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Abstract. We consider the problem of estimating a signal from measure-
ments obtained via a generalized linear model. We focus on estimators based
on approximate message passing (AMP), a family of iterative algorithms with
many appealing features: the performance of AMP in the high-dimensional limit
can be succinctly characterized under suitable model assumptions; AMP can also
be tailored to the empirical distribution of the signal entries, and for a wide class
of estimation problems, AMP is conjectured to be optimal among all polynomial-
time algorithms. However, a major issue of AMP is that in many models (such
as phase retrieval), it requires an initialization correlated with the ground-truth
signal and independent from the measurement matrix. Assuming that such an
initialization is available is typically not realistic. In this paper, we solve this
problem by proposing an AMP algorithm initialized with a spectral estimator.
With such an initialization, the standard AMP analysis fails since the spectral
estimator depends in a complicated way on the design matrix. Our main contri-
bution is a rigorous characterization of the performance of AMP with spectral
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initialization in the high-dimensional limit. The key technical idea is to define
and analyze a two-phase artificial AMP algorithm that first produces the spectral
estimator, and then closely approximates the iterates of the true AMP. We also
provide numerical results that demonstrate the validity of the proposed approach.

Keywords: machine learning, message-passing algorithms, statistical inference,
learning theory
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1. Introduction

We consider the problem of estimating a d-dimensional signal € R? from n i.i.d. mea-
surements y; ~ p(y|(z, a;)), i € {1,...,n}, where (-,-) is the scalar product, {a;}i<i<,
are given sensing vectors, and the (stochastic) output function p(:|(x, a;)) is a given
probability distribution. This is known as a generalized linear model (GLM) [McC18],
and it encompasses many settings of interest in statistical estimation and signal pro-
cessing [RGO1, BB08, YLSV12, EK12]. One notable example is the problem of phase
retrieval [Fie82, SEC*15], where y, = |(z, a;)|* + w;, with w; being noise. Phase retrieval
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appears in several areas of science and engineering, see e.g. [FD87, Mil90, DJ17], and
the last few years have witnessed a surge of interest in the design and analysis of efficient
algorithms; see the review [F'S20] and the discussion at the end of this section.

Here, we consider GLMs in the high-dimensional setting where n, d — oo, with their
ratio tending to a fixed constant, i.e. n/d — § € R. We focus on a family of iterative
algorithms known as approximate message passing (AMP). AMP algorithms are derived
via approximations of belief propagation on the factor graph representing the estimation
problem. AMP algorithms were first proposed for estimation in linear models [DMMO09,
BM11], and for estimation in GLMs [Ranll]. AMP has since been applied to a wide
range of high-dimensional statistical estimation problems including compressed sens-
ing [KMS*12, BM12, MAYB13], low rank matrix estimation [RF12, DM14, KKM™16],
group synchronization [PWBM18], and specific instances of GLMs such as logistic
regression [SC19] and phase retrieval [SR14, MXM19, MLKZ20].

Starting from an initialization 2’ € R?, the AMP algorithm for GLMs produces iter-
atively refined estimates of the signal, denoted by z!, for ¢t > 1. An appealing feature of
AMP is that, under suitable model assumptions, its performance in the high-dimensional
limit can be precisely characterized by a succinct deterministic recursion called state evo-
lution [BM11, Boll4, JM13]. Specifically, in the high-dimensional limit, the empirical
distribution of the estimate ' converges to the law of the random variable p, X + o; W,
for t> 1. Here X ~ Py (the signal prior), and W; ~ N(0, 1) is independent of X. The
state evolution recursion specifies how the constants (i, 0;) can be computed from
(f4;_1,04-1) (see section 3 for details).

Using the state evolution analysis, it has been shown that AMP provably achieves
Bayes-optimal performance in some special cases [DJM13, DM14, MV21]|. Indeed, a
conjecture from statistical physics posits that AMP is optimal among all polynomial-
time algorithms. The optimality of AMP for GLMs is discussed in [BKM*19].

However, when used for estimation in GLMs, a major issue in current AMP theory
is that in many problems (including phase retrieval) we require an initialization z°
that is correlated with the unknown signal x but independent of the sensing vectors
{a;}. It is often not realistic to assume that such a realization is available. For such
GLMs, without a correlated initialization, asymptotic state evolution analysis predicts
that the AMP estimates will be uninformative, i.e. their normalized correlation with
the signal vanishes in the large system limit. Thus, developing an AMP theory that
does not rely on unrealistic assumptions about the initialization is an important open
problem.

In this paper, we solve this open problem for a wide class of GLMs by rigorously
analyzing the AMP algorithm with a spectral estimator. The idea of using a spectral esti-
mator for GLMs was introduced in [Li92], and its performance in the high-dimensional
limit was recently characterized in [LL19, MM19]. It was shown that the normalized
correlation of the spectral estimator with the signal undergoes a phase transition, and
for the special case of phase retrieval, the threshold for strictly positive correlation with
the signal matches the information-theoretic threshold [MM19].

Our main technical contribution is a novel analysis of AMP with spectral initializa-
tion for GLMs, under the assumption that the sensing vectors {a;} are i.i.d. Gaussian.
This yields a rigorous characterization of the performance in the high-dimensional limit
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(theorem 1). The analysis of AMP with spectral initialization is far from obvious since
the spectral estimator depends in a non-trivial way on the sensing vectors {a;}. The
existing state evolution analysis for GLMs [Ran11, JM13] crucially depends on the AMP
initialization being independent of the sensing vectors, and therefore cannot be directly
applied.

At the center of our approach is the design and analysis of an artificial AMP
algorithm. The artificial AMP operates in two phases: in the first phase, it performs
a power method, so that its iterates approach the spectral initialization of the true
AMP; in the second phase, its iterates are designed to remain close to the iterates of the
true AMP. The initialization of the artificial AMP is correlated with x, but indepen-
dent of the sensing vectors {a;}, which allows us to apply the standard state evolution
analysis. Note that the initialization of the artificial AMP is impractical (it requires the
knowledge of the unknown signal x!). However, this is not an issue, since the artificial
AMP is employed solely as a proof technique: we prove a state evolution result for the
true AMP by showing that its iterates are close to those in the second phase of the
artificial AMP.

Initializing AMP with a (different) spectral method has been recently shown to
be effective for low-rank matrix estimation [MV21]. However, our proof technique for
analyzing spectral initialization for GLMs is different from the approach in [MV21]. The
argument in that paper is specific to the spiked random matrix model and relies on a
delicate decoupling argument between the outlier eigenvectors and the bulk. Here, we
follow an approach developed in [MTV20], where a specially designed AMP is used to
establish the joint empirical distribution of the signal, the spectral estimator, and the
linear estimator.

For the case of phase retrieval, in [MXM18] it is provided a heuristic argument for
the validity of spectral initialization, and it is stated that establishing a rigorous proof
is an open problem. Our paper not only solves this open problem, but it also gives a
provable initialization method valid for a class of GLMs.

We note that, for some GLMs, AMP does not require a special initialization that
is correlated with the signal x. In section 3, we give a condition on the GLM out-
put function that specifies precisely when such a correlated initialization is required
(see (3.13)). This condition is satisfied by several popular GLMs, including phase
retrieval. It is in these cases that AMP with spectral initialization is most useful.

Other related work. For the problem of phase retrieval, several algorithmic solu-
tions have been proposed and analyzed in recent years. An inevitably non-exhaustive list
includes semi-definite programming relaxations [CSV13, CESV15, CLS15a, WdM15], a
convex relaxation operating in the natural domain of the signal [GS18, BR17], alter-
nating minimization [NJS13], Wirtinger flow [CLS15b, CC17, MWCC20], iterative pro-
jections [LGL15|, the Kaczmarz method [Weil5, TV19], and mirror descent [WR20].
A generalized AMP (GAMP) algorithm was introduced in [SR14], and an AMP to
solve the non-convex problem with ¢, regularization was proposed and analyzed in
[MXM19]. Most of the algorithms mentioned above require an initialization correlated
with the signal & and, to obtain such an initialization, spectral methods are widely
employed.
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Beyond the Gaussian setting, spectral methods for phase retrieval with random
orthogonal matrices are analyzed in [DBMM20]. Statistical and computational phase
transitions in phase retrieval for a large class of correlated real and complex random
sensing matrices are investigated in [MLKZ20], and a general AMP algorithm for rota-
tionally invariant matrices is studied in [Fan20]. In [ESAP*20], it is characterized the
generalization error of GLMs via the multi-layer vector AMP of [FRS18, PSAR"20].
Thus, the extension of our techniques to more general sensing models represents an
interesting avenue for future research.

2. Preliminaries

Notation and definitions. Given n € N, we use the shorthand [n] = {1, ..., n}. Given
a vector x, we denote by ||x||s its Euclidean norm. The empirical distribution of a
vector € = (zy,...,14)" is given by 52?215%, where ¢,, denotes a Dirac delta mass on
7;. Similarly, the empirical joint distribution of vectors x, # € RY is %12?:15(,5%).

GLMs. Let z€ R? be the signal of interest, and assume that |z||3 =d. The
signal is observed via inner products with n sensing vectors (@), with each
a; € R having independent Gaussian entries with mean zero and variance 1/d,
ie. (a@;) ~iia N(0,I;/d). Given g, = (x,a;), the components of the observed vector
y=(y1,...,y,) € R" are independently generated according to a conditional distribu-
tion pyg, i.e. y; ~ pyc(vilg;). We stack the sensing vectors as rows to define the n x d
sensing matrix 4,i.e. A = [ai,..., a,|". For the special case of phase retrieval, the model
is y = |Ax|° + w, where w is a noise vector with independent entries. We consider a
sequence of problems of growing dimension d, and assume that, as d — oo, the sampling
ratio n/d — 4, for some constant § € (0, 00). We remark that, as d — oo, the empirical
distribution of g = (¢, ..., g,) converges in Wasserstein distance (W2) to G ~ N(0, 1).

Spectral initialization. The spectral estimator &’ is the principal eigenvector of
the d x d matrix D, defined as

D, = ATZsAa with Z, = diag(ﬁ(:gl)a SR ﬁ(yn))a (2'1)

where 7;:R — R is a preprocessing function. We now review some results from [MM19,
LL19] on the performance of the spectral estimator in the high-dimensional limit.

Let G ~N(0,1), Y~ p(:|G), and Z; = T,(Y). We will make the following assump-
tions on Z,.

(A1) P(Z,=0) < 1.
(A2) Z, has bounded support and 7 is the supremum of this support:

T =inf{z:P(Z, < z) = 1}. (2.2)

(A3) As X approaches 7 from the right, we have

https://doi.org/10.1088/1742-5468 /ac9828 5


https://doi.org/10.1088/1742-5468/ac9828

Approximate message passing with spectral initialization for generalized linear models*

For A € (7,00) and § € (0, 00), define

p(\) = )\]E{ f_ ? } Ys(\) = 2 + AE{ X fz } (2.4)

Note that ¢(A) is a monotone non-increasing function and that v5(A) is a convex func-
tion. Let As; be the point at which v; attains its minimum, i.e. A\; = argminy>, ¥s(A).
For A € (7,00), also define

C(;()\) = 1/)5(IH&X()\, 5\5)) (25)

We remark that (; is an increasing function and, from lemma 2 in [MM19], we have
that the equation (5(\) = ¢(\) admits a unique solution for A > 7.

The following result characterizes the performance of the spectral estimator &°. Its
proof follows directly from lemma 2 in [MM19].

Lemma 2.1. Let @ be such that ||x||5 = d, {a;}icp~i1.a.N(Og, I/d), and y = (yy, ..., y,)
with {y; Yicp~iiapyie. Let n/d— 0, G ~N(0,1) and define Z; = T,(Y) for Y ~ Py
Assume that Zs satisfies the assumptions (A1), (A2) and (A3). Let & be the principal
eigenvector of the matriz D, defined in (2.1), and let X} be the unique solution of (5(\) =
d(X) for X > 7. Then, as n— oo,

0, if ¥5(N;) <0,

oA (2.6)
¢S(A?)6<—5cz’(A;)’ if Y5(A5) > 0,

where s and ¢ are the derivatives of the respective functions.

G T
EIHEE

(1>

Remark 2.1 (equivalent characterization). Using the definitions (2.4) and (2.5), the
conditions (5(A\;) = ¢(A\) and ¢5(A\;) > 0 are equivalent to

Z(G-1)) 1 z? 1

When these conditions are satisfied, the limit of the normalized correlation in (2.6) can
be expressed as

1
5
a’ =
1
5

z
B ]E{ ()‘:;_Z-‘)z } (2 8)
722(G*-1) | ’
+ E{ AL }
Remark 2.2 (optimal preprocessing function). In [MM19] it is derived the prepro-

cessing function minimizing the value of § necessary to achieve weak recovery, i.e. a
strictly positive correlation between &’ and z. In particular, let 4, be defined as

https://doi.org/10.1088/1742-5468 /ac9828 6
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1 EuleEE-1pE )
5“‘</R Ec{p(yIC)} dy)’ 29

with G ~ N(0, 1). Furthermore, let us also define

N Vou - T*(y)
T<y)_\/5—(\/5—\/&)fr*(y)’ (2.10)

where
Ec{p(y|G)}
T y) =1— . 2.11
=1 Babie) - @) 24y
Then, by taking 7, = T, for any § > §,, we almost surely have
r
lim &2 (2.12)

noee || @], |2,

for some € > 0. Furthermore, for any 6 < d,, there is no pre-processing function 7 such
that, almost surely, (2.12) holds. For a more formal statement of this result, see theorem 4
of [MM19]. The preprocessing function that, at a given § > J,,, maximizes the correlation
between Z° and x is also related to 7*(y) as defined in (2.11), and it is derived in [LAL19].

3. GAMP with spectral initialization

We make the following additional assumptions on the signal «, the output distribution
Py and the preprocessing function 7, used for the spectral estimator.

(B1) Let Py 4 denote the empirical distribution of € R As d — oo, Py, converges
weakly to a distribution Py such that limg . B {|X['} = Ep {|X[}. We note

Pxa
that EPX{\XIQ} = 1, since we assume ||z||3 = d.

(B2) We have E{|Y |’} < oo, for Y ~ Pyc(-|G) and G ~ N(0,1). Furthermore, there
exists a function ¢: R x R — R and a random variable V independent of G such
that Y = ¢(G, V). More precisely, for any measurable set A C ) and almost every
g, we have P(Y € A|G = g) = P(q(g, V) € A). We also assume that E{|V[*} < oco.
This is without loss of generality due to the functional representation lemma, see
page 626 of [EGK11].

(B3) The function 7;:R — R is bounded and Lipschitz.

Following the terminology of [Ranl1], we refer to the AMP for GLMs as GAMP. In
each iteration t, the proposed GAMP algorithm produces an estimate x! of the signal
. The algorithm is defined in terms of a sequence of Lipschitz functions f; : R — R and
h;:R xR — R, for t > 0. We initialize using the spectral estimator &*:

https://doi.org/10.1088/1742-5468 /ac9828 7
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o _ 5L
2 =d ik (3.1)

1 \/3
0

where by = %ZL fo(z?), the diagonal matrix Z, is defined in (2.1), and A} is given by
(2.7). Then, for ¢t > 0, the algorithm computes:

1

= %ATht(ut ) y) - tht(wt)a (33)
1

u'tl = %Aft+1(wt+1) - bt+1ht(ut , y)' (3'4)

Here the functions f and h; are understood to be applied component-wise, i.e.

fi(@) = (fi(zh),. .., fi(z])) and hy(u'5y) = (he(ulsan), ..., hy(ul 5y,)). The scalars by, ¢,
are defined as

n d
1 1
=D hi(ubiy), b= i, (3.5)
i=1 i=1

where h;(-,) denotes the derivative with respect to the first argument.

The asymptotic empirical distribution of the GAMP iterates x', u', for ¢t > 0, can be
succinctly characterized via a deterministic recursion, called state evolution. Our main
result, theorem 1, shows that for ¢ > 0, the empirical distributions of u' and x' converge
in Wasserstein distance W5 to the laws of the random variables U; and X;, respectively,
with

X = px X +ox Wy, (3.6)
Ui = G+ ou Wy, (3.7)

where (G, Wy ;)~i1a.N(0,1). Similarly, X ~ Py and Wx; ~ N(0,1) are independent.
The deterministic parameters (jty;, opy, iy, 0x:) are recursively computed as follows,
for ¢ > 0:

1
Rt = %E{Xft(Xt)},

0(2],1% = ;E{ft(XtY} - M?Lt?
fix i1 = VOE{Gh (U Y)} — E{hL(Uy; V) }E{X f,(X,)},
0?{%1 = E{n(U:;Y)*}. (3.8)

For the spectral initialization in (3.1) and (3.2), with a as defined in (2.6), the
recursion is initialized with

fixo = a/Vo, oo = (1—a%)/é. (3.9)

https://doi.org/10.1088/1742-5468 /ac9828 8
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We state the main result in terms of pseudo-Lipschitz test functions. A function
1 :R™ — R is pseudo-Lipschitz of order 2, i.e. ¥ € PL(2), if there is a constant C'> 0
such that

[(x) = ¥(y)ll, < OO+ [l + l[yll2)[|z = yll,, (3.10)

for all @, y € R™. Examples of test functions in PL(2) with m = 2 include v¥(a, b) =
(CL— b)27 w(aa b) = ab.

Theorem 1. Let x be such that ||x|)3 = d, {a;}icpn~i1.a.N(O, I;/d), and y = (yy, .-, y,)
with {yi}icpm~iia pyic- Let n/d— 0, G ~N(0,1), and Z;, =T,(Y) for Y~ Py]G("G)-
Assume that (A1), (A2), (A3) and (B1), (B2), (B3) hold. Assume further that
W5(A;) > 0, and let & be the principal eigenvector of D,, defined as in (2.1), with the
sign of & chosen so that (¥, x) > 0.

Consider the GAMP iteration in equations (3.3) and (3.4) with initialization in
equations (3.1) and (3.2). Assume that for t > 0, the functions f, h; are Lipschitz with
derivatives that are continuous almost everywhere. Then, the following limits hold almost
surely for any PL(2) function ¥ :R x R — R and t such that og(_’k 18 strictly positive for
0< k<t

d
.1
lim *Z (i, o) = B{p(X, px e X + oxi1 W)}, (3.11)
d—oo d P
lim 12n: VY (yi, ul) = E{yp(Y G+ ou Wy} (3.12)
o 1A Yi, Uy y MUt vitWui)s- .

The result (3.11) also holds for (t+1)=0. In (3.11) (resp. (3.12)), the expecta-
tion 1is over the independent random wvariables X ~ Py and Wx,; ~ N(0,1) (resp.
(G, Wy4)~i1aN(0,1)). The scalars (qut,qut,Ug(yt,Uat)@o are given by the recursion
(3.8) with the initialization (3.9).

We give a sketch of the proof in section 5 and defer the technical details to the
appendices.

We now comment on some of the assumptions in the theorem. The assumption
P5(N;) > 0 is required to ensure that the spectral initialization 2 has non-zero correla-
tion with the signal & (lemma 2.1). From remark 2.2, we also know that for any sampling
ratio & > d, there exists a choice of T such that ¥5(\}) > 0. We also note that, for § < d,,,
GAMP converges to the ‘un-informative fixed point’ (where the estimate has vanishing
correlation with signal) even if the initial condition has non-zero correlation with the
signal, see theorem 5 of [MM19].

There is no loss of generality in assuming the sign of & to be such that (&, ) > 0.
Indeed, if the sign were chosen otherwise, the theorem would hold with the state
evolution initialization in (3.9) being pyo = —a/V9, 0%, = (1 — a?)/0.

The assumption that o% , is positive for k< t is natural. Indeed, if 0%, = 0, then

the state evolution result for iteration k£ implies that ||cc— ,u;kmkHQ /d—0 as d— oo.

That is, we can perfectly estimate  from z*, and thus terminate the algorithm after
iteration k.

https://doi.org/10.1088/1742-5468 /ac9828 9
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Let us finally remark that the result in (3.11) is equivalent to the statement that the
empirical joint distribution of (z, ') converges almost surely in Wasserstein distance
(W3) to the joint law of (X, py, X+ oxi1W). This follows from the fact that a
sequence of distributions P, with finite second moment converges in W, to P if and only
if P, converges weakly to P and [ ||al|3dP,(a) = [ ||la/|3dP(a), see definition 6.7 and
theorem 6.8 of [Vil08§].

When does GAMP require spectral initialization? For the GAMP to give
meaningful estimates, we need either z° or x!' to have strictly non-zero asymptotic
correlation with x. To see when this can be arranged without a special initializa-
tion, consider the linear estimator &"(¢):= A"é(y), for some function &:R — R that
acts component-wise on y. If there exists a function £ such that the asymptotic nor-
malized correlation between Z“(¢) and zx is strictly non-zero, then AMP does not
require a special initialization (spectral or otherwise) that is correlated with . Indeed,
in this case we can replace the initialization in (3.1) and (3.2) by =0, «"=0
(by taking f, = 0), and let ho(u”; y) = V/6&(y). This gives ' = AT¢(y) = &(€), which
has strictly non-zero asymptotic correlation with x. This ensures that |uy,[ > 0, and
the standard AMP analysis [JM13] directly yields a state evolution result similar to
theorem 1.

The output function py; determines whether a non-trivial linear estimator exists
for the GLM. From appendix C.1 in [MTV20], we have that, if

(EG~N(0,1){pr|G(y]G)})2 B
/R Ec-non{pvic(y|G) } =0, (3.13)

then the correlation between A€ (y) and  will asymptotically vanish for any choice
of £. The condition (3.13) holds for many output functions of interest, including all
distributions py, that are even in G (and, therefore, including phase retrieval). It is for
these models that spectral initialization is particularly useful.

We remark that our analysis covers not only the (Wirtinger flow) phase retrieval
model y = |Az|?, but also the amplitude flow phase retrieval model y = |Az|. In fact,
one can analyze the approximate model y = /| Az|? + € and then let ||€||, — 0. This is
similar to the approach taken, e.g. by [MXM18] and [LWL20]. Since the functions used
in each AMP iteration are Lipschitz, state evolution holds as ||€|ls — 0. For other GLMs
with non-differentiable output functions, we can use a similar approach to construct a
smooth approximation to the output function and obtain the state evolution result.

Bayes-optimal GAMP. Applying theorem 1 to the PL(2) function ¢(z,y) =
(z — fi(y))?, we obtain the asymptotic mean-squared error (MSE) of the GAMP estimate
fi(z"). In formulas, for ¢ > 0, almost surely,

tim -z (@)} = B((X ~ flux X +ox, W)}, (3.14)

d—00

If the limiting empirical distribution Py of the signal is known, then the choice of f; that
minimizes the MSE in (3.14) is

fi(s) = E{X|pux X + ox ;W = s}. (3.15)
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Similarly, applying the theorem to the PL(2) functions ¢ (z, y) = zf,(y) and (z, y) =
fi(y)?, we obtain the asymptotic normalized correlation with the signal. In formulas, for
t > 0, almost surely

o @ A X A X + ox Y
2 el @)y~ BTG X + ox VR

For fixed (px ¢+, 0% ), the normalized correlation in (3.16) is maximized by taking f; = cf;

for any ¢ # 0. This choice also maximizes the ratio uf /o7, in (3.8). For f, = cf}, from
(3.8) we have

(3.16)

c § c
Mo = %E{ff (Xt)z}a Ulzj,t = %#U,t - N(zf,t- (3.17)

We now specify the choice of hy(u; y) that maximizes the ratio p% ,,, /0%, for fixed
(,U’U,h 0-12],15)'
Proposition 3.1. Assume the setting of theorem 1. For a given (,U,U’f/,O'ZQLt), the ratio
W.ii1/0% 101 18 mazimized when hy(us y) = chj(u; y) where ¢ # 0 is any constant, and
a E{G|U; =u, Y =y} — E{G|U; = u}

Var (G|U; = u)

_ Ew {Wpyic(y| pruw+ /1 — prpoe W)}

VI = pouos Ew{pyvie(y | pow+ /T = prpws W)}

where py = pu/ (Wi, + 0tr,) and W~ N(0,1). In (3.18), the random variables U, and
Y are conditionally independent given G with

Y ~pyie(-|G), Ui = puG + ov Wy,
(G, Wys)~iiaN(0,1).

The optimal choice for A} in proposition 3.1 was derived by [Ranl1] by approximating
the belief propagation equations. For completeness, we provide a self-contained proof in
appendix A. The proof also shows that with h; = ch;,

hi(u; y) (3.18)

(3.19)

(3.20)

i = VORIV, ok = 5L

As the choices f;, h; maximize the signal-to-noise ratios pf,,/of, and (% ;.1 /0% 141,
respectively, we refer to this algorithm as Bayes-optimal GAMP. We note that to apply
theorem 1 to the Bayes-optimal GAMP, we need f}, h; to be Lipschitz. This holds under
relatively mild conditions on Py and pyq, see lemma F.1 in [MV21].

4. Numerical simulations

We now illustrate the performance of the GAMP algorithm with spectral initialization

via numerical examples. For concreteness, we focus on noiseless phase retrieval, where
2 .

yi = (@, )|, i € [n].
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1 w M
State evolution
¥ Spectral+GAMP
0.8 || = Optimal spectral (theory)
§ Spectral
~ =061
=
81—
G
=04t
0.2r
0
0

Figure 1. Performance comparison between GAMP with spectral initialization (in
red) and the spectral method alone (in black) for a Gaussian prior Py ~ N(0,1).
The solid lines are the theoretical predictions of theorem 1 for GAMP with spectral
initialization, and of lemma 2.1 for the spectral method. Error bars indicate one
standard deviation around the empirical mean.

Gaussian prior. In figure 1, x is chosen uniformly at random on the d-dimensional
sphere with radius v/d and {ai}icp) ~iia. N(O, I;/d). Note that, as d — oo, the limiting
empirical distribution Py of @ is a standard Gaussian. We take d = 8000, and the numer-
ical simulations are averaged over ngmpee = 50 independent trials. The performance of
an estimate x is measured via its normalized squared scalar product with the signal
x. The black points are obtained by estimating x via the spectral method, using the
optimal pre-processing function 7; reported in equation (137) of [MM19]. The empirical
results match the black curve, which gives the best possible squared correlation in the
high-dimensional limit, as given by theorem 1 of [LAL19]. The red points are obtained
by running the GAMP algorithm (3.3) and (3.4) with the spectral initialization (3.1)
and (3.2). The function f is chosen to be the identity, and h, = V/dh!, for hi given by
proposition 3.1. The algorithm is run until the normalized squared difference between
successive iterates is small. As predicted by theorem 1, the numerical simulations agree
well with the state evolution curve in red, which is obtained by computing the fixed
point of the recursion (3.8) initialized with (3.9). We also remark that the threshold
for exact recovery can be obtained from the fixed points of state evolution, see e.g.
[BKM*19].

Bayes-optimal GAMP for a binary-valued prior. Assume now that each entry
of the signal  takes value in {—1,1}, with Px(1) =1 — px(—1) = p. In figure 2, we take
p= %, and compare the performance of the GAMP algorithm with spectral initialization
for two different choices of the function f: f equal to identity (in blue) and f; = f;
(in red), where f; is the Bayes-optimal choice (3.15). By computing the conditional
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1 ‘ S
State evolution - f;
¥ Spectral+GAMP - f;
0.8 1 State evolution - id.
¥  Spectral+GAMP - id.
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021
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Figure 2. Performance comparison between two different choices of f; for a binary
prior Px(1) = Px(—1) = §. The Bayes-optimal choice f, = f; (in red) has a lower
threshold compared to f equal to identity (in blue).

expectation, we have
2
1+ I_Tp exp(;zi’lxt)

fi(s) =2P(X = 1|ux X +ox:W=s)—1= —1. (4.1)

Oxit

The rest of the setting is analogous to that of figure 1. There is a significant performance
gap between the Bayes-optimal choice f; = f; and the choice fi(z) = 2. As in the previ-
ous experiment, we observe very good agreement between the GAMP algorithm and the
state evolution prediction of theorem 1. We remark that for this setting, the information-
theoretically optimal overlap (computed using the formula in [BKM*19]) is 1 for all
§ > 0. Since the components of  are in {—1,1}, there are 2 choices for . The
information-theoretically optimal estimator picks the choice that is consistent with
y; = (x, a;), 1 € [n]. (Since A is Gaussian, with high probability this solution is unique.)

Coded diffraction patterns. We consider the model of coded diffraction patterns
described in section 7.2 of [MM19]. Here the signal @ is the image of figure 3(a), and it
can be viewed as a d; x dy x 3 array with d; = 820 and d, = 1280. The sensing vectors
are given by

aﬂ,‘(tl, t2) — d((tl, t2) . ei?ﬂ'lﬂf/l/dl . ei27rk2t2/d2, (4.2)

where r € [n], & € [di], & € [dy], 7 denotes the imaginary unit, a,(t;, &) is the (¢, t)th
component of a, € C?, and the (di(t;,%))’s are i.i.d. and uniform in {1, —1,4, —i}. The
index r € [n] is associated to a pair (¢, k), with £ € [L]; the index k € [d] is associated to
a pair (ki, ky) with k € [di] and ky € [dy]. Thus, n = L - d and, therefore, § = L € N. To
obtain non-integer values of J, we set to 0 a suitable fraction of the vectors a,, chosen
uniformly at random.

In this model, the scalar product (z;, a,) can be computed with an FFT algorithm.
Furthermore, in order to evaluate the principal eigenvector for the spectral initializa-
tion, we use a power method which stops if either the number of iterations reaches the
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(a) Original image.

(b) Proposed, 6 = 2.2. (c) Spectral, § = 2.2.

(d) Proposed, 6 = 2.4. (e) Spectral, § = 2.4.

Figure 3. Visual comparison between the reconstruction of the GAMP algorithm
with spectral initialization and that of the spectral method alone for measurements
given by coded diffraction patterns.

maximum value of 100000 or the modulus of the scalar product between the estimate
at the current iteration 7" and at the iteration 7 — 10 is larger than 1-107".

The GAMP algorithm with spectral initialization for the complex-valued setting
is described in appendix D. Figure 3 shows a visual representation of the results. The
improvement achieved by the GAMP algorithm over the spectral estimator is impressive,
with GAMP achieving full recovery already at 6 = 2.4. A numerical comparison of the
performance of the two methods is given in figure 5 in appendix D. We emphasize
that the state evolution result of theorem 1 is only valid for Gaussian sensing matrices.
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State evolution
¥ Spectral+GAMP
0.8 | = Optimal spectral (theory)
§ Spectral
~ =06
=
S
&=
=04
0.2r
0 1
0 0.5 1 1.5 2 2.5 3

0

Figure 4. Performance comparison between complex GAMP with spectral initial-
ization (in red) and the spectral method alone (in black) for a Gaussian prior
Px ~ CN(0,1). On the a-axis, we have the sampling ratio 6 = n/d; on the y-axis,
we have the normalized squared scalar product between the signal and the estimate.
The experimental results (* and [J markers) are in excellent agreement with the the-
oretical predictions (solid lines) given by state evolution for GAMP and lemma 2.1
for the spectral method. Error bars indicate one standard deviation around the
empirical mean.

1 % Kk
0.8 1
o % 0.6 1 )
&F —
GIES
=04t
0.2 ¥ Spectral+GAMP |
’ —— Optimal spectral (Gaussian)
@ Spectral
=; Il Il Il
2 2.2 2.4 2.6 2.8 3
0

Figure 5. Performance comparison between complex GAMP with spectral initial-
ization (in red) and the spectral method alone (in black) for a model of coded
diffraction patterns.

Extending it to structured matrices such as coded diffraction patterns is an interesting
direction for future work.
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5. Sketch of the proof of theorem 1

We give an outline of the proof here, and provide the technical details in the appendices.
The artificial GAMP algorithm. We construct an artificial GAMP algorithm,
whose iterates are denoted by ', @, for ¢ > 0. Starting from an initialization (z°, @),

for t > 0 we iteratively compute:

- 1 = e

= 7EATht(ut sy) — Cofi(T), (5.1)
1 - O

W = ——Af (T — b h (W y). (5.2)

For t > 0, the functions }”t ‘R — Rand hi:R x R — R are Lipschitz, and will be specified
below. The scalars ¢, and b,,; are defined as

n d

- 1 ~ ~ 1 ~ N

C=_ § hi (3 i), b1 = " E Fra @), (5.3)
i=1 i=1

where R} denotes the derivative with respect to the first argument. The iteration is
initialized as follows. Choose any « € (0, 1), and a standard Gaussian vector n ~ N(0, I;)
that is independent of & and A. Then,

¥=az+V1l-an, ' = %A}o(:ﬁo). (5.4)

The artificial GAMP is divided into two phases. In the first phase, which lasts up to
iteration 7, the functions f;, hy for 0 < ¢ < (7' — 1), are chosen such that as T — oo, the
iterate ' approaches the initialization z° of the true GAMP algorithm defined in (3.1).
In the second phase, the functions f;, i, for t > T, are chosen to match those of the true
GAMP. The key observation is that a state evolution result for the artificial GAMP
follows directly from the standard analysis of GAMP [JM13] since the initialization °
is independent of A. By showing that as T — oo, the iterates and the state evolution
parameters of the artificial GAMP approach the corresponding quantities of the true
GAMP, we prove that the state evolution result of theorem 1 holds.

We now specify the functions used in the artificial GAMP. For 0 < ¢< (T —1),
we set

T.(y)
A= To(y)

~ T

filz) = E=

where 7, is the pre-processing function used for the spectral estimator, A} is the unique
solution of (5(\) = ¢(A) for A > 7 (also given by (2.7)), and (5;);>0 are constants coming
from the state evolution recursion defined below. Furthermore, for ¢t > T, we set

h(zsy) =Vox (5.5)

fi(x) = fir(x), hi(xiy) =hir(x;y). (5.6)
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With these choices of }t, th, the coefficients ¢; and b, in (5.3) become:

~ \/Sn 72(,%) ~ 1
=N Y b=, 0Kt < (T 1),
= e (r-1)

(5.7)

d
~ 1 B
E:hr (@5 yi), thﬁE fip(Zi), t=>T.
=1

Since the initialization Z” in (5.4) is independent of A, the state evolution result of
[JM13] can be applied to the artificial GAMP. This result, formally stated in proposition
B.1 in appendix B.1, implies that for ¢> 0, the empirical distributions of Z and @'
converge in W, distance to the laws of the random variables X; and U;, respectively,
with

X, = P X + 0z Wiy, U, = i G+ o Wi, (5.8)

Here Wy ,, Wy, are standard normal and independent of X and G, respectively. The
state evolution recursion defining the parameters (p X0 O Mgt O g B;) has the same
form as (3.8), except that we use the functions defined in (5.5) for 0 < ¢t < (7'— 1), and
the functions in (5.6) for ¢ > T. The detailed expressions are given in appendix B.1.

Analysis of the first phase. The first phase of the artificial GAMP is designed so
that its output vectors after T iterations (', &) are close to the initialization (z°, u°)
of the true GAMP algorithm given by (3.1) and (3.2). This part of the algorithm is
similar to the GAMP used in [MTV20] to approximate the spectral estimator . In
particular, the state evolution recursion of the first phase (given in (B.2)) converges as
T — oo to the following fixed point:

2

a l1—a
lim p15 7 = —= lim o2

T—o0 \/37 Tooo XoT - 5 (59)

where a is the limit (normalized) correlation between the spectral estimator & and the
signal, see (2.8). Furthermore, the GAMP iterate Z' approaches &, i.e.

2

H\/Eﬁf — \/SﬁzTH
lim lim
T—00 d—o0

=0 as. (5.10)

These results are formally stated in lemmas B.2 and B.3, respectively, contained in
appendix B.2.

Analysis of the second phase. The second phase of the artificial GAMP is
designed so that its iterates ' ™, u’ ' are close to x!, u’, respectively for ¢ > 0, and the
corresponding state evolution parameters are also close. In particular, in order to prove
theorem 1, we first analyze a slightly modified version of the true GAMP algorithm in
(3.3) and (3.4) where the ‘memory’ coefficients b; and ¢; in (3.5) are replaced by deter-
ministic values obtained from state evolution. The iterates of this modified GAMP,
denoted by @, u', are as follows. Start with the initialization

i =o' =d %f (5.11)
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1 v
w = ~Afy(a) — by~ Z,A2 12
where by = 2E{f}(Xo)}. Then, for ¢ > 0:

1

= ﬁATht(ﬁt Ly) — Cufi(&), (5.13)
1 _
W= —Af (@) — b (W5 y). (5.14)

Ve

Here, for t > 0, the deterministic memory coefficients b, and ¢, are
¢ =E{n(U:Y)}, b, =E{fi(X,)}/s, (5.15)

where X;, U, are defined in (3.6) and (3.7).

Let us now summarize our approach. We have defined three different GAMP itera-
tions: (i) the true GAMP with iterates (x, u') given by (3.3) and (3.4) and initialization
(z° u") given by (3.1) and (3.2), (ii) the modified GAMP with iterates (2, %) given
by (5.13) and (5.14) and initialization (2°,%") given by (5.11) and (5.12), and (iii) the
artificial GAMP with iterates (2, @') given by (5.1) and (5.2) and initialization (z°, @")
given by (5.4). We recall that the true GAMP is the algorithm with spectral initial-
ization that is actually implemented and whose performance we want to study. As the
true GAMP is initialized with the spectral estimator &° which depends on A, its per-
formance cannot be characterized using the existing theory. To solve this problem, we
introduce the artificial GAMP purely as a proof technique. In fact, the initialization
of the artificial GAMP assumes knowledge of the signal, which makes it impractical.
Finally, the modified GAMP is a slight modification of the true GAMP to simplify
the proof.

Lemma B.5 in appendix B.3 proves that, for each t > 0, (i) the iterates (Z'™7, @ *7)
are close to (&, u') for sufficiently large T, and (ii) the corresponding state evolution
parameters are also close. We then use this lemma to prove theorem 1 by showing that
the iterates of the true GAMP have the same asymptotic empirical distribution as those
of the modified GAMP. In particular, we show in appendix B.4 that, almost surely,

d—o0

d d
1 1
lim d ;_1 Pl xp) = (%gglo d ;_1 (i, ;)

= E{l/)(X, ,LLX7tX + OXxt W)} (516)

6. Discussion

A major shortcoming in existing AMP theory for GLMs like phase retrieval is the
unrealistic assumption that the initialization of the algorithm is correlated with the
ground-truth signal and, at the same time, independent of the measurement matrix.
This paper solves this problem by providing a rigorous analysis of AMP with a spec-
tral initialization. Spectral initializations have been widely studied in recent years,
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and have two attractive features. First, for phase retrieval, they meet the informa-
tion theoretic threshold for weak recovery [MM19]. This means that, when the spectral
initialization fails, no other method can work. Second, for a large class of GLMs,
if the spectral method is unsuccessful, then AMP has an attractive fixed point at
0, see theorem 5 in [MM19]. This is a strong indication that, when the spectral
initialization fails, the problem is computationally hard. An interesting future direc-
tion is to analyze the fixed points of AMP with spectral initialization, and compare
with those of other algorithms that can be initialized with a spectral estimator, e.g.
gradient descent.

Our analysis is based on an artificial AMP that first closely approximates the spectral
estimator and then the true AMP algorithm. This technical tool is versatile and could
be used beyond GLMs with Gaussian sensing matrices. Examples include more general
measurement models [Fan20, ESAP*20], other message passing algorithms, e.g. vector
AMP [SRF16], or the design of an artificial AMP that leads to a different estimator. We
also highlight that the AMP analyzed here is rather general, and it includes as special
cases both the Bayes-optimal AMP for GLMs and AMPs designed to optimize objective
functions tailored to the signal prior.
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Appendix A. Proof of proposition 3.1

From assumption (B2) on page 6, we recall that h(u: y) = hy(ui g(g,v)). We write
Oghi(us q(g, v)) for the partial derivative with respect to g. We will show that piy,,; in
(3.8) can be written as:

px e = VOE{9,hi (U5 4(G,V))}, (A1)
B o (E{GIU, Y} — E{G|U:}
= \/EE{ht(Ut ,Y)( Var (G107} )} (A.2)

From (A.2), we have that
X+l Vo . E{G|U;, Y} — E{G|U:}
= vEmmr O (e ) 4

The absolute value of the rhs is maximized when h, = ch;, for ¢ # 0 and h] is given
in (3.18). To obtain the alternative expression in (3.19) from (3.18) we recall that U;
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is Gaussian with zero mean and variance (uf, + of,). Furthermore, the conditional
distribution of G given U; = u is Gaussian with E{G|U; = u} = p;u and Var (G|U; =
u) = (1 — pipw+). Therefore, with W ~ N(0,1) we have

E{G|U; =u, Y =y} = e+ 1 = prpo e W) pyicy |+ /1 = pr s W)}
U=uY = = M
EW{pY|G(y ’ Pru+ y/ L — py gy W )}

= pu + mE{prc(y | i+ /1 — py g W)} (A 4)
= — D L . .
' " Ew{pyvic( ] pru+ /1 = pe s W)}

Substituting (A.4) in (3.18) yields (3.19).
It remains to show (A.2), which we do by first showing (A.1). Define ¢, : R* — R by

ei(g,w,v) = hy(pr g + ovws q(g,v)). (A.5)
Then, using the chain rule, the partial derivative of e,(g, w, v) with respect to ¢ is
Oyer(g, w,v) = pyhi(pv g + ovws q(g,v)) + Oghi(us (g, v)). (A.6)

The parameter pix,,, in (3.8) can be written as
fix o1 = VO[E{G (G, Wy, V)} — iy B{N, (4G + 017, Wiz 3 V)
O V[E(D,e0(G Wy, V)} — s BB, (104G + 00 W3 V)]
= VOE{9,h(Us: o(G.V))}, (A7)

where the last equality is due to (A.6), and (i) holds due to Stein’s lemma. Finally, we
obtain (A.2) from (A.1) as follows:

E{0,h:(Uys ¢(G,V))} = E{Eqyu, [0,he (Uss q(G, V)| U}
QE{Equ (Ui a(G,V)) - (G — E{G|U,})/Var {G|U}|T1]}
— E{Eau,y [h(Us; V) - (G — B{G|U,})/Var {G|U}|U;, Y]}
= E{h(U,;Y) - (B{G|U,, Y} — E{G|U})/Var {GU.})}.  (A.8)

Here step (ii) holds due to Stein’s lemma. This completes the proof of the
proposition. ]
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Appendix B. Proof of the main result

B.1. The artificial GAMP algorithm

The state evolution parameters for the artificial GAMP are recursively defined as follows.
Recall from (5.8) that X, =pg X+ogx Wyg, and U, =py G+ oy Wy, Using
(5.4), the state evolution initialization is

Hx o= & 0?5(_’0:1—0427 Bo = M25(70+0?5(70=1- (B.1)

For 0 < t< (T—1), the state evolution parameters are iteratively computed by using

the functions defined in (5.5) in (3.8):

O'2~

/j, g e & 0'2~ — ﬁ
Uit \/gﬁt, vt gt
20122 2
i My 2 _i Z(G MX,t+GX,t)
Kx 1 = VB, OX% 41— 32 AL )
B = \/'uzf( st Uzi(,tﬂ' (B-2)

Here we recall that G ~ N(0,1), Y~ pys(-|G), Z, = T(Y), and the equality in (2.7)
which is used to obtain the expression for py .. For > T, the state evolution
parameters are:

o = %E{Xﬁ_T(Xt)},
0%7 T (lg]E{ftT(Xt)Q} - “2(7 )
W5 = VOE{Gh (U 3Y)} — E{h_(U V) E{X fir( X))},
0% o1 = B{h (U ;Y)?}. (B.3)

Proposition B.1 (state evolution for artificial GAMP). Consider the setting of
theorem 1, the artificial GAMP iteration described in (5.1)—(5.7), and the corresponding
state evolution parameters defined in (B.1)—(B.3).

For any PL(2) function v :R? — R, the following holds almost surely for t > 1:

d
lim 32 (o, 51 = B{Y(X, X)), (B.4)
lim S 6(y, @) = B{u(Y, T}, (8.5)

Here X ~ Px and Y ~ Py, with G ~ N(0, 1). The random variables X, U, are defined
in (5.8).
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The proposition follows directly from the state evolution result of [JM13] since the
initialization Z° of the artificial GAMP is independent of A.

B.2. Analysis of the first phase

Lemma B.2 (fixed point of state evolution for first phase). Consider the setting of
theorem 1. Then, the state evolution recursion for the first phase, given by (B.1) and
(B.2), converges as T — oo to the following fixed point:

A a 2 A 7. 2 1—a2
NX:}%MX,T:ﬁa Ujgzhma)*(j: 5 (B.6)

T—00

where a is defined in (2.8).

Proof. Recall that A} denotes the unique solution of (;(\) = ¢(A) for A > 7 (also given
by (2.7)), and define Z = Z,/(\; — Z,), where Z, = T,(Y'). Note that

Z,(G*—-1) 1
E{Z(G*-1)}=FEq b =" B.7
(z@ -y =p{ HE 0 L (8.7)
where the second equality follows from the equality in (2.7). Moreover, the inequality
in (2.7) implies that
E{Z? 72
{z’} = §ES = — ¢ <.
(E{Z(G* -1)})? (A — Z.)?

Thus, by recalling that the state evolution initialization p 5 , = « is strictly positive,
the result follows from lemma 5.2 in [MTV20]. O

(B.8)

Lemma B.3 (convergence to spectral estimator). Consider the setting of theorem 1,
and consider the first phase of the artificial GAMP iteration, given by (5.1) and (5.2)

with f; and h, defined in (5.5). Then,

2
WEE
lim lim

T—00 d—o0 d

=0 as.. (B.9)

Furthermore, for any PL(2) function ¥ :R x R — R, almost surely we have:

d d
lim ;Z W(xi, Vd &) = lim lim ;Z Y, V6 &) = B{(X, Vo (ng X + 053 W)}

—00 d—00
i=1

(B.10)

Here X ~ Py and W ~ N(0,1) are independent.

Proof. As in the proof of the previous result, let Z = Z;/(\; — Z,) and note that (B.7)
and (B.8) hold. Also define
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Z A A

Z/é = e
Z+OE{Z(G*-1)} Z+1 N

(B.11)

Then, the assumptions of lemma 5.4 in [MTV20] are satisfied, with the only difference
of the initialization of the GAMP iteration (cf (5.4) in this paper and (5.4) in [MTV20]).
However, it is straightforward to verify that the difference in the initialization does not
affect the proof of lemma 5.4 in [MTV20]. Thus, (B.9) follows from (5.87) of [MTV20],
and (B.10) follows by taking k=2 in (5.31) of [MTV20]. O

We will also need the following result on the convergence of the GAMP iterates.

Lemma B.4 (convergence of GAMP iterates). Consider the first phase of the arti-

ficial GAMP iteration, given by (5.1) and (5.2) with f, and h, defined in (5.5). Then,
the following limits hold almost surely:

=1 _ ﬁT”Hz:O, lim hmew ~Tﬁle:O. (B.12)

) T
lim lim —|| u
T—oo d%oo

T—o00 n—o0 M,

Though the initialization of the GAMP in [MTV20] is different from (5.4), the proof

of lemma B.4 is the same as that of lemma 5.3 in [MTV20] since it only relies on
P 5 o = « being strictly non-zero.

B.3. Analysis of the second phase

Lemma B.5. Assume the setting of theorem 1. Consider the artificial GAMP algorithm
(5.1) and (5.2) with the related state evolution recursion (B.2) and (B.3), and the mod-
ified version of the true GAMP algorithm (5.13) and (5.14). Fiz any € > 0. Then, for
t > 0 such that 03(7,6 > 0 for 0 < k< t, the following statements hold:

(a)

jll_I)n ‘,U’U A+T :uU,t| = 05 jl“l_{go UZU,H—T - O-IQJ,t = 07 (B13)
}LHOIO‘MX,THH — pxeet| =0, % T+t+1 — 0% 41| =0 (B.14)
(b) Let :R x R — R be a PL(2) function. Then, almost surely,
Jim lim —Zw o @) Zw o 49)[ =0, (B.15)
. . ~ T+t+1 At—i—l _
Jim i dZw o &) dZw 7 7)) =0 (B.16)

The limits in (B.14) and (B.16) also hold for t+1 = 0.

Proof. We will use xy, K}, ¢;, v to denote generic positive constants which depend on ¢,
but not on n, d, or €. The values of these constants may change throughout the proof.

https://doi.org/10.1088/1742-5468 /ac9828 23


https://doi.org/10.1088/1742-5468/ac9828

Approximate message passing with spectral initialization for generalized linear models*

Proof of (B.13) and (B.14). We prove the result by induction, starting from the base

case | ¢ — pixo|, [0% ; — 0%l From lemma B.2, we have

g = - lmo? —o? = 1%

%I_I}IOIOIUJX,T_:U’X - \/37 }I_I)EOO-X,T_O-X - 5 : (B17)
Recalling from (3.9) that pyo = 7, e #, (B.17) implies that

lim [y = x| =0, Jim |0k, — ok, = 0. (B.18)

Assume toward induction that (B.14) holds with (¢+ 1) replaced by ¢, and that
0% > 0 for 0 < k< t. We will show that (B.13) holds, and then that (B.14) holds.

For brevity, we write A, 1, A, ; for (ux; —px ,.p) and (ox — 05 ;. 7), respectively.
By the induction hypothesis, given any ¢ > 0, for T sufficiently large we have

Rt ’
Al < Al < — — = ) B.19
| u,t‘ Rt&,s |Ag ] o +05{,t+T€ K€ ( )

Since oy is strictly positive, &} is finite and bounded above.
From (3.8) we have

1
= ——Fk{X X + W
Hu ¢ \/5 { ft(,UX,t OXt X,t)}

1
= %E{Xft<u)~(,T+tX + 0'5(7T+tWX,t + A X+ Ay Wxy). (B.20)

Recalling that f; is Lipschitz and letting L; denote its Lipschitz constant, we have

‘ft(ﬂ)"(,TthX + UX,TJFtWX,t + DX+ A Wiy) — ﬁ(HX,TthX + 0X,T+tWX¢)|
S LA X + Ay Wiyl (B.21)

Using (B.21) in (B.20), we obtain
Vopus ZR{X fi(i g r X +0 5 70Wx)} = LE{X[1A,X + A0 Wiy},

(B.22)
Vo, SE{Xfi(hx 70X + o5 2Wxo)} + LIE{X|[AX + As i Wi}

Since Wy, 4 Wx ,or and independent of X, we have that E{Xfi(uyg X+
O Wxi)} = \/EMU,HT Therefore, (B.22) implies

V| — g r| < LA + AcB{Wx|}), (B.23)

where we have used E{|X|’} < /E{X?} = 1. Noting that E{|Wy,|} = \/2/7, from
(B.19) it follows that for sufficiently large T:

L
\ve — i | < 7%(@ + K2/ e < ye. (B.24)
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Next consider o;,. From (3.8), we have
1
012” = EE{ft(MX,tX + UX,tWX,t)Q} - H%J,t' (B.25)

Furthermore, as Wy, = W +.r and independent of X, we also have that

1
Oy = gIE,{ filb s porX + 05 W)’} = 15 4o (B.26)

Using the reverse triangle inequality, we have
‘ft(,uxTthX +ox . Wxe + A X + Aa,tWX,t>|
> ’ft<,u5(,T+tX + UX,THWXJ)’
- ‘ft(MX,THX + UX,T+tWX>t + A X + A, Wxi) — ft(:U’X,THX + UX,THWXJ)‘
2| filpg puX oz p W)l — LA X + Ag Wil (B.27)
where the last inequality follows from (B.21). Similarly,
‘ft(#f(,TthX + UX,THWX,t + Au,tX + Acr,tI/VX,t)|
<Nl g 70X 05 2 W)l + Ll A X 4 Ap Wiy (B.28)
Using (B.27), we obtain the bound
E{fi(pxX + ox:Wx )’}
> B{fi(hsg 10X + 05 7 Wxa) '} — LEE{ A X + Ap s Wiy}

— 2L JELfi (X + o W) BUALX + A, Wy P} (B.29)
Similarly, using (B.28) we get
E{fi(px X + ox,Wx1)*}
< E{fii i 70X + 0 5 20 Wxt)'} + LIE{ A X + A, Wi}

+ 2Lt\/E{ft(MX,T+tX +0 5 reWxn)?} - B{ALX + Ay, Wiy} (B.30)
Furthermore,
E{|AuX + A W[} < 21A P E{X?} + 2|4, PE{Wx, }* = 2|2, + |As*).
From (3.8) and (B.3), we note that
E{fi(px:X + ox:Wx )}’ = 6(uip, + otr,),
E{filbx r X + 05 71 Wx ,T+t)}2 = 5(/@7 T T O-QU ,T+t>'

Therefore, equations (B.29) and (B.30) imply that

(B.31)
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‘E{ft(ﬂX,tX + UX,tWX,t)Q} - E{ft(MX,TthX + UX,THWX,t)QH

2 2 2 2
< 2L3( Dl + 180 ) + 2L\ 20, + 08, + 122, 1, + 0% (Bl (B,

(B.32)
Using this in (B.25) and (B.26), we have
UZQJ,t - UZU,t—l—T‘ < ‘:U’U,TH - NU¢| ‘ ‘:U’U,TH + NU¢| + (?L?QAW‘Q + ‘Ao,t‘g)
2
b L2 0 i+ 0 NI 1A ).
(B.33)
From (B.19), we obtain
[Asal” + 180 < (87 + (51)°) € (B.34)

Furthermore, as f; is Lipschitz, from (B.31) and the induction hypothesis we have

g o + sl Fove + o5y < (B.35)

for some constant ¢;. Using (B.24), (B.34) and (B.35) in (B.33), we conclude that for
sufficiently large 7+

2

\aw — O | < meE- (B.36)

Next, we show that if (B.13) holds for some ¢ > 0 and ag(_’k > 0 for k< ¢, then:

lim | X1 =0 lim |0 — 0% 1| =0. B.37
Tooo MX T+t+1 — M REs 3 Tosoo X T+t+1 X t+1 ( )

We denote the Lipschitz constant of h; by L, and write A Wt A, for (uys — i eir)
and (o — 0 ,,7), respectively. Using this notation, we have

‘ht(HU,TﬂG + o5 Woe + Ath + AcmeVU,t YY) — ht(NU,T+tG +ogr Wues Y)‘
< I/t| A/mG—f— AU,tWU.ﬁ" (B38)
The induction hypothesis (B.13) implies that for sufficiently large T:

‘ Am‘ < e, ‘ Amt‘ DY - V€. (B.39)
Out+ O0g 4qr

We note that oy, > 0 since ox; > 0. Indeed, from the discussion leading to (3.17),
for a fixed gy, ox; the smallest possible ratio of,/uf, is achieved by the Bayes-
optimal choice f; = cf;, where f;(X;) = E{X|X;}. Furthermore, from (3.17), in order for
oy, =0, we need E{E{X|X,;}?} =1. From Jensen’s inequality, we also have
E{E{X|X;}*} < E{E{X?|X;}} = 1. Therefore, E{E{X|X;}*} =1 only if X is a deter-
ministic function of X; = uy, X + ox,;W. But this is impossible when ox; > 0. Therefore
oyt > 0, and 7, in (B.39) is strictly positive.
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From (B.38), we obtain
BAGh: (11 14,G + 7 30 Wira5 Y} — L] Bl G+ | A ] - 1G] - (W]}
< E{Ghi(py G+ oy Wyy3 Y)}
SE{Gh(pg 70sG + 0 p Woas V) + LiE{| A 1 |G? + | Ave] - |G- [Wal}.
(B.40)
Now, using (3.8) and (B.3), we have:

%‘IX — x| = [BAG(h( T ria3 Y) = halUs5 Y))} = s (BT 103 Y )} = E{RI(U3Y)})
- E{h;( UTH ) Y)}(MU,T+t )

< Et(‘ Au,t‘ + ‘ Aa.t|(2/7r)) + ol - [B{h(U 1003 Y)} = E{ny (Ui Y)}| + Lt‘ An.t,|-
(B.41)
For the inequality above, we used (B.40) (noting that E{|Wy |} = E{|G|} = \/2/7

and E{G?} = 1), and the fact that |h}| is bounded by L, the Lipschitz constant of h;.
Now,

E{W(UY) —E{hi(U oY)

= ‘E{h;(,uU,tG + ovWui3Y)} = EB{hi(ng 7 G+ 0 00 Wos ;Y)}‘. (B.42)
By the induction hypothesis (B.13), we have

].lm ¥ = Uyt ].lm O 7 = 0yit- B43
T_MUU,TH 12208 7O e , ( )

Thus, as T'— oo, the random variable (ug 7, G + 05 7., Wy ) converges in distribution
to py, G+ oy Wy, Then, lemma C.1 in appendix C implies that

lim ‘E{h;(Ut;Y) CE{R(T Y)Y = 0. (B.44)

T—00

Using (B.44), (B.39) and (B.35) in (B.41) proves that the first limit in (B.37) holds.
Finally, we prove the second limit in (B.37). From (3.8), (B.3) and arguments along
the same lines as (B.29)—(B.32), we obtain the bound

%1 = 0% | =[BT V)2 = B{R(T 1473 Y)Y
< 2E?(| A/t-f/|2 + | Amt‘Q)
7 e e
2L (0% 01 + 0% gy ) Al + A0,
(B.45)

Furthermore, as h; is Lipschitz, the formulas for 0%, and o 5 5., (in (3.8) and (B.3))
along with the induction hypothesis (B.43) imply that

2 2
UX,t+1 + O-X.,T-H/—Q—l < Ct, (B46)
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for some constant ¢;. By using (B.46) and (B.39), we can upper bound the rhs of (B.45)
with k. 1, for sufficiently large T. This completes the proof of the second limit in (B.37).

Proof of (B.15) and (B.16). Since ¢ € PL(2), for i € [d] we have

Y

(i, 277 = Pla, 27| S C(L+ |l + 27 + [ 21) |27 — 27

(B.47)
for a universal constant C'> 0. Therefore,
d
121/1(1' ~T+t+1 wa At+1
dz’:1 o T d i i
C d
< O (Ul + 12T ) 2T 8]
i=1
L (1 e arey| 12— e
o e 2,
di:l \/a
(B.48)

where the second inequality follows from Cauchy—Schwarz. By the same argument,

Zl/} Yi, U ~T+t Zl/} Yi, U

<4C 2 (B.49)

i=1 \/ﬁ

1 n . . uT-I—t ,at
1+;2Xmﬁ+m%¢+mwﬂ ”

We will show via induction that as d — oco: (i) the terms inside the square brackets

in (B.48) and (B.49) converge almost surely to finite deterministic values, and (ii) as
|| T+t

T — oo (with the limit in 7T taken after the limit in d), the terms %“2 and

|| @ T+ ﬁt+1||
2
7 converge to 0 almost surely.

Base case t = 0: the result (B.16) for ¢t + 1 = 0 directly follows from lemma B.3. Next,
using (B.49), the lhs of (B.15) for t = 0 can be bounded as

<401

1
Iyl [la”|s ]’ e - &,
- n - n + n Vn '
(B.50)

1 n . 1 n »
nzz_l: w(yw uz) nzz_l: T/J(Qu uz)
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From the definition of the artificial GAMP (5.1)—(5.6), we have
1 ~
' = —Afy(z")—VobrZua", B.51
75 fo(z7) T (B.51)
where we define
Z=2Z,\I-2,)", (B.52)
with Z; = diag(7s(y1), - - -, Ts(y,)). Similarly, defining

e :=a’""! a”, (B.53)

we obtain @’ = \de 1 [AzT' - Zu"' + Ze|], or

~ VoBr 1( ﬂ;T_1Z> _I[A 2"+ Zey]. (B.54)

Substituting (B.54) in (B.51), we obtain

1 b 1 -
'ZLT: —A 5_','T — T Z<I+ ) A:’iT—l
Vs g VBra
b 2( 1 )1
— NI+ —~=——Z| e. B.55
Br-1 VP11 ! ( )
Using (B.55) and the expression for 4" from (5.12), we have
Ly~ 7 0](2 HAfO<5B ) — Afo(2") H b, 1 e ’
aT - al < 2 iy Y z) L
s i a2 ) T,
~ . 2
Of ~.0 br ( 1 ) ~T—1
= ZAx" — Z\I+———7) Ax
d A5 Br- \/gﬁT—l )

We now bound each of the three terms. By Cauchy—Schwarz inequality,

L2 ~T _ 20]2
L m~\qum;; == &, (B.57)

where Ly is the Lipschitz constant of f. Since the entries of A are i.i.d. N(0, 1/d), almost
surely the operator norm of A is bounded by a universal constant for sufficiently large
d [AGZ09]. From lemma B.3 and the definition of z° in (5.11), we also have

1 H\/gﬁzT —Vdzs
lim lim .

To300 d=300 d S d

<, 102

~ ~ 2
||511T— :L'()‘

2=0 as. (B.58)

Therefore,
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lim lim S; =0 a.s.. (B.59)

T—00 d—o0
Next, recalling the definition of e; from (B.53) we bound S, as follows:

2

b2
T B

T-1 ~T—2H2
2

d

B

S, < 2(1+ 2/(Vopr.1)) (B.60)

op

e

al-2||?
From lemma B.4, we know that lims_, limg_ i L = 0 almost surely. We now
show that the other terms on the rhs of (B.60) are bounded almost surely. Recall from

(5.7) that by = ,ILZZ Jo(ZT). Proposition B.1 guarantees that the empirical distribu-

tion of Z! converges to the law of X, = px X +ox W. Since f is Lipschitz, lemma
C.1 in appendix C therefore implies that almost surely:

. - ]- /
lim by = EE{fo(UX,TX +ox W)} (B.61)

d—o0

From lemma B.2, we know that limy . o5 7 = ﬁ and limy_, 0'25( = 5' .
letting T'— oo and applying lemma C.1 again, we obtain
= V1 —a?
jlgglo(}grglo bT—f {fo(fX+\/3W a.s.

From lemma B.2, we have 87_; — 1/1/8 as T — co. Also recall from assumption (AZ2)
on page 4 that 7 is the supremum of the support of Z;, and that A; > 7. Therefore,

(B.62)

L2
Z = 5727 has bounded support, due to which z (I + Z/(Vopr- 1)) < C for a
universal constant C' > 0. Hence, .

lim lim S, =0 a.s.. (B.63)

T—00 d—00

To bound S3, we first write the term inside the norm on the second line of (B.56) as

n HT—1
V0 g A (b,— by) + EZA(\/SAO — )
/\5 Br-1

by (2, ! 4z
+5 </\* Z(I+ \/gﬁT—1Z> )ASU .

Then, using triangle inequality and Cauchy—Schwarz, we have
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s s |

30 |1Z,A 5, = & . 3b%
5 < — ZA
3b2 [|[Az"|; | 1 ( 1 )1
~z. - zZl1+ Z
6%71 d >\:§ \/SﬂTfl op
= 3(S3, 4 S + Sse). (B.64)

Using the expression for z° from (5.11) and applying Cauchy—Schwarz, we can bound
S5, as:

S3a S

I Z AN &°]13(bo — br)?. (B.65)

()? ) »

We note that Z, is bounded, || Z°||; =1, and ||A|]?, is bounded almost surely by a
universal constant for sufficiently large d. Moreover, recalling the definitions of b, and
Xo = pyoX + ox0 Wy from (5.15) and (3.9), we see that by = $E{f{(X,)} is the limit
of brin (B.62). Therefore limy . limg o S3, = 0 almost surely.

Next, we bound Ss;. Recalling that &° = v/d &*//5, we have

|vaa® - :ET*/ﬂTlez | ||vae - veaT + vaaT - vaaT 4 Vet - @T*/ﬂmHz

d d
3| vae - vaar| s|vaar - vear
< y 2+ y ’
+ 3”%1”5(% — /1) (B.66)

Lemmas B.3 and B.4 imply that the first two terms on the rhs of (B.66) tend to zero in
the iterated limit 7'— oo, d — oo. Furthermore, from lemma B.2, we have limy_,o fr_1 =
1/ V6. From proposition B.1, we also have

T-1
(%gglo w =y 7t o’ 7= B, as. (B.67)

Therefore, limyz . limg ., S3;, = 0 almost surely.

To bound S;,, recalling from (B.52) that Z = —Z, we have
lg Z(I+ 1Z) o Loy (/\*I+ Z (1 — 1))1
A ’ V6B Br-1 ° ’ ’ V6Br1
1
- — Bra
X M (B.68)
A
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Since limg_, Br_1 = %, almost surely

2
1 1 -
YA Z<I+ z)

A VoBro o

Thus lim7 . limg .o S3. = 0 almost surely. Using the results above in (B.64), we have
shown that

lim
T—oo

= 0. (B.69)

lim lim S35 =0 a.s. (B.70)

T—00 d—00

Using (B.59), (B.63) and (B.70) in (B.56), and recalling that n/d — §, we obtain

T—00 Nn—00 n

~ 0

To complete the proof for the base case, we show that the term inside the brackets
in (B.50) is finite almost surely as n— oo. First, by assumption (B2) on page 6, we
have lim,, . ||y|[3/n = E{Y?} almost surely. Furthermore, by proposition B.1, we almost
surely have

i | &7 [ /n = 2% + 0 (B.72)
Next, using the triangle inequality, we have

latlly = [[a’" — a’|, <[l <[ a'. + || a" — a®, (B.73)

Combining this with (B.71), we obtain

R 2 -
lim lim “ . > _ Jim Wop 05 o = Hipg + 00, as. (B.74)

Therefore, using (B.50), we have shown that

n

(] oy 1Q SN
%ggoiirglo n; (Y, Uy ) — n; Uy, 4;)| =0  as. (B.75)

Induction step: assume that (B.15) holds for some ¢, and that (B.16) holds with ¢+ 1
replaced by t. Also assume toward induction that almost surely

” T+t _ pt =~ T+t

H U u!

2
lim lim |2 =0, lim lim
T—00 d—o0 T—00 n—00 n
The limits in (B.76) hold for ¢=0, as established in the proof of the base case
(see (B.66) and (B.71)).
From (B.48), we have the bound

2
2 g, (B.76)

https://doi.org/10.1088/1742-5468 /ac9828 32


https://doi.org/10.1088/1742-5468/ac9828

Approximate message passing with spectral initialization for generalized linear models*

d d

B DNICIE FA B ETERE

i=1 =1

1
||5'3||§ H 53T+t+1||§ I i.t+1||§ 2 ” FT++1 _ ﬁgtHHQ
<4C |1+ ¥ 4 + 4 Nz (B.77)
Using (5.1), (5.6), (5.13) and the triangle inequality, we obtain:
TH+t+1 _ g+
||a3 - H2 ||ATh ~ T4t . y)—ATht(’&t;y)H;
€7 fi(2™H) — Sfi(2D)]);
+ 2 y
||ATh ~ T4t . y)—ATht(’&t;y)Hz
T+t 2 T+t AN
Hf y H2(6T+t ) _}_402Hft y (a:)||2
The term S; can be bounded as
2 Hht w5 y) — by ||2 2 2H u'tt— |2
<A, . <jaf, LA ()

where L, is the Lipschitz constant of the function A, Since the operator norm of
A is bounded almost surely as d — oo, by the induction hypothesis (B.76) we have

. . T+ _ gt 2
limy o limg .o w = 0 almost surely. Therefore,

lim lim S; =0 a.s.. (B.80)

T—00 d—00

To bound S,, we recall from (5.7) that Crpyy = > ;hj(u!5y;). Proposition B.1
guarantees that the joint empirical distribution of (u T“, y) converges to the law of

(U s, Y) = (g 704G +og . Wures, Y). Since by is Lipschitz, lemma C.1 in appendix
C implies that

%gglo Cryt = EB{hi(ny 7 G+ oy Wore, Y)} as. (B.81)
From (B.13), we know that limy .yt 1y, = prs and limg o o’ O = an Therefore
applying lemma C.1 in appendix C again, we obtain:

lim lim CT—H E{h;(/,LUﬂgG + O-U7tWU_’f;, Y)} = ét a.s. (B82)

T—0o0 n—00

Next, using the result in proposition B.1 with the test function ¥ (z, ) = (fi(Z))?, we
almost surely have
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lim lim —”ff( iTH)Hi
T—00 d—00 d

= lim E{f( X 70"} = E{£(X,)). (B.83)

where the last equality follows from (B.13) since f; is Lipschitz. Combining the above
with (B.82), we obtain

lim lim S, =0 a.s.. (B.84)

T—00 d—00

For the third term S; in (B.78), since f; is Lipschitz (with Lipschitz constant denoted by
L;), we have the bound:

~ 2
$T+t _ $t||2

Ss < éfo” g (B.85)
Thus, by the induction hypothesis (B.76), we obtain
lim lim S3 =0 a.s.. (B.86)
T—00 d—00
We have therefore shown that
ST+l at+l]||2
lim lim ” v | =0 as. (B.87)
T—00 d—00 d

Next, we show that the terms inside the brackets on the rhs of (B.77) are finite
almost surely as d — oo. Using the pseudo-Lipschitz test function (x, 7) = 2* + 7?2,
proposition B.1 implies that almost surely

1 -
lim oS (ol + 120 P) =BV 4+ 0% e (BSY)

2

— 2 2 .
UX,THH = Hx 41 + OXty1- Using the

Moreover, (B.14) implies that limy ,U,QX Ten T
triangle inequality, we have

H :;:T+t+1||2 . H :i:TH—H o ﬁgt+1||2 < H :Alzt—l—IH2 < H :;:T+t+1||2 + H ﬁgt—i—l o 53T+t+1||2.

(B.89)

Hence, using (B.87) and proposition B.1, we almost surely have

A t+11]2 S THt+11|2
T
lim lim | & ”2 = lim lim ” l2
T—00 d—00 d T—00 d—o0 d
- Jlggo (MZX Ty T % .,T+t+1> = W1+ X (B.90)

We have thus shown via (B.77) that almost surely

d d

oSl 2T = 53 e 617

i= i=1

lim lim
T—o0 d—o0

= 0. (B.91)
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To complete the proof via induction, we need to show that if (B.87) and (B.91) hold
with (¢+ 1) replaced by t for some ¢ > 0, then almost surely

s H u’t — a7+ 1 - .t
L n 5, nZw o 877 = 13wl )| =0
(B.92)
From (B.49), we have the bound
liw(yl ~T+t Zl/} Yi, Uy
i o )
Iyl Ha™ el lat - )
<4C|1 2, B.93
[ N n n N n vn ( )
Using (5.2), (5.6), (5.14) and the triangle inequality, we obtain
[am =, _ -
=0 24 am — ag(en))
- _ 2
H Brih (@™ 5 y) — b (@)
+ 2 -
n
. h
—||Af T—H Aft(wt)H§+4H -1( U - )||2(bT+t_b)
_ h. ~T+t71 h
B [ R R X
n

Using arguments along the same lines as (B.80)—(B.86) (omitted for brevity), we can
show that almost surely

lim lim S; = lim lim S; = lim lim S5 = 0.
T—0o0 n—00 T—00 n—00 T—00 n—00

||1]T+t_ut‘|

Hence limg_, limn%oTZ =0 almost surely. Furthermore, using a triangle

. . . T+t 12
inequality argument as in (B.89), we obtain limy_, lim,, w = hmT_m hmn_m H “nHZ

almost surely. By proposition B.1 and (B.13), the latter limit equals uf, + o7 ,. Using
these limits in (B.93) yields the result (B.92), and completes the proof of the lemma. [
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B.4. Putting everything together: proof of theorem 1

We will first use lemma B.5 to show that the result of the theorem holds for the GAMP
iteration (&', @'), i.e. under the assumptions of theorem 1, we almost surely have

lim n2¢ yi, 01) = B{Y(Y, py,G + ov,Wy,)}, t=0, (B.95)

lim Zw i, &0 = B{Y(X, pxea1 X + ox o1 Wxpaa}, t+120.
d—oo d

(B.96)
Consider the lhs of (B.96). Using the triangle inequality, for any 7 > 0, we have

d
1 .
EZ (i, 277) = E{p(X, px i1 X +ox 01 W }

d
1 . -
5D bl £ - dZwZ, TR

i=1

IR -
* EZ (i, 2 — E{y(X, PxripnX 05 rpn Wi ,T+t+1)}‘

+ |]E{1/}(X, MX,T+1€+1X + 0X,T+t+1W5< ,T+t+1)}
— E{¢Y(X, px X + ox 101 Wx 1)

We first bound T3 using the pseudo-Lipschitz property of ¢, noting that Wy ,,, and
Wx,; are both ~ N(0, 1):

T3 < E{W(X: NX,T+t+1X + UX,T+t+1W) - w(X; NX,t—HX + O'X,t—l—lW)‘}a W~ N(07 1)
2 2 2 2]1/?
< CE{ (1 + [X + 'MX,TthJrlX + UX T+t+1W }
+ (X2 4 i X2 4 0% WP
[ Hx 141 Ox t+1 ]
1/2
) (XQ(:U’X,TthJrl - ,uX,t+l)2 + W2<UX,T+t+1 - UX,t+1)2) ! }

1/2
2 2 2 2
<3¢ (3 T e T 0% e T HX e T UthJ’l)

1/2
: ((MX,T—HH—I - ,MX,t+1)2 + (UX,T+t+1 - UX7t+1)2) ) (B.98)

where we have wused Cauchy—Schwarz inequality in the last line. From
lemma B.5 (equation (B.14)), we know that limT%O‘uxTHH—,uX?tH‘ =0 and

limTﬁoo|aX7T+t+1 — UX¢+1| = 0. Therefore, limp ., T3 = 0. Next, from (B.16) we have
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that limp.,. limg. 77 = 0 almost surely. Furthermore, by proposition B.1, for any
T >0 we almost surely have limg,, 7o = 0. Letting 7T,d— oo (with the limit in d
taken first) and noting that the lhs of (B.97) does not depend on 7, we obtain that
(B.96) holds.

The proof of (B.95) uses a bound similar to (B.97) and arguments along the same
lines. It is omitted for brevity.

Next, we prove the main result by showing that under the assumptions of the
theorem, almost surely

t a2

SR S L e .
IR oy NS pe o+ = &,

i 52 wlenal™) = g2 wle £ =0, fm TR =0, ekl 20

(B.100)

Combining (B.99) and (B.100) with (B.95) and (B.96) yields the results in (3.11)
and (3.12).

The proof of (B.99) and (B.100) is via induction and uses arguments very similar
to those to prove (B.15) and (B.16). To avoid repetition we only provide a few steps.
Noting that 2 = Z°, we now show (B.100), under the induction hypothesis that (B.99)
holds and also that (B.100) holds with ¢+ 1 replaced by t.

Since ¢ € PL(2), we have

d d

1 1
PILCEAREEPIUC

i=1 i=1

d d d

||:L't+1 o :i:t+1||2.

Vd

Furthermore, using the definitions of /™! and Z’*!, and the triangle inequality we have

1
<4C{1+ [y AN o s T

(B.101)

~ 2
Hwt+1 _ mt+1H2

2 . _
< 5_HATht(ut;y) _ AThf('U:fvy)Hz 4o DT T2 Hft< )“2 (Ct _ Cf;)2

d
1 a2 lh@) — £@)l,
d
21?2 bt 2) |7 _
< t 2 g ||2 +4Hft<d)‘|2(ct_ct)2
# — &'l
4021:2“72 B.102
+ T ( )
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where L,, L, are the Lipschitz constants of f, h, respectively. By the induction hypoth-

lw—all; a3
o =23
’ d

esis and lemma C.1, the terms

, and (¢, — C;)? tend to zero. Further-
()]
more, by the induction hypothesis, we almost surely have [ECallK — E{f;(X;)*}, and by
3

d
(B.96), ! Cr = (x4 0% 441) as d— co. Finally, by a triangle inequality argument
analogous to (B.89), we also have

A R

d—o0 d—oo d

Using these limits in (B.101) proves (B.100). The proof of (B.99) (under the induction
hypothesis that (B.100) holds with (¢+ 1) replaced by ¢) is along the same lines: we

ut_ ’iLt 2
use a bound similar to (B.101) and a decomposition of w similar to (B.102). This
completes the proof of the theorem. O

= (:U’,QX,tJrl + 0?(,t+1) a.s..

Appendix C. An auxiliary lemma

The following result is proved in [BM11, lemma 6].

Lemma C.1. Let F:R* = R be a Lipschitz function, and let F'(u,v) denote its deriva-
tive with respect to the first argument at (u,v) € R% Assume that F (-, v) is continuous
almost everywhere in the first argument, for each v € R. Let (U, V,,) be a sequence of
random vectors in R? converging in distribution to the random vector (U, V) as m — oo.
Furthermore, assume that the distribution of U is absolutely continuous with respect to
the Lebesgue measure. Then,

lim E{F'(U,,,V,,)} = E{F'(U,V)}.

mM—0o0
Appendix D. Complex-valued GAMP

Consider a complex sensing matrix A with rows distributed as (a;) ~i;q. CN(0, I;/d)),
for i € [n]. The output of the GLM y € C" is generated as py,(y|g), where g = Az.
The GAMP algorithm for the complex setting has been studied in the context of phase
retrieval by [SR14, MXM19]. Here, we briefly review the complex GAMP and present
some numerical results for complex GAMP with spectral initialization.

As in section 4, we take f to be the identity function, and h; = \/ghz‘, where h is
given in (3.18). To obtain a compact state evolution recursion, we initialize with a scaled
version of the spectral estimator x*:

330:\/& a4 ﬁ_’,’s, U,O:LA:I;O_ 1

Z,AD. D.1
1—a? Vo Vo T v (D-1)
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The iterates are then computed as:
= AHh*(ut ry) — cfi(a), (D.2)

1
1 — At“——h* 5 y). D.3
Here, the Onsager coefficient ¢, is given by [SR14]:
Vo Var{G]Utzu,Y:y}_1
Var (G|U; = u) Var (G|U; = u) '

c = (D.4)

For this choice of f, h;, the state evolution iteration can be written in terms of a single
parameter p;, = iy, For t > 0:

1 2 ! 2
Hue = %:U/f/? Ut = 5 Oxt = BXt = M,

=

(D.5)
fie1 = \@E{W‘(Ut; Y)|2}.

The recursion is initialized with py = Moreover, the parameter p,,, can be con-

1- 02
sistently estimated from the iterate w' as fi, . = V6||h*(u';y)|[5/n. It can also be
estimated as the positive solution of the quadratic equation 7., + 1,41 = ||&]3/d.

We now discuss some numerical results for noiseless (complex) phase retrieval, where
y; = |(Az);|*, for i € [n]. For a given measurement matrix A, note that replacing & by
e’z leaves the measurement y unchanged. Therefore the performance of any estimator
is measured up to a constant phase rotation:

N i ‘2
min |(a: e’ x)

(&, o)’ (D.6)
oclo2m ||l|3 || Z|3

Figure 4 shows the performance of GAMP with spectral initialization when the signal x
is uniform on the d-dimensional complex sphere with radius v/d, and the sensing vectors
(a;) ~iia. CN(O, I;/d).

Figure 5 shows the performance with coded diffraction pattern sensing vectors, given
by (4.2). The signal x is the image in figure 3(a), which is a d; x dy x 3 array with
d; = 820 and dy = 1280. The three components z; € R? (j € {1,2,3} and d = d, - d,) are
treated separately, and the performance is measured via the average squared normalized

2
scalar product (2;2))
p 12;- lu NEEES

The red points in ﬁgure 5 are obtained by running the complex GAMP algorithm
with spectral initialization, as given in (D.1)—(D.4). We perform ngmpe = 5 independent
trials and show error bars at one standard deviation. For comparison, the black points
correspond to the empirical performance of the spectral method alone, and the black
curve gives the theoretical prediction for the optimal squared correlation for Gaussian
sensing vectors (see theorem 1 of [LAL19]).
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