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Abstract

Consider the task of recovering an unknown n-vector from phaseless linear measurements. This nonconvex
problem may be convexified into a semidefinite rank-one matrix recovery problem, known as PhaseLift.
Under a linear number of Gaussian measurements, PhaseLift recovers the unknown vector exactly with high
probability. Under noisy measurements, the solution to a variant of PhaseLift has error proportional to the ¢4
norm of the noise. In the present paper, we study the robustness of this variant of PhaseLift to gross, arbitrary
corruptions. We prove that PhaseLift can tolerate noise and a small, fixed fraction of gross errors, even in
the highly underdetermined regime where there are only O(n) measurements. The lifted phase retrieval
problem can be viewed as a rank-one robust Principal Component Analysis (PCA) problem under generic
rank-one measurements. From this perspective, the proposed convex program is simpler that the semidefinite
version of the sparse-plus-low-rank formulation standard in the robust PCA literature. Specifically, the rank
penalization through a trace term is unnecessary, and the resulting optimization program has no parameters
that need to be chosen.
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1. Introduction

This paper establishes robustness of an algorithm for recovering a vector zg € R™ from phaseless lin-
ear measurements that contain noise and a constant fraction of gross, arbitrary errors. That is, for fixed
measurement vectors a; € R™ for ¢ = 1...m, our task is to find z( satisfying

bi = |(z0, ai)|* + i + ns (1)

for known b; € R, known a;, and unknown 7; and ;. Here 7); will represent noise in the measurements, and ¢;
will represent gross, arbitrary corruptions. This recovery problem is known as phase retrieval. Measurements
of form (1) arise in several applications, such as X-ray crystallography, optics, and microscopy [10, 16, 1].
In such applications, gross corruptions in some measurements may be due to sensor failure, occlusions, or
other effects.

Recently, researchers have introduced algorithms for the phase retrieval problem that have provable
recovery guarantees [1, 4]. The insight of these methods is that the phase retrieval problem can be convexified
by lifting it to the space of matrices. That is, instead of searching for the vector x(, one can search for the
lifted matrix zoxf. The quadratic measurements (1) then become linear measurements on this lifted matrix.
As the desired matrix is semidefinite and rank-one, one can write a rank minimization problem under the
semidefinite and data constraints, which has a convex relaxation known as PhaseLift. In this noiseless case,
PhaseLift is the program

H}}n tr(X) subject to X = 0,{a!Xa; = b;}i=1..m (2)

Here, the trace of X is a convex proxy for the rank of a positive semidefinite X. An estimate for the
underlying signal xy can be found by computing the leading eigenvector of the optimizer of (2).
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Similar to [4, 7, 2], we will seek recovery guarantees for independent identically distributed Gaussians
a; ~ N(O,In) cR"”

Under this data model, [7] and [2] have shown that (2) can be simplified to the semidefinite feasibility
problem

find X = 0 such that {a‘!Xa; = b; }iz1. .m-

This feasibility problem succeeds at finding zoz{, exactly with high probability when m > cn for a sufficiently
large ¢ [2]. This scaling is quite surprising because there are only O(n) measurements for an O(n?) dimen-
sional object. As discussed in [7], the semidefinite cone is sufficiently ‘pointy’ that the high-dimensional
affine space of data-consistent matrices intersects the semidefinite cone only at exactly one point.

In the noisy case without gross erros, that is for e = 0, [2] showed that the PhaseLift variant

minz lat X a; — b;| subject to X =0 (3)

%

successfully recovers a matrix near zoz), with high probability. Specifically, they prove that the solution X
to (3) satisfies || X — zozh||p < Collnll1/m with high probability. From X, an estimate of zo can be obtained

by
Fo = \/ Mg

where (;\1, 11) is the leading eigenvector and eigenvalue pair for X. When specialized to the real-valued case,
[2] proves that |29 — +xg| < Comin(||zo||, [|n|l1/m||xo]|]) for some Cp.

The contribution of the present paper is to show that the program (3) is additionally robust against a
constant fraction of arbitrary errors. For a fixed set of coefficients that contain gross errors, we show that
approximate recovery succeeds with high probability for arbitrary signals and arbitrary values of the gross
erTors.

Theorem 1. There exist positive numbers fmin, v, ¢, C,C" such that the following holds. Let m > cn. Fiz
a set S C{1l...m} such that |S|/m < fimin. On_an event of probability at least 1 — e~ 7™, for any xo € R"
and for any e with supp(e) C S, the minimizer X to (3) satisfies
% N
HX — ,TO,TBHF S C%

The resulting estimate for xqy satisfies

0 — <o sc’min<|xo|, Il )
mlao]

Note that this high-probability result is universal over signals z( and corruptions ¢ with fixed support.
That is, a single realization of the measurement vectors a; will allow recovery with high probability for
an arbitrary and even adversarial xy. Further, for a fixed set of corrupted entries, the values of the gross
corruptions can be arbitrary and even adversarial.

In the case of no gross errors, in which € = 0, this theorem reduces to the result in [2] and the rank-one
case of [12]. In the noiseless case, in which n = 0, the theorem guarantees exact recovery of xg with high
probability under a linear number of measurements, of which a constant fraction are corrupted.

We now explore the optimality of this theorem. The scaling of m versus n is information theoretically
optimal and has no unnecessary logarithmic factors. The noise scaling is the same as in [2], and its optimality
was established there. For arbitrary errors, the fixed fraction of gross errors can not be extended to a case
where fiin > 1/2 because one could build a problem where half of the measurements are due to an xg and
the other half are due to some ;. In such a case, recovery would be impossible.

As stated, Theorem 1 only applies to real-valued signals. As the applications of phase retrieval typically
involve complex measurements, it is an important follow-up question to determine if the corresponding
theorem holds for complex measurements. We leave this question for future research. See Section 2.3 for a
brief comment on this extension.



1.1. Relation to Robust PCA

Much recent work in matrix completion has studied the recovery of low-rank matrices from arbitrary
corruptions to its entries. This is a task known as robust Principal Component Analysis (PCA). Results in
this framework typically involve measuring some of the entries of a low rank n x n matrix Xy and assuming
that some fraction of those measurements are arbitrarily corrupted, giving the data matrix A. The matrix
X can then be recovered under certain conditions by a sparse-plus-low-rank convex program:

min \| X ||, + || E||; such that P(X + E) = P(A) (4)

where || X || is the nuclear norm of X, A is a constant, || F||; is the ¢; norm of the vectorization of E, and P is
the projection of a matrix onto the observed entries. [3, 5, 11, 20, 8, 6, 14]. Results from this formulation have
been quite surprising. For example, under an appropriate choice of A and under an incoherence assumption,
the sparse-plus-low-rank decomposition succeeds for sufficiently low rank X when O(n?) entries are measured
and a small fraction of them have arbitrary errors [3]. Subsequent results have been proved that only require
m 2 rnpolylog(n) measurements, where r is the rank of X [6, 14]. This result is information theoretically
optimal except for the polylogarithmic factor.

The present paper can be viewed as a rank-one semidefinite robust PCA problem under generic rank-one
measurements. From this perspective, we would naturally formulate the PhaseLift problem under gross
errors by

min A tr(X) + Z lat X a; — b;| subject to X = 0. (5)

The present paper shows that explicit rank penalization by the trace term is not fundamental for exact
recovery in the presence of arbitrary errors. That is, (5) can be simplified by taking A = 0. The resulting
program has no free parameters that need to be explicitly tuned. As in [7, 2|, the positive semidefinite
cone provides enough of a constraint to enforce low-rankness. The present work differs from the standard
robust PCA literature in that the measurements are generic and are not direct samples of the entries of the
unknown matrix. As Gaussian measurements are easier to analyze, we can provably achieve information
theoretic scaling without additional logarithmic factors.

1.2. Numerical simulation

We now use numerical simulation to provide empirical evidence for the performance of (3). Let the signal
length n vary from 5 to 50, and let the number of measurements m vary from 10 to 250. Let zo = e;. For
each (n,m), we consider measurements such that

{bi ~ Uniform([0,104])  if 1 < < [0.05m], ©

b; = [{zo, a;)|? otherwise.

We attempt to recover zozf by solving (3) using the SDPT3 solver [17, 18] and YALMIP [15]. For a given
optimizer X, define the capped relative error as

min(| X — zozf|r/|lzozp ¥, 1).

Figure 1 plots the average capped relative error over 10 independent trials. It provides empirical evidence
that the matrix recovery problem (3) succeeds under a linear number of measurements, even when a constant
fraction of them contain very large errors.

2. Proofs

Let A : 8" — R™ be defined by the mapping X — (alXa;)i=1..m, where 8™ is the space of symmetric
real-valued n x n matrices. Note that A*A = > A\;a;al. Let Ag be the restriction of A onto the coefficients
given by the set S. Let e; be the ith standard basis vector. Let Xy = xoxé. We can write the measurements
(1) as

b= AXO +e+mn.
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Figure 1: Recovery error for the PhaseLift matrix recovery problem (3) as a function of n and m, when 5% of measurements
contain large errors. Black represents an average recovery error of 100%. White represents zero average recovery error. Each
block corresponds to the average from 10 independent trials. The solid curve depicts when the number of measurements equals
the number of degrees of freedom in a symmetric n X n matrix. The number of measurements required for successful recovery
appears to be linear in n, even with a small fraction of large errors.

Similarly, the optimization program (3) can be written as
min || AX — b||; such that X > 0.

We introduce the following notation. Let || X ||« be the nuclear norm of the matrix X. When X > 0,
X« = tr(X). Denote the Frobenius and spectral norms of X as || X||r and ||X||, respectively. Let
(X,Y) = tr(Y'X) be the Hilbert-Schmidt inner product. Given zg, let T, = {yz} + zoy' | vy € R"}.
Note that T, is the space of symmetric matrices supported on their first row and column. The orthogonal
complement T(jl- is then the space of matrices supported in the lower-right n — 1 x n — 1 block. When =z
is clear, we will simply write T instead of T,,. Let I be the identity matrix, and let 1(E) be the indicator
function of the event E.

2.1. Recovery by dual certificates

The proof of Theorem 1 will be based on dual certificates, as in [9, 4, 7, 2]. A dual certificate is an
optimal variable for the dual problem to (3). Its existence certifies the correctness of a minimizer to (3).
The first order optimality conditions at X, for (3) are given by

Y = A*A (7)
Aed|-h(-e) (8)
Y =0 (9)
(Y, Xo) =0 (10)

where || - ||1(—¢) is the subgradient of the £; norm evaluated at —e. Note that (9) and (10) imply Y7 = 0.
Such a Y would be dual certificate for (3). Unfortunately, constructing such a Y that exactly satisfies these
conditions is difficult. As in [9, 4, 7, 2], we seek an inexact dual certificate, which approximately satisfies
these conditions. Specifically, we will build a dual certificate Y = A*\ that satisfies

Ypro = Ips (11)

[Yrlle < 1/2 (12)
\i = —7% sgn(e;) %f i #0 (13)
)\i < m if g, = 0.

To prove that existence of such a Y will guarantee successful recovery of zox{ with high probability, we
will rely on two technical lemmas. The first technical lemma provides ¢1-isometry bounds on A and was
proven in [4].



Lemma 1 ([4]). There exist constants co,vo such that if m > con, then with probability at least 1 — e~ 70",

1 1

LIACOI < (14 55 ) 1 or ait X, (14)
1 1

— [ A(X)|l > 0.94 <1 - —> | X|| for all symmetric, rank-2 X (15)
m

We will need simultaneous control of the ¢;-isometry properties over several subsets of measurements.

Lemma 2. There exists a constant 7y such that the following holds. Let m > 100con, and fiz a support set
S with |S| = [0.01m]. There is an event Es with probability at least 1 — e~ 0™ on which

1
|SC| [AseX|1>0.94 (1 - —) I X|| for all symmetric rank-2 X, (16)
1
|S| [As Xl < ( E) IX ||« for all X, (17)
1
_|m| | AX]; < (1 + E) IX ||« for all X. (18)

The proof of Lemma 2 is immediate from Lemma 1.
In order to prove that a dual certificate guarantees recovery, we establish a technical result that an
optimal solution Xy + H to (3) lies near the cone ||Hp. ||« > 0.56||Hr||r with high probability.

Lemma 3. Fiz a support set S with |S| = [0.01lm] and let m > 100con. On the event Eg from Lemma 2,
for all x and for all & with supp(e) C S, any optimal Xo + H satisfies |Hp. |« > 0.56| Hr|lr — Z|n]|:.

Proof. By assumption, ||[AH —e—nlj1 < |[e+n]/1. By the additivity of the £; norm over vectors with disjoint
supports,

[AseH —nselly + [ AsH — & —nslly < lle + nsl[s + [Inse]]:- (19)
By the triangle inequality, we have
[AseH = ngelli + lle + nslls = [ AsHlly < lle +nsll + lInse 1, (20)
which implies
[AseH |1 < 2[nsellr + | AsH |1 (21)
Breaking (21) into its components on 7' and T+ and applying the triangle inequality, we have

[AseHrlly — | Ase Hpo |1 < 2|nse|ly + | AsHrlly + | AsHp |1 (22)
= AseHrll1 < 2[nse|[r + [AsHrl[1 + | AHp. |1 (23)

We now apply the ¢; isometry bounds from Lemma 1 on each term of (23). On the event Eg,

s Hrl 2 094 (1= o ) Isell ] (24)
> 091 (1- 1) Sy, (25)
where the second inequality follows because Hp has rank at most 2. On the event Eg,
Isttrls <151 (1+ g5 ) Wl (20
<|s| ( ; 1—16) V3| Hrle (27)



On the event Eg,

R e (29)
Combining (23)—(28), we have
0.94 (1 - 55) |S°| S| 2
—_— L 2— | || H < —|Inse Hpo ||« 29
<ﬁ(1+%) VA e < Znse s + e (20)
Thus, 0.56||Hr|| ¢ < Z||n|ly + |[Hp+ ||« on the event Eg. O

We may now prove that existence of an inexact dual certificate (11)—(13) will guarantee successful recovery
of a matrix near Xy = zoxf, with high probability, provided that there are few enough arbitrary errors.

Lemma 4. There exists a C such that the following holds. Fiz S such that |S| = [0.01m]. Let m > 100con.
Fix xg € R™. Fiz e € R™ such that supp(e) C S. Suppose that there exists Y = A*X satisfying (11)—(13).
Then, on the event Eg from Lemma 2, a minimizer X of (3) satisfies | X — Xo|r < C%.
Proof. Let X = Xo 4+ H be a minimizer for (3), which implies that || A(Xo + H) — b, < [ AXo —b||;. That
is,

IAH =& =l < e+ 0]
Letting oo = 7/m, condition (13) gives

Maed||-li(=e) (30)
Hence,
| =elly + (M a, AH —n) < lellx + [Inllx (31)
= A AH ) < allnl: (32)
= ( 7H> < 2allnlly (34)
Decomposing (34) into 7' and T+, we have
(Yr, Hr) < =(Yro, Hro) + 2anlh (35)
As Ypri = 0 and Hy. = 0, we have
(Ypu, Hpo) < [(Yr, Hr)| + 2]/l (36)
By conditions (11)—(12)
1
1Hps |l < (Ype, Hyo )| < [(Yr, Hr)l + 20l < 5[ Hr || r + 2a]in]l, (37)
By Lemma 3, on the event Fg,
2
1 H [l = 0.56]| Hrllr — —Inll1. (38)
Combining (37) and (38), and using o = 7/m, we get
2 14
0.56|| Hplle < =[]y + 0.5] Hrlle + — [0l (39)
m m
So,
C/ C/I
[Hrllr < —|lnlly and thus [|Hr.[[p < — 7]} (40)
m m
We conclude | X — Xo|r = [[H|lr < &5 for some C. O



2.2. Construction of the dual certificate

We now construct the dual certificate for arbitrary xy. Our construction will be a modification to the
dual certificate in [2]. Also similar to [2], we will build dual certificates with high probability on a net of .
We will then use a continuity argument to get a dual certificate for a arbitrary xy.

Let ST and S~ be disjoint supersets of the indices over which ¢ is positive or negative, respectively. Let
S = ST US~. For pedagogical purposes, ST and S~ should be thought of as exactly the indices over which
€ is positive or negative. For technical reasons, we let them be supersets of cardinality linear in n, in order
to use standard probability bounds. For a fixed choice of ST and S, let the inexact dual certificate Y be
defined by

{Z —Ta;al + Z Ta;al + Z[ al,—0H>|21(|<ai,ﬁ>| < 3)}%(1’;} (41)

€S+ €S i€Se

where 3y = Ez*1(]z| < 3) ~ 2.6728 and z is a standard normal random variable. We will refer to each of
the terms of in the right hand side of (41) as Y, Y_, and Yj, respectively.

The form of Yy is due to [2], and the intuition behind it is as follows. Note that E(a;al) = I,, and
E(|(a;, e1)]?a;al) = <ﬁ00 I 0 1>, where By = Ez* for a standard normal z. The construction - 37 [Gy —
[{ai, e1)|?]a;al thus has expected value (8y —1)I7., which would provide the exact dual certificate conditions
(9)-(10). As shown in [2], a satisfactory inexact dual certificate can be built with m = O(n) and coefficients
that are truncated to be no larger than 7/m. In the present formulation, the terms Y} and Y_ are then set
to have coefficients F7/m in order to satisfy (13).

We now show that for a fixed signal and a fixed pattern of signs of ¢, that a dual certificate exists with
high probability.

Lemma 5. There exists constants c¢,y* such that the following holds. Let m > cn. Fix xg € R™ and e € R™.
Let ST and S~ be fized disjoint sets of cardinality [0.001m]. Then the dual certificate Y from (41) satisfies
(13), [|Yz|lr < 1/4, and ||[Ypo — 22 1p1 || < 3 with probability at least 1 — e,

Proof. Without loss of generality, it suffices to assume zy = e;. It suffices to show that with high probability

‘ Yors = golre | <0.15, (42)
Worle < — (43)
07lIF < 55
Yo <0.015, (44)
Y rllr < 0.035. (45)

First, we establish (42)-(43). By Lemma 2.3 in [2], there exist ¢ 4 such that if |S¢| > ¢n, then with
probability at least 1 — e~ 7I5°I

m 17
HEYO’TL - EITL S 1/10, and (46)
—Yyr| < 3/20. (47)
|5¢]
Thus,
17 Sel 17 S¢
‘}/O)TL—EITL S‘%)TL—%EITL +(1 |m|)ﬁ<015

which establishes (42). By (47), we get (43) immediately.
Next, we establish (44). Let o/ be the vector formed by the last n — 1 components of a. Observe that
> icg+ @a;”™ is a Wishart random matrix. Standard estimates for singular values of random matrices with



Gaussian i.i.d. entries, such as Corollary 5.35 in [19], apply. If [ST| = [0.001m] > éyn, with probability at
least 1 — e~ 1™ for some 71,

1 .
ﬁ Z a/iai' —ITL S 1/2
€St
Hence,
1 / Ix
Hﬁ Z a;a; S 3/2
€St

Thus, ||V, 71| < 31571 and we arrive at (44). The bound for the Y_ 5. term is identical.

2 m?
Next, we establish (45). Note that Y, = —7% : ﬁ > ieg+ aial. As per Lemma 6, if [ST| = [0.001m] >
+ ~
&in, then [|Yy 7llr <7515 < 7.0.001 - 5, with probability at least 1 — e~ 7™,

Thus (42)—(45) hold simultaneously with probability at least 1 — e~ 7™ for some v* provided that ¢ >
max(2¢, 1000¢g, 100067 ).
O

The behavior of Y4 7 relies on the following probability estimate for the behavior of a Gaussian Wishart
matrix on 7.

Lemma 6. Let 29 = e1. Let A= L 3" aal. There exists ¢1,51 such that if m > én then ||Ar|lp <5
with probability at least 1 — e~ 71",

Proof. Let y be the (1,1) entry of A, and let 3/’ be the rest of the first column of A. Then ||Ar||Z = v*+||y/||3.
So, y = L 3" aZ(1). Hence, my ~ x2,. Standard results on the concentration of chi-squared variables,
such as Lemma 1 in [13], give

P(my > 4m) < e T2,

for some 71 2. Hence P(y? > 16) < e~ 712™m,
Now, it remains to bound [|y/[|3. We can write y' = L Z’c, where Z’ = [a}, ..., a],] and ¢; = a;(i), where

Z' and c are independent. Note that ||c[|3 is a Chi-squared random variable with m degrees of freedom.
Hence, with probability at least 1 — e=71.2™

llell3 < 4m
For fixed ||z]|2 = 1, || Z’z||3 ~ x2_;, and hence with probability at least 1 — e~71:3™
1Z"z||5 < m

when m > é&n. Hence, m?||y’||3 < 4m - m with probability at least 1 — 2e~714™. So, [|y/[|2 < 2 with
probability at least 1 — 2e~71.4™,
So || A7 |3 < 25, and hence ||A7||p <5 with probability at least 1 —e~71™ for some 7.
O

We now show that for a fixed signal and support set of gross errors, there is a high probability that a
dual certificate exists simultaneously for all gross errors.

Lemma 7. Fir xo and a support set S. If m > cn and |S|/m < min(0.001,7*/2log2), then there is
an event Eg , on which for all € with supp(e) C S, there exists a Y satisfying (13), ||Yr|lr < 1/4, and
[Yrr — 2 1p0|| < 3/10. The probability of Es ., is at least 1 — e=m/2,

Proof. Consider all of the 25! possible assignments of sign to the entries of € on S. For each, choose an S+
and S~ that are disjoint, have cardinality [0.001m], and are supersets of the indices assigned a positive or
negative sign, respectively. Let Es,zo be the event on which all sign assignments yield a Y satisfying (13),
[Yr|lp < 1/4, and ||[Ypr — 2170 || < 3/10. By Lemma 5, this event has probability at least

1—28le=m > 1 —emm/2,



We now show that for a fixed support set of gross errors, there is a high probability that a dual certificate
exists simultaneously for all signals and for all gross errors.

Lemma 8. Fiz a support set S. If m > max(c,410g(201)/v*)n and |S|/m < min(0.001,~v*/2log2), then on
an event of probability at least 1 — e~ ™% for all xo and for all e with supp(e) C S, there exists Y = A*\
satisfying (13) with o =T7/m and |Yr|r < 0.44 and ||[Ypo — 12Ip. || < 4/10.

Proof. By Lemma 7, for any fixed all xy such that ||zg]] = 1, for all & with supp(e) C S, there exists a
Y = A* X such that

7

o < — 4
[Alloo < — (48)
Mg = - sen(es) (49)

= —sgn
S m gnies

|Ypo 4+ 1.7Ip1] € 0.3 (50)
|Yr||r < 0.25 (51)

on the event Es,xm which has probability at least 1 — e~ /2. By Lemma 5.2 in [19], there exists a net N:
such that |Nz| < (1+2/e)". Hence, such a Y exists simultaneously for all zyp € N on an event of probability
at least 1 —(1+2/)"e™" ™/2, If m > 4nlog(1+2/¢)/~*, then such a Y exists simultaneously for all xo € N.
with probability at least 1 — e=7 /4 > 1 — ¢=7 /4,

We now appeal to a continuity argument to show that a dual certificate exists for points not on the net
N;. For an arbitrary  such that ||z||2 = 1, we consider the Y corresponding to the nearest 29 € N.. Note
that ||x — zo|| < e by definition of the net M. We now closely follow the proof and notation of Corollary 2.4
in [2] to show that Y is a satisfactory approximate dual certificate for x.

Note that |Y|| < 2.5. Let A = za® — ozl and note that ||A||p < 2e. Let T'= T,.. Now we have

Ypo + L70pe = Yro + 1700 — Ry (52)
Yr =Yz, + Re (53)
where

Ry =AY (I — woxl) + (I — 2ozh) YA — AYA + 1.7A (54)
Ry = AY (I — zoz() + (I — zozh) YA — AYA (55)

We observe that
Rl < 20 YA = zoag]| + [[YIA]® + 1.7 A]l < 13.4¢ + 10 (56)
[Rall < V2| Rall < V2 YA — oxb]| + [[YHA[?) < 10v2(e + %) (57)

If we choose ¢ = 0.01, ||Ry|| < 0.135 and ||Ra||r < 0.143. and

Y7o 4+ 1717, || <0.3+0.135 = 0.435 (58)
| Yr|[F < 0.25 +0.143 = 0.393 (59)
O

We can now prove Theorem 1.

Proof of Theorem 1. Assume that |S|/m < min(0.001,7*/2log2) and m > max(c,4log(201)/9*). By
Lemma 8, there is an event of probability at least 1 — e~ ™/* such that for all zo and for all ¢ with
supp(e) C 9, there exists a Y = A*\ satisfying (11)-(13). Choose a superset S such that |S| = 0.01m. On
the intersection of this event with Frz, Lemma 4 guarantees that | X — Xo|lr < C||nll1/m. The intersection
of these events has probability at least 1 — e~ 7™ for some ~.

The proof of the error estimate ||Z — zo|| < C’ min (||:EOH linlls ) can be found in [4]. O

T mllzoll



2.3. Comment on the complex-valued case

Extending Theorem 1 to the complex-valued case may be possible. In the proofs above, the most central
use of the real-valued assumption is in the concentration estimates of the dual certificate. The certificate is
broken into pieces where ¢ is positive, negative, and zero. In the complex case, there are an infinite number
of direction that the values of € can take. Hence, the complex case will require a more involved analysis.
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