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Abstract

We consider the phase retrieval problem of reconstructing a n-dimensional
real or complex signal X* from m (possibly noisy) observations Y, =
|>n , @, X7 /v/nl, for a large class of correlated real and complex random
sensing matrices ®, in a high-dimensional setting where m,n — oo while
a = m/n = O(1). First, we derive sharp asymptotics for the lowest possi-
ble estimation error achievable statistically and we unveil the existence of sharp
phase transitions for the weak- and full-recovery thresholds as a function of the
singular values of the matrix ®. This is achieved by providing a rigorous proof of
a result first obtained by the replica method from statistical mechanics. In particu-
lar, the information-theoretic transition to perfect recovery for full-rank matrices
appears at = 1 (real case) and o = 2 (complex case). Secondly, we analyze
the performance of the best-known polynomial time algorithm for this problem
— approximate message-passing— establishing the existence of a statistical-to-
algorithmic gap depending, again, on the spectral properties of ®. Our work
provides an extensive classification of the statistical and algorithmic thresholds in
high-dimensional phase retrieval for a broad class of random matrices.

1 Introduction

Consider the reconstruction problem of a real or complex signal from m observations of its modulus
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YL:’— o, X7,
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where the m X n sensing matrix ® € K™*" is known, with X* € K" (K € {R, C}). More generally,
measurements can be a noisy function of the modulus, for example by an additive Gaussian noise.
This inverse problem, known in the literature under the umbrella of phase retrieval, is relevant to a
series of signal processing [[IH3] and statistical estimation [4-7] tasks. It appears in setups in optics
and crystallography where detectors can often only measure information about the amplitude of
signals, thus losing the information about its phase. It is also a challenging example of a non-convex
problem and non-convex optimization with a complex loss landscape [8H10]. Here we are interested
in understanding the fundamental limitations of phase retrieval. We focus on the following questions:

/’[’:17"" (1)
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i) What is the lowest possible error one can get in estimating the signal X*?
ii) What is the minimal number of measurements needed to produce an estimator positively
correlated with the signal (that is with non-trivial error in the n, m — oo limit)?
iii) How to efficiently reconstruct X* in practice with a polynomial time algorithm?
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We provide a sharp answer to these questions for a large set of random sensing matrices ® that hold
with high probability in the high-dimensional limit where m, n — oo keeping the rate « =m/n fixed.

Main contributions and related work — There has been an extensive amount of work on phase
retrieval with random matrices. The performance of the Bayes-optimal estimator has been heuristically
derived for real orthogonally invariant matrices ® and real signals drawn from generic but separable
distributions [[11} [12]]. Results for the i.i.d. (real) Gaussian matrix case were rigorously proven in
[13], where the algorithmic gap is also studied. This analysis was later non-rigorously extended to
the case of non-separable prior distributions [[14]. The weak-recovery transition discussed here was
studied in detail in [[15}[16] for i.i.d. Gaussian matrices, while the case of unitary-column matrices
was discussed in [[17H19]. Our analysis extends these results by considering arbitrary matrices with
orthogonal or unitary invariance properties, encapsulating all the cases described above. Message
passing algorithms, in particular the generalized vector-approximate message-passing (G-VAMP),
have been studied in [20, 21]]. In the present setting these algorithms are conjectured to be optimal
among all polynomial-time ones. To test the performance of the G-VAMP algorithm, we used the
TrAMP library [22]] that provides an open-source implementation. In the present work we derive
sharp asymptotics for the lowest possible estimation error achievable statistically and algorithmically,
locate the phase transitions for weak- and full-recovery as a function of the singular values of the
matrix ® and also discuss the existence of a statistical-to-algorithmic gap. Our main contributions
are:

o We extend the results of [[12] to the complex case, by using the heuristic replica method from
statistical physics to derive a unified single-letter formula for the performance of the Bayes-optimal
estimator under a separable signal distribution F, and for ® taken from a right-orthogonally
(unitarily in the complex case) invariant ensemble with arbitrary spectrum.

e We rigorously prove the aforementioned formula in two particular cases. First, when the distribution
Py is Gaussian (real or complex) and ® = WB is the product of a Gaussian matrix W with an
arbitrary matrix B. Second, for a Gaussian matrix ® (real or complex) with any separable
distribution Py. These are non-trivial extensions of the the proofs of [13}[23125]].

e In the n,m — oo limit, with & = m/n = ©(1), we identify (as a function of the singular values
distribution of ®) the algorithmic weak-recovery threshold awr, a1go above which better-than-
random inference reconstruction of X* is possible in polynomial time.

o We establish the information-theoretic full recovery threshold arpgr T above which full recon-
struction of X* (meaning that the recovery is perfect up to the possible rank deficiency of ®) is
statistically possible, as a function of the singular values distribution of ®.

e We provide a measure of the intrinsic algorithmic hardness of phase retrieval by studying
the performance of the G-VAMP algorithm, which can be rigorously tracked for orthogo-
nally (unitarily) invariant ® [20, [21]. We use this rigorous analysis to numerically establish
the existence or absence of a statistical-to-algorithmic gap for reconstruction in the follow-
ing cases ® € {real/complex Gaussian, orthogonal/unitary, product of complex Gaussians}, for
which such an analysis was, to the best of our knowledge, lacking.

Our findings for the statistical and algorithmic thresholds are summarized in Table([T] for different
real and complex ensembles of ®. Entries in bold emphasize new results obtained in this manuscript,
filling a gap between the different previous works in the phase retrieval literature.

Throughout the manuscript we adopt the following notation. Let 5 € {1,2}. We denote K = R if
B =1and K= Cif 5 = 2. Ug(n) denotes the orthogonal (respectively unitary) group. For m > n,
amatrix A € K"*"™ is said to be column-orthogonal (unitary) if ATA =1, For z, y € K, we define
a ‘dot product’ as ¥ -y = zy if K = R and z - y = Re[Ty] if K = C. In particular = - z = |z|?.
The Gaussian measure N;5(0, 1) is defined as Dgz = (27/8) /% exp(—3|2|2/2) dz and Dy is
the Kullback—Leibler divergence. v will denote the asymptotic spectral density of ®f® /n and we
designate (f(A)), = [v(dX)f()) the linear statistics of v.

Some consequences of our results — We list here some interesting (and often surprising) con-
sequences of our analysis. Since our rigorous results concern a subclass of orthogonally invariant
matrices, proving and/or interpreting these statements more generally is an interesting future direction.

e One sees from eq. (TI) that maximizing awr, algo implies maximizing (A\)2/(A?),. The highest
ratio is reached when v is a delta distribution: for any symmetric channel and prior (see (I0))
the ensemble that maximizes awR, Algo 1 thus the one of uniformly-sampled column-orthogonal



Matrix ensemble and value of 3 OWR, Algo QFR,IT QFR, Algo

Real Gaussian ® (8 = 1) 0.5 [15L116] 1 [20] ~ 1.12 [13]
Complex Gaussian ® (5 = 2) 1 [15,116] 2 ~ 2.027
Real column-orthogonal ® (5 = 1) 1.5 1 [26] ~ 1.584
Complex column-unitary ® (5 = 2) 2 17, 18] 2
P = W W; (8 = 1, aspect ratio ) ~v/(2(1 + 7)) [14] | min(1,~) [26]
P = W; W, (8 = 2, aspect ratio ) /(1 4+7~) min(2,2v)
®, 3¢ {1,2}, k[®T®]/n =1 Eq. (13) Br
Gauss. @, 8 € {1,2}, symm. Py, P,y | Eq. [15]16] Thm.

®, 3 € {1,2}, symm. Py, P,y Eq. (TT) Conj. [2.1]

Table 1: Values of the algorithmic weak recovery, information-theoretic full recovery, and algo-
rithmic full recovery thresholds for several random matrix ensembles. When the ensemble of ® is
not specified, we consider any right-orthogonally (unitarily) invariant ensemble with well-defined
asymptotic spectral density. The last two lines are given for any symmetric (cf eq. (I0)) prior Py and
channel P,,, while all other results are for Gaussian P and a noiseless phase retrieval channel. We
reference results of this manuscript when the value is not given by a closed-form expression, but can
be computed from the formulas herein. In some particular ensembles, we have numerically analyzed
these equations in Section[d] The new results obtained in our work are written in bold style, and we
give references to papers in which the previously known thresholds were computed.

(8=1) or column-unitary (5 =2) matrices. Conversely, awRr,algo can be made arbitrarily small
using a product of many Gaussian matrices, both in the real and complex cases.

o In complex noiseless phase retrieval the information-theoretic weak-recovery threshold for column-
unitary matrices is located at awgr, 17 = 2 [18]. Our results (Table imply that this corresponds to
an “all-or-nothing” transition located precisely at o= 2. Moreover, the derivations of awRr,Algo and
apgr, 1T in Sections [3}4|show that for any complex matrix awr, algo = 2(A\)2/(A\?), < aFr1T =
2(1 — v({0})), with the equality only being attained for v a delta distribution. Uniformly sampled
column-unitary matrices are thus the only right-unitarily invariant complex matrices which present
an "all-or-nothing" transition in complex noiseless phase retrieval (for a Gaussian prior). To the
best of our knowledge, this is a first establishment of such a transition in a “dense” problem (as
opposed to a sparse setting [27, [28]]). Investigating further the existence of these transitions, e.g. as
a function of the prior, is left for future work.

o Consider again noiseless phase retrieval with Gaussian prior. For real orthogonal matrices, one has
QWR,Algo—OFR,IT = 0.5 > 0. Since awRr,algo 1s @ smooth function of the eigenvalue density v, we
expect that the inequality holds for many real random matrix ensembles. However, in the complex
case, by our previous point, awr,Algo < aFR,1T. The gap thus only occurs in the real setting.

2 Analysis of information-theoretically optimal estimation

The phase reconstruction task introduced in eq. (I)) belongs to the large class of generalized linear
estimation problems. In this section, we provide a Bayesian analysis of the statistically optimal

estimator X, € K™ for this general class of problems. In the sections that follow, we draw the
consequences for the case of the phase reconstruction problem we are interested in in this manuscript.
In the generalized linear model, the goal is to reconstruct a signal X* € K", with components drawn
i.i.d. from a fixed prior distribution Py over K, from the observations Y € R™ generated as:

1 n
Y, = our (ﬁ > @uXiA), 1<p<m, o)
=1

where (A,);L; € K™ are i.i.d. random variables with (known) distribution P4 accounting for
a possible noise, @q,¢ is the observation channel and @ is a random matrix with elements in
K. We let P,;(-|z) denote the probability density function associated to the stochastic function
@out (2, A). Further, we assume that Py has a second moment given by p = E[|z|?] > 0. Note
that the phase reconstruction problem introduced in eq. (1)) corresponds to a likelihood Py (y|z)
that only depends on z through |z|2. For instance, for Gaussian additive noise it is explicitly

given by Py (ylz) = Ni(y;|2]?, A), while the noiseless case corresponds to the limit A | 0 :



Pout(y|2) = 6(y — |2|?). In this work, we consider a large class of random matrices ® distributed as
& L USV', with arbitrary U € Ug(m), V drawn uniformly from Ug(n), and S the pseudo-diagonal
of singular values of ®. We assume that the spectral measure of STS/n almost surely converges
(in the weak sense) I to a probability measure v with compact support supp(v ) C R;. Crucially,
we assume that the statistician knows how the observations were generated - i.e. she has access
to Py, Py, and the distribution of ®, therefore reducing the problem to the reconstruction of the
specific realization of X*. In this setting, commonly known as Bayes- optimal, the statistically optimal
estimator X minimizing the mean-squared error mse(X) = ||X — X*||? is simply given by the
posterior mean Xopt = E[x|Y], where the posterior distribution is explicitly given by:

m

ﬁ (dz;) H out(Y‘qu)M2$Z> (3)

P(dx]Y) =

Exact sampling from the posterior is intractable for large values of n, m € N*. However, certain
information theoretical quantities are accessible analytically precisely in this limit. Indeed, our first set
of results concerns a rigorous evaluation of the mutual information /(X*;Y) = Dxp(Px,y | Py ® Py)
between the signal X* and the observations Y for the generalized linear model in the high-dimensional
limit of n, m — oo with m/n — « > 0 fixed. This quantity fully characterizes the asymptotic

performance of the Bayes-optimal estimator Xopt in high dimensions via the -MMSE theorem [29].

Asymptotic mutual information and minimum mean-squared error— The mutual information
between the observations and the hidden variables can be decomposed into two terms:

I[(X*;Y|®) = H(Y|®) - H(Y|X", ®). )

The entropy H(Y|X*, ®) = Eln P(Y|X*, ®) = —mEIn P, (Y1 |(®X*)1 //n) is easily computed
in the high-dimensional limit for a given channel P:

lim — L H(Y[X",®) = a /R dy /K D Pour(y1v/D26) In P (4] /06, 5)

n—oo n

with Q, = p()\),/a. Indeed, as n — oo, the law of (®X*);//n asymptotically approaches
N3(0, Q) by the central limit theorem. The challenge in computing the mutual information therefore
reduces to the evaluation of the free entropy H(Y|®) = Eln Z,(Y), related to the log-normalization
of the posterior. Our first result is a single-letter formula for the asymptotic free entropy density of
right-orthogonally (unitarily) invariant sensing matrices:

Conjecture 2.1. Under the assumptions above, the asymptotic free entropy density for the posterior
distribution deﬁned in eq. (3) with right-orthogonally (unitarily) invariant sensing matrix ® is:

lim Ey«»an( Y)= sup sup [lo(ge)+ odout(q:) + Tint(¢z, =), (6)
n—oon (Iwe[ovp] Qze[onz]

where Io(q;) = q1n>f0 [f ﬂq;qz + Ee 20(v/ €, Go) log Zo(\/(jjcf,(jm)]’
Tou(q:) = Qiznzfo [ ﬂq;qz - gln(Qz +q.) + Qﬂcq;z
q 7 1
+E dy Zou ; ~ A s A log Zou 3 N qu y A s

5/R v Zou(v Q- (Q PR Z) o8 Zou (v V@ i) Qz+qz)
Faaldera2) =_int (50— a0+ D(Qs — a2z = S0n(o™ 470 +202))

B B aﬁ afq.

- 5 1H(P - qg:) - 2p - 7 (Qz - QZ) - QQZ .

"We actually assume the following, which is (slightly) stronger: the convergence should happen at a rate at
least n' ¢ for an € > 0. This condition was not precised in the replica calculation of [12] for real matrices. In
practice, in classical orthogonally (unitarily)-invariant random matrix ensembles, we often have € = 1.



We defined Q. = p(\),/a and Q.= 1/Q., & ~ N3(0,1) and the following auxiliary functions:
—Balz)? -z —
Zo(b,a) = E, [Po(Z)e zal2l" 450 ], Zouwt(y;w,v) = E, [Pout(y‘ﬁz +w)], @)

with z ~ N3(0, 1). Moreover, the asymptotic minimum mean squared error, achieved by the Bayes-
optimal estimator, is equal to p — ¢}, with g, the solution of the above extremization problem;

1 ~
lim MMSE = lim —E||X* — Xopi||> = p — ¢} 8)
n—,oo M

n—oo

This formula, derived in Appendix [A]using the heuristic (hence the conjecture) replica method from
statistical physics [30]], holds for any separable signal distribution F and for any choice of likelihood
P, . It extends the formula from [12]] to complex signals X* and sensing matrices ®. In particular,
it also holds in the case of complex matrices ® and real signal X*, by adding a constraint on the
imaginary part of X* in P. It also encompasses the case of sparse signals, which is of wide interest
in the compressive sensing literature [31H35]]. Proving Conjecture 2.1]is a challenging open problem.
We provide a significant step by proving Conjecture for a broad class of likelihoods P,; and in
two settings: a restricted signal distribution P, and a broad class of real and complex likelihoods and
sensing matrices ®, or a broad class of prior distribution Py and (real or complex) Gaussian ®.

Theorem 2.2. Let us denote

(HO) Pout K? — Ris Cz’ and (27 a) = (@out (27 a)7 az‘Pout (Z, a), ag@out (27 a)) is bounded.
(hl1) Py is a centered Gaussian distribution, without loss of generality Py = N(0, 1).

(h2) ® is distributed as P < wan //P» with W € K"*P an i.i.d. standard Gaussian matrix, and
B € KP*™ an arbitrary matrix (random or deterministic), independent of W. Moreover, as
n — 0o, p/n — 3§ > 0.

(h3) The empirical spectral distribution of B'B /n weakly converges (a.s.) to a compactly-supported
measure vg # 0g. Moreover, there is Aypax > 0 such that a.s. )\max(BTB/n) — n—soo Amax-
(k'1) Py has a finite second moment, and ® ,; S N5(0,1).

Assume that all[(HO)|(hI)|(h2)|(h3)| or that all[(HO)|[(h'1)| stand. Then Conjecture 2.1 holds with v

the asymptotic eigenvalue distribution of ®1®/

The proof is based on the adaptive interpolation methocﬂ [25], and is provided in Appendix @ In
particular, Theorem [2.2] allows to rigorously compute the asymptotic minimum mean-squared error
(MMSE) achieved by the Bayes-optimal estimator. Theorem [2.2] extends the rigorous results of
[L3] to a larger class of sensing matrices and to the complex case, including both real orthogonally
invariant matrices and the products of i.i.d. Gaussian matrices, heuristically studied respectively in
[12]] and [14].

Remark 2.3. Following the arguments of [[13 24, hypothesis can be relaxed to continuity a.e.
and the existence of moments of pout, S0 that our theorem also covers noiseless phase retrieval.

This single-letter formula reduces the high-dimensional computation of the MMSE to a simple
low-dimensional extremization problem. The MMSE as a function of the sample complexity « can be
readily computed from egs. (6) and (8] for a given signal distribution P, (determining ), likelihood
Pyt (determining I,,) and spectral density v (determining [iy).

Statistical vs algorithmic performance — Conjecture[2.1]and Theorem [2.2] show that the global
maximum of the potential in eq. (6) describes the performance of the statistically optimal estimator

Xopt for generalized linear estimation. Interestingly, eq. (6) also contains rich information about the
algorithmic aspects of this problem. Indeed, it has been shown that the performance of the G-VAMP
algorithm, the best-known polynomial time algorithm for this problem, corresponds precisely to the
MSE achieved by running gradient descent on the potential in eq. (6) from the trivial initial condition
gz = q. = 0[20,21]]. In the sections that follow, we exploit this result to derive the thresholds

!"The rigorous statement on the limit of the MMSE requires adding a side information channel with arbitrarily

small signal, cf Appendix
In Theorem we rely on some Gaussianity, either in the prior or in the data matrix. This is a not specific
to our setting, but rather a fundamental limitation of the adaptive interpolation method used for the proof.



characterizing the statistical and algorithmic limitations of signal estimation. We adopt the subscript
IT for the thresholds related to the Bayes-optimal estimator and Algo for the G-VAMP onesﬂ

3 Weak-recovery transition

A natural question to ask is: what is the minimum sample complexity awRr,algo = 0 such that for
all @ > awr,A1go We can algorithmically reconstruct X* better than a trivial random draw from the
known signal distribution P)? Also known as the algorithmic weak-recovery threshold, awr,Algo
can also be characterized in terms of the MSE achieved by G-VAMP:

awr,Algo = argmin{ MSEqvamp (o) < p}.
a>0

In this section, we establish sufficient conditions for the existence of the algorithmic weak-recovery
threshold awr, a1go = 0, and we derive an analytical expression for this threshold.

G-VAMP State Evolution —  Recalling that g, € [0, p], from eq. (§) it is easy to see that the weak-
recovery threshold is the smallest sample complexity « such that the potential of eq. (6) has no longer
a local maximum in ¢, = 0. In opposition, the region for which the MSE is maximal (MSE = p)
corresponds to the existence of a trivial maximum in eq. (6) with ¢, = ¢. = 0. The extrema of
the potential in eq. (6) can be characterized by the solutions of the following State Evolution (SE)
equations, obtained by looking at the zero-gradient points:

¢z = EeZo|fol?, Gz = g [ & +Ee [dy Zouel foue?].  On)
A dz o 4 — 9z _
Gz = m Vs 4= = 0.(Q.—q) V= (%9b)
1 A
pme= () @) = G, )
where fo(b,a) = 0plog Zo(b, a) and fous(y; w, v) = 0, log Zout (y; w, v) are evaluated at (b, a) =
(V@z€, d4.) and (w,v) = ( 5 (5z+é )5, 5 i_q ) respectively. Note in particular that eq. (9c) has to

be solved over (7, .) in order to be iterated. Since the algorithmic performance is characterized by
precisely maximizing eq. (6) starting from the trivial point, the algorithmic weak-recovery threshold
OWR,Algo Can be analytically computed from a local stability analysis of this point. Note that in
general awg, 1T # OWR, Algo SiNCe ¢z = ¢, = 0 can be just a local maximum of eq. (.

Existence and location of the weak-recovery threshold — It is easy to verify that the state
evolution equations (9) admit a trivial fixed point in which ¢, = ¢, = §» = §. = 7 = 7. = 0 when
Py and P, are symmetric, that is when for any y € R and z1, x2, 21, 20 € K:

|z1| = |z2| = Po(z1) = Po(z2) and  |z1]| = |22] = Pout(y|21) = Pout(y|2z2).  (10)

In particular, this symmetry condition holds for the phase retrieval likelihood and for Gaussian signals
considered here. When it exists, the trivial extremizer ¢, = ¢, = 0 can be a (local) maximum or a
minimum, corresponding to whether the trivial fixed point of the state evolution equations is stable
or unstable. The weak-recovery threshold can therefore be determined by looking at the Jacobian
around the trivial fixed point. The details of the stability analysis are given in Appendix [B] The result
is that a linear instability of the trivial fixed point appears at & = awR,Algo Satisfying the equation:

ﬂ(l n [/ dy’ f]KDﬂZ (|Z|2 -1) Pout(y| \/ omz)r}—l) an
R Jie D37 Poue (] 5222) |

QWR,Algo — <)\2>
Note that the integrand and the averages (-),, depend on awg, Algo» 50 that this is an implicit equation
on awr,Algo- Eq. (IT) is the most generic formula for the weak recovery threshold for any data
matrix ® and phase retrieval channel P, ;. As emphasized in the following examples, it generalizes
in particular several previously known formulas for different channels and random matrix ensembles.

v

"Even though we do not provide a proof for the optimality of-GVAMP, we chose such notation in accordance
with the previous literature on this topic, in which this optimality is often assumed.
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Figure 1: Comparison of MSE achieved by the Bayes-optimal estimator and the G-VAMP algorithm,
for an i.i.d. real Gaussian (left) and a column-orthogonal (right) sensing matrix ® (i.e. 87®/n = 1,,),
with a real Gaussian prior. Dots correspond to finite size simulations of G-VAMP (the mean and std
are taken over 5 instances, with n = 8000 in the Gaussian case and m = 8192 in the orthogonal case),
while full lines are obtained from the state evolution equations. The vertical grey dashed lines denote
the algorithmic weak recovery threshold awr, a1g0. Note the presence of a statistical-to-algorithmic
gap in both ensembles, and that for column-orthogonal matrices awr, Algo > OFR,IT-

Gaussian sensing matrix —  For Gaussian i.i.d. matrices, (), = a and (\?), = o? + q, so that
QAWR.Algo = |:/ dy| fKDBZ (|Z|2 — 1) POut(y|\/ﬁz)|2:|—1 "
,Algo R f]K DﬂZ Pout(y|\/ﬁZ) )

a result which was previously derived in [15]] in the real and complex cases.

Noiseless phase retrieval — In the noiseless phase retrieval problem, one has P (y|z) =
§(y — |2]?). In particular, one can easily check that this implies:

ﬂ) e

awrai = (14 5) 757

This last formula allows to retrieve and generalize many results previously derived in the literature.
For instance, for a Gaussian i.i.d. matrix, we find awr, aigo = 8/2 , which was derived in [[15] [16].
For an orthogonal or unitary column matrix, cwg,alge = 1 + (8 /2), which was already known for
B = 2 [I15]] (but not for 3 = 1). For the product of p i.i.d. Gaussian matrices with sizes ko, - - - , kp,
with kg = mand k, = n, and y; = n/k; for 0 < I < p, we have awr,aigo = (8/2)[1+ >0, w] ™%
which generalizes the previously-known real case [[14]]. We emphasize that eq. (I3) encapsulates all
these results and goes beyond by considering an arbitrary spectrum for the sensing matrix, while

eq. also considers arbitrary channels P, .

13)

The weak-recovery IT transition —  So far, we only considered the algorithmic weak-recovery
threshold. Extending our analysis to the information-theoretic treshold cewr 17 1s an interesting open
direction, which requires understanding the appearance of a global maximum in the replica-symmetric
potential of eq. (6), but not necessarily continuously from the ¢, = ¢, =0 solution. At the moment,
we are not able to carry such an analysis, which is left for future work.

4 Statistical and algorithmic analysis of noiseless phase retrieval

While our results hold for any generalized estimation problem of the type introduced in Section 2]
we now focus especially on noiseless phase retrieval. We fix Poy(y|2) = 6(y — |2|?) and take
Py=N3(0,1). We can indeed consider p=1, as the scaling is irrelevant under a noiseless channel.

Full-recovery threshold for Gaussian signals — We now turn our attention to the information-
theoretical full-recovery threshold apgr 7. For high number of samples o > 1, we expect the
MMSE to plateau at a minimum achievable reconstruction error MMSEq = inf, MMSE(«), which
is a function of the statistics of ®. In this case, we define the information-theoretical full-recovery
threshold apg, 11 as the smallest sample complexity such that MMSEj, is attained. In Appendix



we show that the full-recovery can be perfect (MMSE, = 0) or partial MMSE, > 0) depending on
the rank of ®. Indeed, we show that:

aFR,IT = ﬁ(l — V({O})) (14)

Informally, v/({0}), the fraction of zeros in the spectrum of ®T® /n, is the fraction of the signal
“lost” by the sensing matrix. The stationary point of eq. (6 that corresponds to full recovery satisfies
MMSE, = v({0}), while the reconstruction of the vector ®x is perfect. The effect of rank deficiency
is illustrated in Fig. [3}left, with the case of ® given by a product of two Gaussian matrices. We
emphasize that apg 1 is in general not well-defined for an arbitrary channel, which is why we only
derived eq. (T4) in the noiseless case.

Evaluation of the thresholds and comparison to simulations — Algorithmic weak-recovery and
information-theoretical full-recovery thresholds can be readily obtained from eqs. (I3),(T4). Below,
we solve the state evolution equations (9) for different real and complex ensembles of sensing matrix
®, and compare it to numerical simulations of G-VAMP.

Real case — The case of a real signal X* € R™ has been previously studied in the literature for
particular ensembles of real-valued sensing matrix ®. A formula analogous to eq. (6) has been
heuristically derived for real orthogonally invariant matrices ® and real signals drawn from generic
but separable F; [12]], and the specific i.i.d. Gaussian matrix case was rigorously proven in [13]]. The
heuristic analysis was later extended to non-separable signal distributions P, [14]]. In Fig.[I} we
illustrate the case of real Gaussian and real column-orthogonal sensing matrix ®, the latter not having
been investigated previously in the literature. We compute the MMSE by solving the State Evolution
equations starting from an informed solution (close to full recovery). The minimal mean-squared
error achievable with the G-VAMP algorithm is computed using the State Evolution equations starting
from the uninformed q, = 0 solution. We compare these predictions with numerical simulations of
the G-VAMP algorithm on Gaussian matrices and uniformly sampled orthogonal matrices, as well
as randomly subsampled Hadamard matrices. The simulations are in very good agreement with the
prediction, and our results on Hadamard matrices suggest that the curves of Fig. [Tjright are valid for
more general ensembles than uniformly sampled orthogonal matrices, and that one can allow some
controlled structure in the matrix without harming the performance of the algorithm.

Complex case — Previous works on complex signals X* € C™ have (to the best of our knowledge)
focused solely on the study of the weak recovery threshold awg (statistical or algorithmic), which
was located for i.i.d. complex Gaussian matrices [[15, [16] and uniformly sampled column-unitary
matrices [[17,119]. We begin by extending the aforementioned results by identifying the full recovery
threshold apr T in these cases, and comparing the performance of the G-VAMP algorithm to the SE
solution. Fig.2]illustrates our results for these two ensembles. The algorithmic full-recovery threshold
OFR,Algo 18 found numerically from the state evolution equations and is in good agreement with
finite size simulations. The existence of a statistical-to-algorithmic gap A = apgr,Algo — aFR, 1T > 0
reflects the intrinsic hardness of phase retrieval in the real and complex case. However, it is interesting
to note that even though full-recovery in the complex case requires more data than in the real case,
the size of the statistical-to-algorithmic gap in the complex ensembles is smaller than in their real
counterparts. In Fig.[3[ we analyze the case of a product of two i.i.d. standard Gaussian matrices
P = W, Wy, with Wy € C™*P and Wy € CP*™ for different aspect ratios y = p/n. We can identify
the presence of a threshold awr, algo = 7/(147) (computed in Section[3) that delimits the possibility
of weak recovery both information-theoretically and in polynomial time. The information-theoretic
full-recovery is achieved at apr ;T = min(2, 27), in agreement with eq. (I4). Consistently with
the real case results of [14], the full recovery algorithmic threshold is very close to the information-
theoretic one, and precisely equal for v = 1, although the gap is too small to be visible in the left and
right parts of Fig.[3] Therefore, the performance of G-VAMP is exactly given by the Bayes-optimal
estimator, apart for v # 1 in a very small range (opR 1T, @FR,Algo), Whose size is of order 1073 for
~v € {0.5,1.5}. Asy — oo, one recovers the statistical-to-algorithmic gap present in the complex
Gaussian case, which is again very small (around 0.027, cf Table[I). Although this hard phase is very
small, we therefore postulate its existence for all v # 1, generalizing the real case results of [14]].

Application to images — Importantly, while the knowledge of the distribution of the true signal is
required for our theoretical analysis, the G-VAMP algorithm is also well-defined beyond this scope,
e.g. it can be used to infer natural images with Fourier matrices. Using a Gaussian prior to infer the
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Figure 3: Mean squared error as a function of the measurement rate «, for a sensing matrix ¢ =
W, W, a product of two complex i.i.d. standard Gaussian matrices W1 € C™*P, Wy € CP*" with
aspect ratios v = p/n € {0.5,1.0,1.5}. Red curves denote the recovery on ®X*//n and blue
curves on X*. Cyan dashed lines denote the full reconstruction threshold apr,T- The G-VAMP
experiments were performed with n = 5000, and the mean and std are taken over 5 instances.

image can then actually be seen as the minimal assumption on the underlying signal, as it amounts
to simply fix its norm: our theory can thus predict the performance of this G-VAMP algorithm for
any signal, structured or not. We conducted a simple experiment on a natural image with a randomly
subsampled DFT matrix ®, described in Fig. ] Although we are far from a Bayes-optimal setting,
the achieved MSE is very close to values of Fig. 2] of the paper, for all values of «. In particular,
we achieve perfect recovery for oo > 2.3, just above argr,a1go =~ 2.27 which was derived for random
unitary matrices, i.i.d. data and in the Bayes-optimal setting.

Original image

a=23,MSE=0.0 a=2.2, MSE=0.639 a=2.1, MSE =0.81 a=2.0, MSE = 0.999

&

Figure 4: Performance of the G-VAMP algorithm for noiseless phase retrieval. We wish to recover a
77x102 image (on the left), and we use a complex Gaussian prior to infer the signal. The data matrix
® is a randomly subsampled DFT matrix.



Acknowledgments and Disclosure of Funding

The authors would like to thank Yoshiyuki Kabashima for insightful discussions on the replica
computations with orthogonally invariant matrices, and Yue M. Lu for fruitful discussions at the
beginning of this work. Additional funding is acknowledged by AM from “Chaire de recherche sur les
modeles et sciences des données”, Fondation CFM pour la Recherche-ENS. This work is supported by
the ERC under the European Union’s Horizon 2020 Research and Innovation Program 714608-SMilLe,
as well as by the French Agence Nationale de la Recherche under grant ANR-17-CE23-0023-01
PAIL and ANR-19-P31A-0001 PRAIRIE.

Broader Impact

Our work is theoretical in nature, and as such its potential societal consequences are difficult to
foresee. We however anticipate that deeper theoretical understanding of the functioning of machine
learning systems will lead to better anticipation of such societal consequences in the long term.

References

[1] James R Fienup. Phase retrieval algorithms: a comparison. Applied optics, 21(15):2758-2769,
1982.

[2] Michael Unser and Murray Eden. Maximum likelihood estimation of liner signal parameters
for poisson processes. IEEE Transactions on Acoustics, Speech, and Signal Processing, 36(6):
942-945, 1988.

[3] Angélique Drémeau, Antoine Liutkus, David Martina, Ori Katz, Christophe Schiilke, Florent
Krzakala, Sylvain Gigan, and Laurent Daudet. Reference-less measurement of the transmission
matrix of a highly scattering material using a dmd and phase retrieval techniques. Optics express,
23(9):11898-11911, 2015.

[4] Emmanuel J Candes, Xiaodong Li, and Mahdi Soltanolkotabi. Phase retrieval via wirtinger
flow: Theory and algorithms. IEEE Transactions on Information Theory, 61(4):1985-2007,
2015.

[5] Emmanuel J Candes, Yonina C Eldar, Thomas Strohmer, and Vladislav Voroninski. Phase
retrieval via matrix completion. SIAM review, 57(2):225-251, 2015.

[6] Kishore Jaganathan, Yonina C Eldar, and Babak Hassibi. Phase retrieval: An overview of recent
developments. arXiv preprint arXiv:1510.07713, 2015.

[7] Iréne Waldspurger, Alexandre d’ Aspremont, and Stéphane Mallat. Phase recovery, maxcut and
complex semidefinite programming. Mathematical Programming, 149(1-2):47-81, 2015.

[8] Praneeth Netrapalli, Prateek Jain, and Sujay Sanghavi. Phase retrieval using alternating mini-
mization. In Advances in Neural Information Processing Systems, pages 2796-2804, 2013.

[9] Ju Sun, Qing Qu, and John Wright. A geometric analysis of phase retrieval. Foundations of
Computational Mathematics, 18(5):1131-1198, 2018.

[10] Paul Hand, Oscar Leong, and Vlad Voroninski. Phase retrieval under a generative prior. In
S. Bengio, H. Wallach, H. Larochelle, K. Grauman, N. Cesa-Bianchi, and R. Garnett, editors,
Advances in Neural Information Processing Systems 31, pages 9136-9146. Curran Associates,
Inc., 2018.

[11] Yoshiyuki Kabashima. Inference from correlated patterns: a unified theory for perceptron
learning and linear vector channels. In Journal of Physics: Conference Series, volume 95, page
012001. IOP Publishing, 2008.

[12] Takashi Takahashi and Yoshiyuki Kabashima. Macroscopic analysis of vector approximate
message passing in a model mismatch setting. arXiv preprint arXiv:2001.02824, 2020.

10



[13] Jean Barbier, Florent Krzakala, Nicolas Macris, Léo Miolane, and Lenka Zdeborova. Optimal
errors and phase transitions in high-dimensional generalized linear models. Proceedings of the
National Academy of Sciences, 116(12):5451-5460, 2019.

[14] Benjamin Aubin, Bruno Loureiro, Antoine Baker, Florent Krzakala, and Lenka Zdeborova.
Exact asymptotics for phase retrieval and compressed sensing with random generative priors.
arXiv preprint arXiv:1912.02008, 2019.

[15] Marco Mondelli and Andrea Montanari. Fundamental limits of weak recovery with applications
to phase retrieval. Foundations of Computational Mathematics, 19(3):703-773, Sep 2018. ISSN
1615-3383. doi: 10.1007/s10208-018-9395-y.

[16] Wangyu Luo, Wael Alghamdi, and Yue M Lu. Optimal spectral initialization for signal recovery
with applications to phase retrieval. IEEE Transactions on Signal Processing, 67(9):2347-2356,
2019.

[17] Junjie Ma and Li Ping. Orthogonal amp. IEEE Access, 5:2020-2033, 2017.

[18] Junjie Ma, Rishabh Dudeja, Ji Xu, Arian Maleki, and Xiaodong Wang. Spectral method for
phase retrieval: an expectation propagation perspective. arXiv preprint arXiv:1903.02505, 2019.

[19] Rishabh Dudeja, Milad Bakhshizadeh, Junjie Ma, and Arian Maleki. Analysis of spectral
methods for phase retrieval with random orthogonal matrices. IEEE Transactions on Information
Theory, 2020.

[20] Sundeep Rangan, Philip Schniter, and Alyson K Fletcher. Vector approximate message passing.
In 2017 IEEE International Symposium on Information Theory (ISIT), pages 1588—1592. IEEE,
2017.

[21] Philip Schniter, Sundeep Rangan, and Alyson K Fletcher. Vector approximate message passing
for the generalized linear model. In 2016 50th Asilomar Conference on Signals, Systems and
Computers, pages 1525-1529. IEEE, 2016.

[22] Antoine Baker, Benjamin Aubin, Florent Krzakala, and Lenka Zdeborova. Tramp: Compo-
sitional inference with tree approximate message passing. arXiv preprint arXiv:2004.01571,
2020.

[23] Jean Barbier, Nicolas Macris, Antoine Maillard, and Florent Krzakala. The mutual information
in random linear estimation beyond iid matrices. In 2018 IEEE International Symposium on
Information Theory (ISIT), pages 1390-1394. IEEE, 2018.

[24] Benjamin Aubin, Antoine Maillard, Florent Krzakala, Nicolas Macris, Lenka Zdeborov4, et al.
The committee machine: Computational to statistical gaps in learning a two-layers neural
network. In Advances in Neural Information Processing Systems, pages 3223-3234, 2018.

[25] Jean Barbier and Nicolas Macris. The adaptive interpolation method: a simple scheme to
prove replica formulas in bayesian inference. Probability Theory and Related Fields, 174(3-4):
1133-1185, 2019.

[26] Emmanuel J Candes and Terence Tao. Near-optimal signal recovery from random projections:
Universal encoding strategies? IEEE transactions on information theory, 52(12):5406-5425,
2006.

[27] David Gamarnik and Ilias Zadik. High dimensional linear regression with binary coefficients:
Mean squared error and a phase transition. In Conference on Learning Theory (COLT), 2017.

[28] Galen Reeves, Jiaming Xu, and Ilias Zadik. All-or-nothing phenomena: From single-letter to
high dimensions. In 2019 IEEE 8th International Workshop on Computational Advances in
Multi-Sensor Adaptive Processing (CAMSAP), pages 654-658. IEEE, 2019.

[29] D. Guo, S. Shamai, and S. Verdu. Mutual information and minimum mean-square error in
gaussian channels. IEEE Transactions on Information Theory, 51(4):1261-1282, Apr 2005.
ISSN 0018-9448. doi: 10.1109/tit.2005.844072.

11



[30]

[31]

[32]

[33]

[34]

[35]

Marc Mézard, Giorgio Parisi, and Miguel Virasoro. Spin glass theory and beyond: An Intro-
duction to the Replica Method and Its Applications, volume 9. World Scientific Publishing
Company, 1987.

David L Donoho. Compressed sensing. IEEE Transactions on information theory, 52(4):
1289-1306, 2006.

David L Donoho, Arian Maleki, and Andrea Montanari. Message-passing algorithms for
compressed sensing. Proceedings of the National Academy of Sciences, 106(45):18914-18919,
20009.

Florent Krzakala, Andre Manoel, Eric W Tramel, and Lenka Zdeborova. Variational free
energies for compressed sensing. In 2014 IEEE International Symposium on Information
Theory, pages 1499-1503. 1IEEE, 2014.

Florent Krzakala, Marc Mézard, Francois Sausset, Yifan Sun, and Lenka Zdeborova. Probabilis-
tic reconstruction in compressed sensing: algorithms, phase diagrams, and threshold achieving
matrices. Journal of Statistical Mechanics: Theory and Experiment, 2012(08):P08009, 2012.

Philip Schniter and Sundeep Rangan. Compressive phase retrieval via generalized approximate
message passing. IEEE Transactions on Signal Processing, 63(4):1043—-1055, 2014.

12



	Introduction
	Analysis of information-theoretically optimal estimation
	Weak-recovery transition
	Statistical and algorithmic analysis of noiseless phase retrieval

