cross validation yields poor parameters frequently if this does not hold. To fix this
issue, we ensured that the indices in the validation set do not have any permutation.

Even after ensuring this, the reconstructed ¢ value has discrepancies which leads to poor recall values. It
is also worth to notice that the precision values are quite high for the method in most scenarios. That
means that the number of false positives is quite low. In contrast, the value of o in Hypothesis testing
has a critical role in determining the number of false negatives. A very high value of a will lead to a large
number of false negatives.

Other than this, we notice the expected trends in the RMSE for each set of experiments. The values of

RMSE should decrease as the number of measurements m increase. They should increase when sparsity
fs or the permutation noise f, increases.

10
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Figure 1: RMSE comparison between (i) corrected method (ii) drop method (iii) oracle results with respect
to (A) Number of measurements m, (B) Signal sparsity s and (C) Permutation noise f, for n = 128
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Figure 2: RMSE comparison between (i) corrected method (ii) drop method (iii) oracle results with respect
to (A) Number of measurements m, (B) Signal sparsity s and (C) Permutation noise f, for n = 256
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Figure 3: Heatmaps for recall when the f, = 0.1

In almost all the experiments, we see excellent reconstructions with the RMSE rarely crossing 10%. How-
ever, in the experiments where the permutation noise is varied, we see that there are a lot of anomalies in
the trend. The exact cause of this issue is unknown but the very low values of RMSE could be partially
responsible.

Apart from this, we see that the correction algorithm closely matches with the performance of reconstruc-
tions where we drop the noisy measurements. This is partially due to the fact that the number of permuted
measurements is much smaller than the total number of measurements. Also, in some cases dropping mea-
surements also takes care of the additive Gaussian noise being too high. However, this situation is rare
but this might result in poorer performance of the correction method.

In the heatmaps, the results are as expected. The values of recall, precision, specificity and sensitivity
increase as the number of measurements increases and decrease as the sparsity increases.
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Figure 4: Heatmaps for recall when the f, = 0.15
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4 Double Debiasing for LASSO

4.1 Theory

The LASSO method, although a popular tool for solving compressive linear models, has an inherent bias
that often leads to some error in statistical inference methods. To correct permutation noise in signal
reconstruction, we have debiased the estimate of LASSO (23) to build confidence intervals on the debiased
estimate. Since we use an augmented matrix construction as seen in the Huber Loss formulation (62), we
modified the confidence intervals expression as seen in (28).

Recent work in [10] mentions that the debiased LASSO is not optimal when the number of strong coefficients
dominate the number of weak coefficients. The bias in the strong coeflicient increases in the presence of
weak coefficients. This is quite important in our case as we have an augmented vector formulation.

y=1a11 (3) +

Here, the coefficients in § can be much larger than the coefficients in b. Although, we have a difference
in magnitude among the coefficients, the number of strong coefficients need not necessarily dominate the
number of weak coefficients. The approach put forward by [10] has the same performance as the debiased
approach in such cases. The following sections will describe the technique and the experimental results
with these methods.

4.2 Bootstrapping the debiased LASSO

Consider the model
y=Ab+n

where y € R™, z € R", and A € R™*" is a random matrix chosen with the covariance ¥, = ATA/m.
We define a population gram matrix given by ¥ = E[%,] and also define © = £~!. We shall assume O is
known in our case.

Let z, be the initial LASSO estimate with the hyper-parameter \. We define the correction score W &
Rnxm as

Wi — nPy;A©;

=—3J 7 31
le * PAAGJ' ( )

where P is a projection operator defined as follows. Consider the support estimated by Lasso given by
S = {j : 2y #0}. Then, A; £ SN {—J}. The expression for Py, is given by

Py, = I — A, (A} Ap,) AR, (32)

Afj Ap; is shown to be invertible with a high probability. We want the weights to behave such that

(e;; —wlA/m)s = 0 and (e;fr —w?A/m)ge ~ 0. From Karush-Kuhn-Tucker conditions, we can see that

(e;.r —wl'A/m)s = 0.

15



A modified debiased LASSO estimate is calculated as

W — A ”
g — 2 4 *(ym ) (33)

We compute 3 as the LASSO estimate for the measurements A x z,, and measurement matrix A. Then,
the bias in x4 is estimated as

WA w — Iy
*+ *(:C .17)\)_

b=z - Ty, (34)
The final bootstrapped-debiased estimate is given by
Tdd — Td — b (35)
Then, the confidence intervals on z44 are constructed as
o ||w;
 depdluyl %)

m

where & is any consistent estimator of o.

4.3 Experiments

The following results are an attempt to replicate the results in [10]. As mentioned in the paper, we choose
n = 300, m = 250, and the design matrix A is chosen such that each row of A is i.i.d from a Gaussian
distribution with mean 0 and covariance matrix > = I,x,. The signals are generated with a known
noise level 0 = 1. We consider 5 levels of sparsity s = [4,6,8,10,12], and the support for = is chosen as
xs = {4,2,4,2,...,4,2,0.2}. The signal is constructed so that the first s — 1 coefficients are strong and
the last one is weak. This can also be verified The debiased estimate is computed using A = 20+/logn/m
and w; = X©O;. I have also conducted experiments using the correction score mentioned in (31), and used
m = 150 for these experiments due to computational limitations. The experiments have been conducted
on 100 independent iterations, and the bias was calculated using the median of 10 reconstructions in each
iteration. The results are summarised in Figures 5, 7?7, 7 and 8.

Bias for Coefficient 4 Bias for Coefficient 4
T T T T T

-0.1 ‘ T T T T T -0.06, T
) —¥— LASSO (9—/9\ J\
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A Double debiased LASSO

-0.116 0.1 ~
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0121 ~q
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Bias

-0.119- -0.16 -

—¥— LASSO
—O— Debiased LASSO

Double debiased LASSO
o I | I I 1 I I 024 I | I I I N I

7 8 9 10 2 3 4 5 6 7 8 9 10
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Figure 5: Bias in coefficient with value 4 with w; = X©; on the left, and w; from (31) on the right
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Figure 6: Bias in coefficient with value 2 with w; = X©; on the left, and w; from (31) on the right
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Figure 7: Bias in coefficient with value 0.2 with w; = X©; on the left, and w; from (31) on the right
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4.4 Observations

The debiasing experiments require m to be of the order of (slogn)?. However, the parameters used in the
paper are m = 100, n = 300, and s varying between 2 and 16. With the given n and s = 6, the order of
m should approximately be ~ 1100. There is some flexibility with the constant factor multiplied, but the
conditions for debiasing are constrictive in this manner.

The results with correction scores calculated from (31) are very unstable, and the matrix AKJ_ Ap; was

displayed as non-invertible frequently. This could be due to m not satisfying the O((slogn)?) condition.

The decrease in bias with the modified debiased approach is very significant as compared to the subse-
quent decrease in bias due to bootstrapped method. The bias in unsupported regions of the signal actually
increased after debiasing, and the bias in the 0.2 coefficient is very high with all three methods.

There is a uniform decrease in bias among the strong coefficients 2 and 4, but this change is miniscule.

4.5 Conclusion

The bootstrapped method correctly addresses the problem of increased bias among the strong coefficients
in the support. This issue could improve the results in permutation noise correction. However, the
improvement in the results as seen in the experiments in not too significant as compared to the debiased
approach. In order to apply the bootstrapped method to permutation noise correction, the theory for
bootstrap debiasing has to be modified to work for our augmented vector cost function formulation.
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5 Theory for Saturation Noise

In practical scenarios, the measurements obtained from sensors may be corrupted by various sources of
noise, including saturation noise caused by the limited dynamic range of the sensors. Saturation noise can
lead to the clipping of measurements, resulting in loss of information and degradation of the quality of the
recovered signal.

5.1 Problem Model

To model the presence of saturation noise, we introduce a clipping function C(-) that maps the noisy
measurements to a finite range. The clipped measurements, denoted as ycj;p, are given by:

Yelip = C(ya a, b)a (37)

where C(y, a,b) is a component-wise clipping operation that truncates the values of y to the interval [a, b],
where a and b represent the lower and upper saturation levels, respectively.

5.2 Previous Work

There exists a moderate-sized literature on the problem of compressed sensing (CS) recovery from saturated
measurements, which we summarize here.

The work in [7] proposes two types of estimators for CS recovery from measurements with saturation effects
and uniform quantization (i.e., bounded) noise:

(1) ‘Saturation Rejection’ (SR), which excludes saturated measurements and performs recovery only from
the non-saturated measurements via the estimator:

. 2
min [z st Y (v A'z) <, (38)

i€Sns

(2) ‘Saturation Consistency’ (SC), which imposes the added constraint in the SR estimator, that the
recovered signal & should obey the conditions:

Vie S_,Ate < —(1—A) Vie S, At >71— A (39)

where A denotes quantization width.

The SR method may potentially ignore valuable measurements, depending on the relationship between
7 and |x]e. In the worst case, the remaining part of the sensing matrix may not satisfy the Restricted
Isometry Property (RIP) due to an insufficient number of measurements. On the other hand, the SC
method is difficult to adapt to saturation effects with Gaussian noise, which is unbounded in nature.

In recent work by [8, 11], a cost function based on the assumption that set of saturated measurements is
sparse is optimized:

Js(®) = Azl + [17][1) + lly — (Az +7)]2 (40)
= All; 7l + lly — [A](2;7) ]2 (41)

where r refers to the error due to saturation effects, (x;r) is the concatenation of column vectors x and
r, I is the identity matrix, and the |r|; term promotes sparsity of the vector . We shall refer to this
approach as ‘saturation sparsity’ (SS). Although [8, 11] prove RIP of [A|I], this property is only true in
an asymptotic sense as m — oo (with n — oo and m/n — 0). In the realistic regime when m is small, it
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has been observed that this technique tends to estimate r as a vector of all zeroes due to the penalty on
|T|1.

In recent work by [15], a greedy approximation algorithm is proposed to minimize the following cost
function, which is designed to be resilient to measurement outliers:

Jo(z) = lly — Axlp + Allzlo, 0<p<1 (42)

An approximation algorithm to minimize such a cost function is essential, as the |z|p pseudo-norm renders
this problem NP-hard. Note that the approaches in [8, 11, 15] were designed for general impulse noise and
not for saturation effects, and thus do not utilize knowledge of the saturation threshold 7.

Recent work in [4] provides theoretical bounds for the following interesting estimator, termed ’noise-
cognizant ¢;-minimization (NCLM):

min |x|; such that
x,r
(i) ClAz+7r;—7,7) =y,

(@) |rls < e,

(ii7) |z|2 < v'puv/m

The parameters v, v/, and u need to be selected based on properties of the sensing matrix, € is a bound on
ly — Ax||2, and the vector r plays the same role as in Eqn. 3. Our method presented in this paper does
not require the choice of so many parameters, nor does it require an upper bound on ||z||2.

Recent work in [14] proposes a modification to the LASSO formulation to account for saturation noise.
The data fidelity term, denoted as J.s.(y; A, 7), is given by:

Jese(x; A y) = % Z (y — A'z)? + Z (1— Az Z —7— A’z (43)

ZGSn.s ZES+ €S

where (z); = max(0,z) and (z)— = —(—x)4. The cost function becomes zero if the estimated signal falls
outside the saturation levels, as it forces the values in S; to be higher than 7 and the values in S_ to
be lower than —7. However, this also presents a limitation of the method, as it may not be suitable for
accommodating Gaussian noise, as it restricts the signal from adjusting to more continuous and spread-out
distributions of Gaussian noise.

5.3 Likelihood Maximization

Our cost function has been motivated from the likelihood function of the additive Gaussian noise. We have
y=Ax+n (44)

The cost function is then given by

L(z; A, y) :/\HccHl—l—% 3 (yi_O_Aiwy— Y log (1—@ (T_;“”"')) ~ > log <1—q> (‘T;Am»

i€ S €S, i€S_
(45)
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5.4 Theoretical Analysis

To derive the error bounds for our cost functions, we state and prove some important results.
Theorem 1. The cost function L(x; A,y) given by Equation (45) is convex.

We provide the proof for the above theorem and subsequent results in Section B.2. To proceed further, we
define the Restricted Strong Convexity property for the cost function. Denote &)

A loss function L is said to obey the restricted strong convexity (RSC) property with curvature k;, > 0
and tolerance function 77 (z) if the Bregman divergence of the cost function given by

SL(A,x) = L(y; Azy) — L(y; Az) — VL(y; Az)T (A)

satisfies SL(A, x) > k|| Al|3 — 77(z) where A £ 2, — z and for every vector A € C(S;z) .

The Bregman divergence term essentially is the error between the loss function value at Z) and its first
order Taylor series expansion about z.

Intuitively, a loss function that obeys RSC is sharply curved around z, so that any difference in the loss
function ||L(y; Az) — L(y; AZ))|| will imply a proportional estimation error ||x — Z|| for all error vectors
Ty —x € C(S;z).

Subsequently, we have the following lemma from [12].

Lemma 1. Let &. be the optimum of a general cost function L(y; Axz) + A||z|1 with a regularization
parameter A > 2||VL(y; Az)||oo. Then the error vector A = &\ — x belongs to the set C(S;x), {All|(x —
2\)|| < 3l|lx — 2|, where S is the set of indices of the s non-zero elements of x, and Vi € S, x5y = wi;

A4 ¢ S, l’s(i) =0.

Theorem 2 (Theorem 1 of [12]). If Ly is convez, differentiable, and obeys the RSC property with curvature
k and tolerance T%(x), and if 2 is as defined in Lemma 1 with X\ > 2|V L(y; Ax)|so, and if x is an s-sparse
vector, then we have -

INZs  2\TE ()

[Zx —2ll2 < —5— +
K7 KL

(46)

We now state the following theorems pertaining to the cost function in (45) and prove them in B.2.

Theorem 3. L(y, Ax;T) from Eqn. 8 follows RSC with curvature k = 7977 and tolerance function 7% (z) = 0,

where v is the restricted eigenvalue constant (REC) for A and ¥ is defined as

¥ =min(1/2,{f"(&}ies,, {f" (&ities.) (47)

The function f : R — R be defined as
f(z) = —log(®(x)) (48)

Proving RSC for our cost function implies that we will reach the global minima.

Theorem 4. For our noise model, the design matriz A and with additional constraints on the signal that
Vi, X1 < z; < Xo, we have the lower bound

mns0log(n) 1 i 1 i
VL)oo > /T2 =S ATy = 3 AT (49)

m
€S+ €S_
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with probability 2 exp{(—1/2(p — 2)log(n))} for constant p > 2. Here, mys denotes the number of unsatu-
rated measurements and T and T_ are defined as

2 @_”3/2
T, =\ —————=
* \/;2 — e Pv3/2 (50)

2 e_wg/Q
e o

we have Vi € Sy, v <wvg and Vi € S_,w; < wy where vi £ (Alx—71)/0 fori € Sy and wi & (—7— Alz)/o
forie S_.

In the above expressions, we have the bounds corresponding to Sy and S_ of the order O(y/my/m) and

O(y/m—/m) respectively.
We develop this lower bound for ||V L||« so that we can apply 2 to find the upper bound on the recon-
struction error.

Theorem 5. Let &) be the minimiser of the cost function in 45 with reqularization parameter A > 2||V L oo
and with the signal constraints from Theorem 4. Let x be the true s-sparse signal. Then we have the
following upper bound with the same probability as in Theorem 4 -

144slog(n)o?p

|ze — x]2 < (Vmps + Cy/my +m_) (52)

vm
The upper bound is directly proportional to slog(n), which is equivalent to the upper bound in Lasso
reconstruction. So, the tightness of the upper bound on the reconstruction error of our cost function is
relatively close to that of Lasso reconstruction. The bound is directly proportional to o2 as well as s = |zo
and inversely proportional to v = REC(A;s) [13, 5], all of which is intuitive. The bound relaxes with an
increase in the number of saturated measurements m. and m_. If there are no saturated measurements,
i.e., m_ = my = 0, then the bound reduces to the normal LASSO bound [5], except that here we consider
A with unit column norm as against column norm of m. The bound also increases with m,,;. However, it
turns out that the constant factor C for the O(m; +mz) term in the bounds is very large. This is because
it contains other factors of the form ¢(z) or ®(z), where z stands for either X; or Xo, which are both large
in absolute value. Hence the O(m4 + m_) term dominates over the O(m,s) term, which is intuitive.
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6 Experiments

6.1 Signal Reconstruction

We conducted experiments to evaluate the performance of our algorithm for sparse signal reconstruction by
comparing it with five other methods: (i) Saturation Rejection; (ii) Saturation Ignorance; (iii) Saturation
Consistency; (iv) Noise Cognizant L1 Minimization; and (v) Consistent Sparse Coding.

To generate measurements, we randomly drew the elements of the sensing matrix A from A (0, %) so that
A would satisfy the Restricted Isometry Property (RIP) with high probability, and applied it on sparse
signals of dimension n = 256. We then added additive noise independently to each patch and applied the
saturation operator C to the patch. We conducted experiments to analyze the variation in the algorithm’s
performance with respect to three factors: (A) number of measurements m per patch, (B) noise standard
deviation o expressed as a fraction f, € [0,1] of ¢, (C) the sparsity fraction fs, € [0,1] and (D) the fraction
fsat € [0, 1] of measurements that are saturated. Each experiment has been repeated over 50 independent
signals and measurement matrices.

For the measurements experiment (A), we varied m in the range of {50,80,110,...,200} with sp =
25, fsat = 0.15 and f, = 0.1. For the Gaussian noise experiment (B), we varied f, in the range of
{0.01,0.04,0.07,...,0.19} with fixed m = 180, sp = 25 and fsq = 0.10. For the sparsity experiment (C),
we varied fg, in the range of {0.05,0.075,...,0.2} with m = 180, fsigma = 0.05, and fsat = 15%. For
the saturation experiment (D), we varied fsq¢ in the range of {0,0.1,0.2,...,0.5} with fixed m = 180 and
fo=0.1.

To choose the regularization parameters, we employed cross validation with the unsaturated measurements.
The validation set consisted of 20% of the measurements, and we performed cross validation with a prob-
ability of 40% for each patch. The algorithms were implemented using the cvx package in MATLAB.

6.2 Image Reconstruction

We evaluated the performance of our algorithm for image reconstruction by comparing it with five other
methods: (i) Saturation Rejection; (ii) Saturation Ignorance; (iii) Saturation Consistency; (iv) Noise Cog-
nizant L1 Minimization; and (v) Consistent Sparse Coding. We used the Berkeley Image Segmentation
Dataset and divided each image into non-overlapping patches of size 16 x 16, equivalent to a signal with
n = 256. Each patch was reconstructed individually, as the images are sparse in the 2D-DCT (Discrete
Cosine Transform) basis.

To generate measurements, we randomly drew the elements of the sensing matrix A from A(0, %) so that
A would satisfy the Restricted Isometry Property (RIP) with high probability. We then added additive
noise independently to each patch and applied the saturation operator C to the patch. We conducted
experiments to analyze the variation in the algorithm’s performance with respect to three factors: (A)
number of measurements m per patch, (B) noise standard deviation o expressed as a fraction f, € [0, 1]
of ¢, and (C) the fraction fsq¢ € [0, 1] of measurements that are saturated.

For the measurements experiment (A), we varied m in the range of 50, 80, 110, . . ., 200 with fixed fsq: = 0.15

and f, = 0.1. For the Gaussian noise experiment (B), we varied f, in the range of 0.01,0.04,0.07,...,0.19
with fixed m = 180 and fsq; = 0.10. For the saturation experiment (C), we varied fsq¢ in the range of
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0,0.1,0.2,...,0.5 with fixed m = 180 and f, = 0.1.

To choose the regularization parameters, we employed cross validation with the unsaturated measure-
ments. The validation set consisted of 20% of the measurements, and we performed cross validation with
a probability of 40% for each patch. The algorithms were implemented using the cvx package in MATLAB.

6.3 Awudio Declipping

We have also performed experiments to reconstruction audio signals from clipped measurements. Unlike
the previous experiments, this application does not fall under the domain of compressed sensing. We have
a clipped input signal which is compressive in DCT, and we try to reconstruct the unclipped signal. To
measure the amount of saturation in the signal, we use the metric SDR defined by

el

(53)
where % is the noisy signal, and x is the true signal.

To reconstruct the signal & , we take the clipped signal of length T" and divide it into n segments, each
of length m, with overlaps between the adjacent segments, using a sliding window. For example, if the
clipped signal has 65536 samples, we can form x as a matrix 256 x 511, using a sliding window of m = 256
samples with a hop size equal to 128. In the experiments, the clipping level 7 is set using a routine from
[9], which takes an input SDR and outputs the clipping level. The clean signal was normalized before
Gaussian noise was added and subsequently being clipped at the specified level.

We compare our data-fidelity function with the CSC fidelity term using a music signal “mono-8000hz.mp3”.
This signal contain single channel recordings, sampled at 8 kHz. The input SNR is varied from {4, 6,8, 10,
12,15,20}, and the results are displayed in Figure 16, 17.

Figures 18, 19 show how the waveform changes after clipping and after reconstruction with each method.
I had also explored dictionary learning techniques to learn the dictionary for the audio data on the fly.
The SAD approach as proposed by [9] uses a transfer learning framework with the CSC cost function. It
is extremely efficient as the iterations use a closed-form solution for the sparse-coding step. I designed a
dictionary learning procedure for both the data-fidelity terms but they did not yield as good results as
expected.
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PSNR vs Measurements
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PSNR vs Noise
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PSNR vs Saturation
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RMSE Impr t vs. input SNR

Figure 16: Audio Declipping Performance Summary with varying input SNR
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A Details for bit-flip noise

A.1 Problem Formulation

The representation of the group-testing scenario is done as follows - Let b € R™ be the vector of samples
of n individuals. Let there be m groups. The presence of the ith sample in the jth group is represented
by a binary vector - the ith element is set to 1 and the rest are set to 0 in a vector of length n.

Once the groups are made, all the samples in a group are mixed together and tested. This setup is given
by a pooling matrix B € R™*"™ whose ith row has the members in the ith group in binary representation.

(54)

pii & 1 if ith sample belongs to jth group
0 otherwise

That is, the pooling matrix B is a Bernoulli sampled matrix (note that, such matrices generally follow
RIP). The grouped samples vector z along with the noise 7’ is then given by

2= DBb+17 (55)

The noise associated with infection samples in COVID is modeled as a multiplicative Gaussian noise which
is dependent on the value of the measurements. However, we will assume that it is independent Gaussian
additive noise for simplicity.

Now, a bit-flip occurs when a member belonging to one group is switched with an other member who does
not belong to the group. In such a case, the measurements we obtain are given by
z=Bb+1
=(B+AB)b+1
=Bb+6 +1
where B is the observed pooling matrix. Let 4,5 € [n] be such that ¢ belongs to the kth group and j does

not belong in the group. Then, a bit-flip is said to occur if the technician places j in the group instead of
i. We have B* =1, B/* = 0 and B* =0, B’ = 1.

A.2 Centering the pooling matrix

The method we develop for correcting for bit-flip errors uses the Huber Loss function and debiasing of
LASSO. These results require the pooling matrix to have zero mean. We obtain the zero mean matrix
using the A’ = 2B’ — 1¢. Then,

Y = 2(Zi — Z‘) = Q(sz + 77:) —b
= (2B" — 1")b + 28} + 21,
= A'b+ 6 +m;

where y; is the ith zero-centered measurement. The elements of the matrix A are either 1 or —1.
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A.3 Expectation of the bit-flip noise

The bit-flip noise is mathematically denoted as § 2 (A—A)b = AAb where A is the nominal centered matrix
after the bit-flips have occurred and A is the true centered matrix. We make the following assumptions to
derive the distribution of §.

e (A1) There are at most ¢t < m bit-flip errors in the pooling matrix

e (A2) The probability of a bit-flip occuring in each row is independent of the other rows and is
uniform across all rows

Suppose there is a single bit-flip between the columns ¢ and j on the kth row. Then, the probability of

this happening is given by

1
m x (3)
This is because every row and every pair of samples have an equal probability of having a flip. The

structure of AA in this case would be

P(flip of 7 and j on kth row) = (56)

0 i1j1 # tk and iyj1 # jk
A(A)hjl = . (57)
—2A;,5, otherwise
We then get
1
E[AA|A] = ——< x —24 (58)
m x (3)
In the presence of ¢ bit-flips, the expectation becomes
—2t
m x (3)

We shall state the following result without proof -
Lemma 2. Under the conditions thatt < n, ||bl|2 < 02 for some g2 > 0 and 0 < Cpin < Amin(E(AT A)) <

max(E(AT A)) < Cpaz < 00, we have ||E(AT (5 +n))]2 is o(1/m)
A.4 Huber Loss formulation

The equation of centered measurements is given by
y=Ab+d+n (60)

This equation can be modified as
y = [AlLnxm]z + 7 (61)

where x is the concatenation of the vectors b and §. The LASSO estimate for this equation is given by

~ . 1

& £ argmin |y — (AlLnxm)||3 + b1 + - ol (62)
This can be rewritten as follows. We are trying to optimise

1
in ||y — (Al Lnxm)z||3 + [|b]l1 + —||6
min 1y — (AlLmn)2l -+ 611+ = 151
1
=mi b i — Az) = 8|3+ =6
win {00 + {onin )~ o) = 313 + 1ol |

1 & ,
= 1 b -_— Ha Z_Alb
mbm{n It 2 Haly >}

This gives us the Huber loss formulation. We then have the following result.
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Lemma 3. If Lemma 2 holds along with
1. E{E(|6 +n|*|A)} < My < oo, for some k > 2
2. 0 < Crin < Amin(E(ATA)) < Amax(E(ATA)) < Crae < 00
3. For any vRP, ATv is sub-Gaussian with parameter atmost /13,
then there exists a universal constant C' such that,

2a

Cmaw 4 Cma:):
k— v + 7,

k—1
5~ bl <

[VME + Crg) 16]]2 (63)

where b}, = arg min, E{H,(y — Ab)}

A.5 Debiasing LASSO for §

The LASSO estimator has a bias incurred due to the I1 penalty term. [6] provides a method to remove
the bias and upon eliminating the bias the debiased lasso estimator has a normal distribution. We will use
this property to perform Hypothesis testing to detect the bit-flip errors.

Let 2y £ argming ||y — (A|Lnxm)z||> + A|z]1. Also, & 2 (AlLnxm)  (AlLnxm)/m. We then have the
following result -

Lemma 4. For a chosen inverse M € RmTm)x(m+n) w6 hape,

Vm(zg—z*)=Z + A (64)

where,
Z ~N(0,0°M2MT) (65)
A=m(ME - I)(@" — 2) (66)

Z and A denote the bias in x) in the above equations. Upon using the structure of M stated in equation
24, we further get the following results assuming some conditions that are omitted here for simplicity -

Lemma 5. Suppose m > (slogn)? and t < \/n.
Define the following -

1. Zy & My ATy/\/m and Zy = \/mn such that Z = (Z{ Z1)T
2. A L m(bd — b*) — 771 and As S m((sd — 5*) — Zy = \/EA(Z)* — b,\) such that A = Ay + As.
then we have

1. Ay is asymptotically smaller than Z1 as Zy has the order Op(1) whereas Ay has the order op(1).
Under asymptotic conditions,

vm(bg —b") = Z3 (67)

We get these results using Lemma 3

2. Define Aszy = \/mA(bg — b*) = Z1 + Ay, Since Ay is negligible wrt Z1, we asymptotically have
Aso = 7.

3. As a result, we have

Zoy + Azy ~ N(0,0%%5) (68)
where S5 = (ymlI + AM AT /\/m) (ymI + AM AT [ /m) "
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B Saturation Noise Bounds

B.1 Convexity

For the ease of proving results, we shall use the following notation for the cost function.

L(z; A,y) = Ln(2; Ay y) + La(; A,y) + La(w; A, y) (69)

where ( g2

i — A'w
Ly(z; A, y) = Z 31202) (70)
1€Sns

Lo(z; Ay y) = Zlog(l— (T_A$>> (71)

€S+ g
Ls(z; A y) = Zlog( < L >> (72)

€S

To prove that the cost function is convex, we will show that each of these cost functions is convex by
showing that the corresponding Hessian matrices are positive semi-definite. The cost function L; is convex
because L1 /0xdxT = > ies,. AYAHT | which is positive semi-definite. Denote v; = (A'x — y;)/o. Now,
we have the following

aLg(x) _ -1 A’gb(vl)

ox e D (vy)

(73)

This further gives -

Lo v;) + v;®(v;
6x<29:cT o2 ES: A4 <¢( c)pz;i))z( )) (74)

In the above expression, the terms A'(AH)T, ¢(v;) and ®(v;)) are positive. It will suffice to show that the nu-
merator in the expression is positive. Denote h(v) = ¢(v) +v®(v). Then, h'(v) = —vp(v) + P (v) +ve(v) =
®(v) > 0. Also, lim,—,_o h(v) = 0 as both ¢(v) and ®(v) go to 0 as v decreases and the rate of convergence
of ®(v) — 0 is faster than that of v — oo. Since h(v) is an increasing function bounded below by 0, we
have h(v) > 0 for all v € R. Consequently, this establishes that L is convex.

The convexity of Lz can be established in a similar manner. Define w; = —A’z — 7. We have,
OL3(x P(w;) + w;P(w;)
= A’ Az 75
GmaxT o? ; ( D (w;))? (75)

As proved above, this function is positive as well, implying that Lo is convex. Finally, since L1, Lo, and
L3 are convex, the cost function L is convex. [
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B.2 Restricted Strong Convexity

We will now show the property of restricted strong convexity of the cost function. To do so, we state the
definition of Bregman divergence of a cost function L with respect to a A € R"

SL(z*,A) = L(z* + A) — L(z*) — (A, VL(z"))

The cost function L is said to follow restricted strong convexity if the following holds

OL(x*, A) > rr|| A3 — 77 (x")

(76)

for the curvature term xy, > 0 and a positive tolerance function 77, for A € C such that

C £ {A:||Ase|r <3||Asll2 +4[|zic|1}. Here S stands for the set of indices of the s largest entries of
the true signal «*, and S¢ is the complement of S. Since we are dealing with purely sparse signals, S
would correspond to the support of * and xg. = 0. However, extensions to weakly sparse signals are

straightforward.

B.3 Bregman divergence calculation

We have the following relation

SL(z*,A) = 6L1(z", A) + 6La(z*, A) + Ls(z*, A)

We shall derive expressions of each of the terms independently.

B.3.1 Bregman divergence of L;

We have
Az — Yi 2
Ll(xaAvy): Z ( 20_2 ) (77)
1€Sns
Therefore,
(A x yz) i
Vi(z;Ay) = > A (78)
We then get,
_ (A(z+A) —y)*  (Az—y)* AA ,
OLi(@, A) = Z 202 202 o (A2 = i)
ZESns
[A*A|?
=2 5 (79)
1€EShs 20
k2
-z
ZESns

where k; = A'A/o for i € Sys.
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B.3.2 Bregman divergence of Lo

We have
Lo(z; Ay y) = Zlog(l— (T_A:E))
€S+ g
(80)
Alg — 1
-2 (e ()
€Sy
Therefore,
o (Az=r)
VEiy(z;Ay)=— > <,>AZ (81)
) d Alg—1
1€S4 ( o )
The expression for §Ly(z, A) is given by,
SLo(r,A) = 3 [_ log (cp (A(“A)‘T» T log <q> (A v T))
€S54 g g
Alg—T1 <82)
AIN ( a ) ]
o P (A’:g77>
To simplify the notation, define v; = (A'z — 7)/0 and k; = A*A/o.
Let v = [v1,...,vp] and k = [k1, ..., ky]. We then have,
N s )
6La(v, k) = Z log(®(vi + ki) + log(®(vi)) + ki B (v;) (83)

1€S5,

We shall use Taylor’s series expansion to simplify this expression. Let the function f : R — R be defined
as follows

f(z) = —log(®(x)) (84)

The Taylor series expansion of the function for d € R is given by

2
Flo+d) = F) +df 2) + 5 716)

o+ ) = a(o(e) ~ a2 1+ L0 (49 ) )

for £ € [z, 2 + d]. Applying the expansion at v; and v; + k; for each i € S, we get
s G (00)
—log(®(v; + ki) + log(®(v:)) + ki i((z)) = kji(é)) (i(é)) + &) Y
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Summing across all i € S,

3 [Fostote k) rsto + 5565 = 5 [55685 (5685 )]
st = 32 [ 556 (567 +4)
=2 lff"(&)

for each &; € [v;,v; + k;]. Note that k; need not be positive.

B.3.3 Bregman divergence of L3

Similar to the previous case, we have

N (=)

Therefore,
—Alz—1
VLs(x; A,y) = ;& ig%% Al

The expression for §Ls(z, A) is given by,

i [ vo(o (1 127)) (o (45)
N b <7A;x77) ]
7 o (=)

To simplify the notation, define w; = (—A’x — 7)/0 and k; = A’A /o as before.
Let w = [wi,...,wy] and k = [k; ... ky]. We then have,

SL3(v, k) = ; —log(®(w; — ki) + log(®(w;)) — ki i((z))
Like before, the Taylor series expansio; of f at z and z + d is given by
fa+d) = f(@) + 4'@) + S 1)
—log(®(x + d)) = — log(®(x)) — diﬁﬁi N d;i((?) (i(é)) . £>

for £ € [x,z + d]. We apply the expansion at w; and w; — k; for each i € S_, we get

-6
w; 2 h(& ;
-
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Summing across all i € S_,

L , i) | kP o(&) (&)
2 o0 )+ los(000) + b | = P S (a6 79
_ K o(&) (0(&) |
el h) = 2 {2 (&) (@(@) i f)] (94)
k2
= —f"(&)
i€S_ 2
for each &; € [w;, w; — k.
B.4 Curvature Calculations
From the above derivations, we have
k2
SLa(aA) =) =
i€Sns
k2
SLa(z*, A) = ESJ 5 1"(&) (95)
1E5 4
k2
SLy(x*, A) =) ?Zf”(fi)
i€S_

where k = AA /o, v* = (Az*—7) /o and w* = (—Az*—7) /0. & € [v},vi+k;] fori € S, and & € [w], w! —k;]
forie S_.

Using these expressions, the value of 0L(x*, A) is given by

SL(z*,A) = 6Li(x*, A) 4+ 6 La(z*, A) + 6 L3(z*, A)
k? k2 k2
=D 5t @+ S

i€Sns €Sy ies_ (96)

1 K
> min(ia {f//(fi)}ies+a {f”(ﬁz’)}ie&) ?z

1€[m]

We shall denote ¢ = min(1/2, {f"(&}ies,, {f” (& }ies_). Then, using the REC property of the matrix A,
we get

Y Iy
> Cl4a3="T1Al3

Plugging this equation into (76), we get k = ¥y/2 and 7(z) = 0 for z € R.
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B.5 Comparison of Bregman divergence with Saturation Rejection
The cost function in Saturation Rejection is given by

1 Aix — Y; 2
Lsr(z; Ay) = Z 2(2y)
1€EShs g (98)

= Ll (.ZU7 Aa y)
If we do the similar calculations for this cost function, we get the Bregman divergence expression as

Az +A) —y)?  (Alz —y)2 AA
5LSR(£7 A) = Z ( ( 252 - 252 ) - p (A T = yl)
ies‘ns ' ) (99)
_ oy
202

ZES’I’LS

We can see from 96 that this value is lower than that of our method. Therefore, the curvature values of
Saturation Rejection will also be lower. We have verified this empirically in the following experiments.

B.5.1 Experimental Comparison

Here we present the empirical curvature values for both SR and LM and compare them for different
parameters. The empirical calculation is done as follows -

SL(z*; A y) = K[|A]3 — T7(2%)
SL(x*; A,y) < k|| All3 (100)
k> 0L(z*; A,y)/||Al3

We do the same for Saturation rejection, and plot the values of empirical k for both. The results are shown
in Figure [20]

All the experiments are performed on signals of dimension n = 256. The elements of the sensing matrix A
are drawn i.i.d. from A(0, %) so that A would obey RIP with high probability. The additive noise is added
to the measurements, followed by application of the saturation operator C. Keeping all other parameters
fixed, we analyse the variation in the curvature with regard to change in (A) number of measurements m;
(B) signal sparsity s expressed as fraction f, € [0, 1] of signal dimension n; and (C) the fraction fq € [0, 1]
of the m measurements that are saturated. For the measurements experiment (i.e. (A)), m is varied in
{50,75,100,...,250} with s = 25, fsqt = 0.15, f; = 0.1. For the sparsity experiment (i.e. (B)), fsp is
varied in {5,8,11,...,32}/256 with m = 150, fsq: = 0.15, f, = 0.1. For the saturation experiment (i.e.
(D)), fsat was varied in {0,0.05,0.1,...,0.5} with m = 150, fs, = 25/256, f, = 0.1. The curvature is
computed over reconstructions from 100 signal samples.

The regularization parameters are chosen via cross validation with the unsaturated measurements with the
validation set containing 20% of the measurements. Cross validation is done with a probability of 40% for
each signal sample. The algorithms are implemented via the cvx package available on MATLAB.

C Gradient Bounds

The gradient of the cost function is given by

VL(z;A,y) = VLi(2; A, y) + V@ia(x; A,y) + VLs(z; A, y) (101)
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Figure 20: Empirical Curvature comparison of LM and SR wrt (A) Number of measurements m, (B) Signal
sparsity s and (C) Saturation noise fsq;
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VLi(x;A,y) Z A’A - (102)

’LESn.s
Alz—1
Viy(x;A,y) = —— Z Al (AZ ) (103)
T iesy ( = T)
VIs(riAy) == 3 A i ) (104)

UiES_ (I)< TUAZ )

We will derive the lower bounds for each of these terms and then use the triangle inequality to find the
global lower bound for the gradient. To do so, we require the following lemmas.

Lemma 6. The expression 1 — %exp(f&ﬂ) is non-negative when uw >0, f>1 and 0 < a < 1/%7%_1.

Proof. From [2], we have that erfc(x) > =P when z > 0,8>land0<a< w/%iv%_l.
Using the definition of er fc(u), for any u > 0 we have

2(1 — ®(v2u)) > aexp(—pu?)

0< (ID(\@U,) <1-— %exp(—ﬁuQ)

O

Lemma 7. The inverse Mill’s ratio ¢/® has the following bounds

(u) 2 —u2/2
B(u) > peS— Y 0<u<u (105)
olu) _ [2 e3P
b(u) =\ 72 e P’ uzSus<0 (106)

where uy,us € R

Proof. From the previous lemma, when v >0, 8 >1and 0 < a < \/% Y ’%71,

0< <I>(\/§u) <1-— %exp(—ﬁuQ)

1 1
D(u) = 1§ exp(— G 2) (107)
ot e onli=1272)
®(u) ~ 1 — G exp(—pu?/2)

Now, let us consider the first case where 0 < u < u; for some u; € R.
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0<u<u (108)

—u < —u?<0 (109)

%exp{ —u? )} < —exp{ )} <1 (110)
0<1-3 L exp{(—pu?/2)} <1- %exp{(fﬁu%/Q)} Lemma 1 (111)

0< 1 ! (112)

1—7exp{ Bu%/Q)} 1 — §exp{(—pu?/2)}

Using (107), (110) and (112) from the above set of steps, we obtain

d(u) e i
m \/> 0<u<u (113)

For us < u <0,

uy <u<0 (114)

—u3 < —u? <0 (115)
V() < 4/ expf (- <1 (116)
0<1-— %exp{(—ﬂuQ/Q)} <1- %exp{(—ﬂu%/Z)} Lemma 1 (117)

0< ! ! (118)

T1-— Zexp{( Bu%/Q)} 1 — G exp{(—Bu?/2)}

Using (107), (116) and (118) from the above set of steps, we obtain

e U 2/2
@(U) ™ — C¥€_6u2/2
O
Moving forward, we shall use the same notation as before - v; £ (Ax — 7)/0o for i € Sy and w; £

(-7 — Alx)/o foric S_.

In order to bound the gradient of the cost function, we shall assume that the true signal z* lies between
two values X7 and Xs,. That is, Vi € [n], X; <z < Xo.

C.1 Bound for VI,
We have

VLi(z;Ay) = ZAZ<Ax_yZ>

ZGSns

Let A; be the sub-matrix of A consisting of only the rows with non-saturated entries, defined by A4; £
[A7|j € Sps|]. Let mys denote the number of non-saturated entries. The jth term of the gradient is
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—(ADTz ~ N(0, || A7) where z; 2 y; — Al ~ N(0,02). This is due to the property of linear combination
of normal variables. Also, assuming the entries of A are sampled from the distribution N (0,1/m), we can
write m(A}) ~ x3 and

[m S ] ~ 2,

ZES"LS

y [m Z (A?L])Q = Mns = HA{H% R
’LeSnS

Hence, approximately

mn502

—(A})"2 ~ N0, )

The Gaussian concentration bound for the gradient is given by,

P[|(AD)7" 2] > u] < 2exp <_ u?m )

2102

Then, using union bound,

u?m
P [||Af z||oo > u] < 2exp <_2m 5 + log(n)>

ns

Define ¢ £ u?m/my,s0%log(n). The above bound is useful when ¢ > 2. We then have,

ns 1 1
P{lAT 2l 2 mgg(”)] < 2exp (@ ~9) 1og<n>>
m 2
ns01 1
P ||| AT 2]l < ’”Qg(”)] > 1-2exp <—<@— 2) 1og<n>)
m 2
Therefore,
mnpsolog(n
IV L (s A, ) oo < 1) e 08()
m
with probability at least 1 — 2exp (—1 (o — 2)log(n)).
C.2 Bound for VL,
We have ) o(0)
. Vi
L == A 119
\Y% 2(”) o GZS ®(U’L) ( )
(SRS
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For the true signal z*, we have

Xy <z < Xo (120)
n
S e Y ey aine Y A Y 4, a2
4,41 >0 4,A9 <0 j=1 7,AU >0 3,A4U <0

(p1); <A’z < (p2); renaming for convenience (122)

R Lok -
(pr)i =7 A2 =7 _ (p2)i (123)

o o o

(v1)i <vj < (v2)s (124)

Also, v} > 0. Let vy = max;(v2);, then Vi € Sy, v < vy. Using Lemma 7 on each individual term, we get

for i € S
¢ (vi) \/5 e /2
PO R —
(I)(UZ) - ™ — ae_BUQ/Q T+ (125)

Note that T is a function of A. Then,

VLs(v) > —— Z ATy (126)

l€S+

Also, vy is of the order O(1/m4/m) since (p2); is summation of m; Gaussian variables, and its distribution
is given by N (0, C'xm4 /m) for some C' > 0 where m_ is the number of positively saturated measurements.

C.3 Bound for Vi3

We will similarly lower bound L3 like above. We have

1 ; p(wi)
L = — A'——~ 127
VI = 5 2 A, 2
1€S_
For the true signal z*, we have
Xy <ot < X (128)
Z Ainl—l— Z AinQ <ZAU.’E < Z Al]X2+ Z AIJXl (129)
,A13>0 4,A1 <0 4,A13>0 4,41 <0
(p3)i _A x < (ps4); renaming for convenience (130)
_ . _Atp* _ o
(pa)i — 7 < A'z" =1 - (p3)i (131)
o o o
(wi)i <wi < (w2); (132)
Also, wf > 0. Let wy = max;(ws);, then Vi € S_, w} < wy. Then Vi € S_,
) 2 —ws /2
o(w;) > \/>2 -7 (133)
<I>(wi) ™ — ae‘ﬁw2/2
Note that T_ is a function of A. Then,
VLs(v) > = Z AT (134)

'LGS,

Also, ws is of the order O(y/m_/m) similarly.
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