Math. Stat. Learn. 9 (2026), 1-68 © 2026 European Mathematical Society
DOI 10.4171/MSL/57 Published by EMS Press
This work is licensed under a CC BY 4.0 license

A multiscale cavity method for sublinear-rank symmetric
matrix factorization

Jean Barbier, Justin Ko, and Anas A. Rahman

Abstract. We consider a statistical model for symmetric matrix factorization with additive
Gaussian noise in the high-dimensional regime, where the rank of the signal matrix to infer M
scales with its size N as M = o(+/In N). Allowing for an N-dependent rank offers new chal-
lenges and requires new methods. Working in the Bayes-optimal setting, we show that whenever
the signal has i.i.d. entries, the limiting mutual information between signal and data is given by
a variational formula involving a rank-one replica symmetric potential. In other words, from
the information-theoretic perspective, the case of a (slowly) growing rank is the same as when
M =1 (namely, the standard spiked Wigner model). The proof is primarily based on a novel
multiscale cavity method allowing for growing rank along with some information-theoretic
identities on worst noise for the vector Gaussian channel. We believe that the cavity method
developed here will play a role in the analysis of a broader class of inference and spin models
where the degrees of freedom are large arrays instead of vectors.

1. Introduction

Reconstructing a low-rank signal matrix observed through a noisy channel with high-
est possible accuracy is of fundamental importance across a range of disciplines
including statistical inference, machine learning, signal processing, and information
theory. This task encompasses a variety of models that have attracted considerable
attention over the last decade, such as sparse principal component analysis and Z,
synchronization [23,45], the stochastic block model for community detection [1,22],
and submatrix localization [20,35], just to cite a few. A common theme unifying these
models is that they are either examples of, or are otherwise closely related to, the gen-
eral notion of spiked matrix models [5, 38, 59] of the form “signal plus noise” that
were introduced at the turn of this century.
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In this work, we consider the archetypal spiked Wigner model, where one observes
a symmetric deformation of a standard Wigner matrix. The data is generated as

[ A
Y = NXOXE + Z, (1.1

where X € is the signal matrix distributed according to some prior distribu-
tionPx yy, Z € RA*N ig a standard Wigner matrix with Z;; ~ N (0,2) (1 <i <N)
and Z;; =Z;; ~N(0,1) (1 <i <j < N)independently and identically distributed
(i.i.d.), A > 0 is the signal-to-noise ratio (SNR), and the scaling by V'N is such that
the signal and noise are of comparable magnitudes. From another perspective, we

RNXM

may say that we observe the spike X ¢ corrupted by additive Gaussian noise; note that
results concerning this model extend to a wide range of noisy observation channels
due to recently proven universality principles [31,32,42,44].

We study the free entropy (equivalently, up to a simple additive term, the mutual
information /(X ¢;Y); see, e.g., [43])

1
Fn(A) = Fnu(A) = N—MEZ,XO InZy m (1.2)

of the model (1.1) in the thermodynamic limit N, M — oo with the rank M = My
growing sufficiently slowly with N. Here,

Zwwm = / N0 4Py 4y (X) (1.3)
RN*xM

denotes the partition function associated with the Hamiltonian
Hy(X) := lTr ,/AZXXT + iXOXTXXT - LXXTXXT ;o (1.4
T2 N N 0 2N ’ '

in the language of Bayesian inference rather than statistical physics, the partition func-
tion is simply the normalization of the posterior distribution Py, y a (X | Y (X0, Z))
and the Hamiltonian is the log-likelihood. In order to take advantage of replica sym-
metry (i.e., concentration of measure) [6, 10, 43], we moreover work in the Bayes-
optimal setting, which means that in addition to the observed data Y, the statistician
charged with reconstructing X o from Y also has knowledge of the form (1.1) of Y,
the prior distribution Py x, s of the signal X o, the SNR A, and the rank M of X o X (T).

Focusing on the Bayesian viewpoint, various applications of (the adaptive) inter-
polation methods, the cavity method, and the Approximate Message Passing (AMP)
algorithm have been used to study (various generalizations of) the spiked Wigner
model. Studies commenced in the rank M = 1 case [8, 22,41, 42, 46] before pro-
gressing to the low-rank (i.e., finite-rank) case [43,47], with recent studies venturing
into the regime of growing rank [13, 37,48, 61]. In particular, an M -dimensional
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variational formula for the limiting free entropy limy .o Fx(A) can be surmised
from [61] when M = o(N'/2%). Our present goal is to continue this line of research
by proving a scalar equivalent of the aforementioned formula (thereby circumvent-
ing the intractability of the M -dependence seen therein) with regime of veracity
M =o(+/InN). Thisis a significant milestone towards understanding the recent con-
jecture based on the replica method of [60] that the rank-M spiked Wigner model
should behave as its rank-one counterpart, so long as the rank is sublinear, i.e., when
M = o(N).

It has long been known and utilized that there is a close interplay between sta-
tistical inference and the theory of spin glasses. In particular, the free entropy of
the finite-rank spiked Wigner model is closely related to the free energies of vec-
tor spin glass models, with the main technical challenge in studies of the latter being
the absence of replica symmetry. Variational formulae for free energies of various
vector spin glass models have been proven using synchronization of overlap matri-
ces [12, 26, 39,40, 57,58] and Hamilton—Jacobi equations [17-19, 54]; the relevant
order parameters are increasing matrix paths, which are more challenging to deal
with than the matrix-valued order parameters typical of Bayes-optimal inference prob-
lems. Said variational formulae have moreover been recently analyzed and simplified
in [4, 11, 16] through exploitation of inherent symmetries within the studied models
in order to reduce dimensionality of the order parameters. Our main technical contri-
bution in this line of work is a generalization of the Aizenman—Sims—Starr scheme [3]
to multiscale mean field models, which in this context are vector spin glass models
with dimension-dependent vector spin coordinates. Using the cavity method instead
of, say, the adaptive interpolation method [47, 61] means that we require only pos-
terior (thermal) concentration of our order parameter, the overlap matrix, rather than
full (quenched) concentration. This in turn enables us to employ a scalar perturbation
parameter (as opposed to a matrix one) in the proof of concentration, leading to more
tractable computations and better rates of convergence. Our secondary contribution is
a proof of the fact that our variational formula for the limiting free entropy reduces
to that of the rank-one spiked Wigner model, owing to a set of simple information-
theoretic inequalities. Said identities are, to the best of our knowledge, not in the
literature and we expect Corollary 2.4, say, to be a valuable addition to the literature
on worst noises [24,25, 63].

The reduction to rank one mentioned above follows from the fact that the entries
of the signal X are i.i.d., which induces exchangeability in the entries of the over-
lap matrix. This is similar to recent simplifications of vector spin Parisi formulae
obtained in [11, 16] through the utilization of underlying symmetries in the Potts
spin glass. Combining these simplifications with our multiscale cavity method has
the potential to extend the corresponding finite-rank vector spin models to sublinear-
rank multiscale models, which is a natural step towards understanding the challenging
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extensive-rank regime M = O(N); see [9, 13-15,48,60,65]. In this vein, we foresee
that the relative tractability of our computations will also enable the theory of asym-
metric matrix and tensor factorization [27,28,46,47,50,52,53] to be pushed into the
growing rank regime. Indeed, we find some potential extensions of our methods to
particular related settings are readily observable: In the case of asymmetric matrix
factorization [27, 28, 50, 51, 53], we expect the finite-rank cavity method of [50] to
extend to the growing rank regime via our multiscale formalism. Likewise for the cav-
ity method employed in the study of symmetric tensor factorization [46]. The missing
ingredient in both of these cases is our result reducing the rank-M model to its rank-
one counterpart. In the present setting, this is done by showing equivalence between
the suprema of a rank-M potential and its rank-one counterpart, introduced below.
In [50], one is instead interested in the supremum of the sum of two such poten-
tials coupled through a quadratic term, while in [46], the relevant potential involves
Hadamard powers of the matrix argument @, so that the eigenvalue-based arguments
of Section 3 cannot be used. Further investigation is needed to ascertain if the ideas
of Section 3 can be adapted to overcome these challenges.

2. Setting and main results

2.1. The sublinear-rank spiked Wigner model and the replica symmetric
potential

We study the N, M — oo limit of the free entropy Fy (1) (see (1.2)) of the spiked
Wigner model (1.1) with rank M = o(~/In N) and signal of i.i.d. entries, i.e., the
prior distribution Py y 3 on X¢ = (x¢,; € RM),SN = (x0,j € R)j<n,j<p fully
factorizes:

N N M
Px.v (Xo) = [ [Pxa(xoi) = [ ][ Px(xo.i)- 2.1)
i=1 i=1j=1
In addition, we take Px to be a centered distribution with D-bounded support: There
exists 0 < D < oo such that supp Py € [-D, D].

An application of the (non-rigorous) replica method [49, 64] suggests that the
large N limit of Fx(A) is given by a variational formula written in terms of the
rank-M replica symmetric potential Fyo: Sy x R4 +— R defined by (with Sy the
set of symmetric positive semidefinite M x M matrices)

1 A
FR3(Q., 1) = MIE”O InZR — i Tr 02,
(2.2)
ZRS = [ oVATVOzHAxj0x—5xT0x 4y /().

RM
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where z € RM is a standard Gaussian vector and x ¢ ~ Px am (see [46,47]). However,
we find that it is instead given by a formula in terms of the simpler rank-one analog

A
F¥(q, 1) :=FE, x, InZ%S — ZqZ,
00 L (2.3)
ZIIQS = / emzx+qu()x—jqu dPy (x),
—00

with z ~ N (0, 1) and xg ~ Px. Thus, we have as our main result that, under our
hypotheses above in addition to two further technical hypotheses concerning vector
and scalar analogs of our channel (1.1), the N — oo limit of the free entropy Fx (4) is
given by the rank-one replica symmetric potential F' IRS (g, A) at its supremum over q.

Theorem 2.1 (Rank-one replica formula for the growing-rank spiked Wigner model).
Assume the following hypotheses:

(H1) The rank M = My € N is such that M = o(vVInN)and My4+1 — My <1
forall N € N.

(H2) The prior distribution Px y pm on X fully factorizes as in equation (2.1).
(H3) The distribution Px is centered with D-bounded support.
(H4) The distribution Px is such that for Px p = IP’)? M ind all constant m <M,
¢m(X) := sup F5(Q, 1) (2.4)
0eSm
is real analytic in A on [0, 00) except for possibly one critical point (phase
transition) 0 < A, < oo, independent of m.

(HS) Letting xo ~ Px and z ~ N (0, 1), the minimum mean-square error (MMSE)
of the scalar Gaussian channel y = VAxo + z,

mmse(A) 1= E; x, [ (xo — E[xo | y])z], (2.5)

is such that A*mmse(A) is monotone on A , 00) for some A > 0.

Setting p := Ep, X 2, the limiting free entropy (1.2) of the spiked Wigner model (1.1)
is then given in terms of the replica symmetric potential (2.3) by

lim Fy(A) = lim Fyumy(A) = sup F5(q,A). (2.6)
N—o00 N—o00 q<[0,p]

As a consequence, we have the following formula for the limiting minimum mean-
square error of the spiked Wigner model:

lim MMSEy py (1) = p* —q*(1)?. 0<L1# A,

N—o00

1
MMSEnn(A) := ——Ez x,|XoX{—E[XoX] | Y]

NZM [S—CE)
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where g* (1) := arg max ] FRS(q, M) is the (unique [43, Proposition 17]) maxi-

q€[0,p
mizer of FRS(q, L) and ||| denotes the Frobenius norm.

The statement on the minimum mean-square error follows from the -MMSE for-
mula [33] and the arguments of [43].
We comment on our hypotheses:

(1) We require M = o(N'/#) to achieve thermal concentration of the overlap
matrix
1 1
Ripi= - XTXo=— > xix]; (2.8)
i=1
with respect to the Gibbs average corresponding to a particular perturbation of the
Hamiltonian Hy (X) (1.4) and M = o(+/In N) for the error terms arising from the
cavity computation to vanish in the large N limit. We believe that this growth rate for
the rank is not fundamental and is rather a limitation of the proof methods. Indeed, we
conjecture that Theorem 2.1 holds for M = o(X), in line with [37]. The requirement
that My4+1 — My < 1 is in keeping with the natural notion that the sequence of
matrices X ¢ has its dimensions M, N growing by increments of 1, with N growing
steadily.

(2) Symmetry properties of Py x s owing to its factorized nature encourage the
thermal concentration of R onto a scalar multiple of the identity, which in turn
induces an equivalence

sup F(qIy.A) = sup F{S(q.1).
q€[0,p] q<[0,p]
The factorization of the prior is thus key to reducing the dimensionality of the varia-
tional formula (2.6).

(3) Requiring Py to have D-bounded support is not very restrictive and is only a
technical constraint; prior distributions Py with unbounded support can be treated by
truncating them to have D-bounded support, working in the finite D regime as in this
paper, and then taking D — oo; see, e.g., [43,47].

(4) It is believed that for sufficiently slowly growing rank, limy .o Fn (1) ex-
hibits a single rank-independent phase transition for many natural choices of prior Py
(uniform, Rademacher, Gaussian, simple mixtures, etc.); see [51] and the references
therein; for rank proportional to N, one still observes a unique phase transition, but
it has a rank-dependent location [7]. We assume there is at most one rank-indepen-
dent phase transition and translate this assumption on the model into one for ¢, (1)
(m < M). It is difficult to prove this hypothesis in general and it may not hold for
certain (exotic) priors. Nonetheless, a convincing check for its validity is to numeri-
cally evaluate ¢, (1), which is easy, and look for a unique first or second order phase
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transition (a discontinuity in its first or second order derivative, which are the standard
transitions in high-dimensional inference problems [69]). The same behavior is then
expected for any fixed m — additional phase transitions can only appear in a large sys-
tem limit. This is sufficient for our argument (in particular, Theorem 2.6). To improve
clarity, we will often refer to hypothesis (H4) when it suffices to take a weaker hypoth-
esis, such as when we require real analyticity of ¢y, (1) only at low or high SNR, or
atexactly m = M.

(5) As scalar channels are far more tractable than higher-dimensional ones, it
is relatively easy to check monotonicity of A2mmse(1) in the high SNR regime. In
particular, hypothesis (H5) holds when mmse(A) is real analytic on [A], c0) since
mmse(A) = o(1/A) as A — oo (see [67]). This includes exponential, finite-alphabet,
and Gaussian distributed signals [34].

Theorem 2.1 manifests equivalence with its rank-one analog, rigorously analyzed
in [8,43,47], due to the M -independence of the right-hand side of equation (2.6).
Similar results concerning sublinear-rank models behaving as their finite-rank coun-
terparts exist for mesoscopic spiked perturbations of random matrices [36] and for
spherical integrals [37]. Our results complement these in the context of Bayesian
inference. If hypothesis (H4) is weakened, then Theorem 2.1 holds for all SNR A
greater (smaller) than the largest (smallest) non-analytic value of A. This follows from
straightforward changes to the proof of Theorem 2.6 given at the end of Section 3.
The proof of Theorem 2.1 comprises a lower bound on Fy (1) (which is valid for
M, N € N), hence
liminf Fy (1),
N —o0

obtained by a standard application of Guerra’s interpolation method [30], and a match-
ing upper bound on
limsup Fy (1),
N—o0

obtained through a multiscale application of the cavity method prescribed by the
Aizenman—Sims—Starr scheme [3]. The novelty of the argument lies in two key in-
gredients: Firstly, we show in Section 3, and summarize in Section 2.2, how the
supremum of the rank-M replica symmetric potential ¢p7 (1) (2.4) reduces to its rank-
one analog ¢ (A1) — this is used to obtain agreement between the aforementioned upper
and lower bounds and moreover improves the tractability of the right-hand side of
equation (2.6). Secondly, we develop in Section 5 a cavity method that is able to treat
sequences Fy, u (A) indexed by two growing dimensions instead of one, as is usually
the case. In addition to the rank-one reduction of Section 3, said cavity computations
also use the lower bound on Fy (4) that we obtain via Guerra’s interpolation method
and thermal concentration of the overlap matrix R1o. We present these two prerequi-
site results, which are proven through relatively standard methods, in Section 4; the
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contents of Sections 4 and 5 are summarized in Section 2.3. We emphasize that all

results but one in this paper hold for M growing at certain polynomial rates in N.
For convenience of later analysis, it is helpful to re-express the replica symmetric

potential in terms of the mutual information of the M -dimensional vector Gaussian

channel (see Appendix A):
2
4 ki

w01 = ——I(xo,/_ xo+Z)——||Q plu|? + (2.9)

where z ~ N (0, I3r) is standard Gaussian noise and x¢ ~ Py .

Remark 2.2 (Properties of the replica symmetric potential). The squared Frobenius
norm ||Q — plp || is a convex paraboloid with minimum at Q = plys, while the
mutual information 7 (x¢; \/Exo + z) is a concave, non-decreasing monotone func-
tion of Q@ (see [33,62]): for O, Q5 € Sm, 0 <t <1, and z,2', 2" ~ N (0, Ips)
independent, we have

t1(xo: VAQ x0+z) + (1 —1)I(x0; YAQ,x0 +2)
< I(x0: V/AGQ, + (1—1)Q3)x0 +2").

The problem of maximizing F A‘}s(Q, A) over Q therefore translates to one of compar-
ing these two competing terms. For each m € N and Q € S,,, FRS(Q, 1) — Ap? /4 is
a non-increasing, monotone, continuous, convex function of A. Thus, the same holds
true for ¢ (1) — Ap?/4 = supgcs, FRo(Q.A) — Ap?/4.

2.2. Equivalence of the suprema of the rank-M and rank-one replica
symmetric potentials

We link the supremum of the rank-M replica symmetric potential F' 1}}5( Q. 1) toits
rank-one equivalent through a series of intermediary results. The first two are of par-
ticular interest due to their being a statement on the worst possible additive Gaussian
noise in a vector channel with i.i.d. inputs.

Lemma 2.3 (Off-diagonal entries of the noise covariance bolster information). Ass-
ume hypothesis (H2) and let xo ~ Px p, xo ~ Px, z ~ N (0, Ipg), and z ~ N (0, 1).
Then, for X € Sy, the mutual information between x o and the output of the vector
channel with additive Gaussian noise ¥ /?z of covariance X. satisfies

M

I(xo:x0 + X'22) = > I(xo:x0 + vZiiz). (2.10)

i=1

This inequality is an equality if X is diagonal.
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We prove this lemma in Section 3.1 and use it in Section 3.3, with ¥ = (A Q)™ !, to
give a partial proof of Theorem 2.6 below. Indeed, due to convexity properties of the
squared Frobenius norm in equation (2.9), Lemma 2.3 only supplies a proof of The-
orem 2.6 when the eigenvalues of @ are restricted to be sufficiently large. However,
we are able to utilize a convexity result of [66] on signals drawn from distributions
with D-bounded supports in order to formulate a parallel proof for when @ has small
eigenvalues and obtain the following corollary of Lemma 2.3.

Corollary 2.4 (Worst Gaussian noise with covariance of fixed trace). Let X € Sys
be such that X;; > D? foreach 1 <i < M and let o := Tr X /M be its normalized
trace. Then, in the setting of Lemma 2.3 with Px having D-bounded support, we have
that

I(xo;x0 + X%2) > M1 (x0; x0 + +/02). (2.11)

This inequality is an equality if ¥ = olpy.

The partial proofs of Theorem 2.6 emerging from Lemma 2.3 and Corollary 2.4
are interestingly dual to each other in the sense that the first proof focuses on the diag-
onal entries of ¥, while the second focuses instead on its eigenvalues; note that these
parameters coincide when X is diagonal. This shift in focus means that the roles of
the mutual information and the squared Frobenius norm in the expression (2.9) are
reversed in the two partial proofs. Importantly, said partial proofs correspond respec-
tively to regimes of high and low SNR due to the following properties, proven in
Section 3.2, of maximizers Q*(X) of F;¥' (@, ) linking the regime of Q having
large (small) eigenvalues to that of high (low) SNR.

Proposition 2.5 (Properties of Q*(1)). Assume hypotheses (H2) and (H4). Let Px
be centered with bounded second moment p = Ep, X? and let Q* (1) € Sy be such
that

Fap (Q* (1), 4) = dm ().
Then, we have that Q* () and its eigenvalues g7, ... .qyy have the following proper-
ties:
(1) 0<gqf.....q5 < pforall X > 0.
(2) [|Q* (V) ||r is continuous for all A > 0 except possibly at A = Ac.

(3) Given ps € (0, p), there exists 0 < A’y < Ao such that 0 < qi.....qy < P
forall0 < A < A%.

(4) Given p; € (0, p), there exists Aj > A such that p; < qi.....q5 =< p for
all A > ).

Thus, in Section 3.3, we first prove the following theorem in the high and low SNR
regimes before finally using analytic continuation in A of ¢, (A) (m < M), assumed
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to be real analytic for all A # A, by hypothesis, to extend the regime of veracity to
the entirety of the positive real line.

Theorem 2.6 (Rank-one reduction). Assume hypotheses (H2)—(H5). We then have for
all SNR A > 0 that

sup Fyp(Q.4) = sup F{(q.2).
0eSy q€[0,0]

2.3. Bounding the limiting free entropy via the interpolation and multiscale
cavity methods

The proof of Theorem 2.1 is a combination of the following two results (see Sec-
tion 5.4).

Proposition 2.7 (Free entropy lower bound). Under hypotheses (H2)—(HS5), we have
forany M, N > 1 that
Fy(A) = sup F{(q, ).
q¢€[0,p]

Proposition 2.8 (Free entropy upper bound). Under the assumptions of Theorem 2.1,
we have that

limsup Fy(A) < sup Fle(q,)L). (2.12)

N—oo q€[0,p]

Proposition 2.7 is proven in Section 4.1 using a standard application (apart from
the use of Theorem 2.6) of Guerra’s interpolation method [30,42,43], while Proposi-
tion 2.8 requires a non-trivial adaptation of the cavity method. In the standard cavity
computation for finite rank-models [43], one begins by Cesaro summing a telescoping
series to obtain the upper bound

N—-1
. ~ . 1 ~ ~
limsup Fy (1) = limsup —— E (Ez.xpelnZnrim —Ez x0.0 10 Zn 1)
N—o0 N—>oo NM n=0

. 1 ~ ~

< lim sup M (EZ,XO’S In ZN+1,M — EZ,X(),s In ZN,M)7 (2.13)
N —o0

where Fy (1) and Z ~,m are perturbations of the free entropy and partition function

defined by equations (1.2) and (1.3), but with Hy (X ) replaced by a perturbed Hamil-

tonian B
Hye(X) = Hv(X) + Hyo(X) (2.14)

and the expectation now containing an average over the perturbation parameter € and
any additional randomness due to the perturbation Hamiltonian Hy (X ). This latter
Hamiltonian is carefully chosen to induce concentration of the overlap matrix R ¢
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(see (2.8)) in the small ¢ regime; we show in Section 4.3 that for Hy (X ) defined
by equation (2.22) forthcoming, lim supy_, o, Fy (1) serves as an upper bound for
the left-hand side of inequality (2.12), so bounding it by the right-hand side of said
inequality completes the proof of Proposition 2.8. In the present setting, the rank
M = My grows as a function of N, so inequality (2.13) becomes

limsup Fy (X) < limsup ML(EZ,XO,S In ZN+1,MN+1 —Ez x,eIn ZN,MN),
N —o00 N—o0 N

which is no longer amenable to the standard Aizenman—Sims—Starr approach [3,43]:
there are two growing, interacting scales that need to be considered jointly. This
challenge can be overcome by putting the N and M parameters on equal footing
and splitting the n- and m,-dependencies within our telescoping sum (now letting
0 < m, < My be a rank parameter scaling with 0 <n < N as My does with N)
across two separate sums. Thus, we proceed by defining

AN (n) = ]EZ,XO,S In Z”+1:mn+l - EZ,XO,S In Zn,mn-»—] )
Apm(n) = ]EZ,XO,8 In Zn,mn+1 - EZ,XO,S InZy m,,

and observing that

N-1 N-1
Fya) = N#MN( Y Avm+ ) ZM(n)); (2.15)
n=0 n=0

the upshot here is that each of the summands in the above is a finite difference of two
terms that differ only in one index. Simplifying the right-hand side of equation (2.15),
as detailed in Section 5.1, then leads to the following identity bounding the limit
supremum of the right-hand side of equation (2.15) by a tractable convex combination.

Theorem 2.9 (Multiscale Aizenman—Sims—Starr scheme). Letting M = My € N be
an increasing sequence, there exist some 0 < «, B < 1 such that

~ A A
limsup Fy(A) < «limsup =LA (1 — ) limsup —M, (2.16)
N —o0 N —o00 M N —o00 N
liminf Fy (A) > Bliminf 2% 1 (1 — B) liminf 24 2.17)
it P ) = B lmind 57 it @

where

A1\7 = EZ,XO,E 1nZN+1,MN+1 _]EZ,X(),S anN,MN+1y (218)
AM = EZ,XO’g anN:MN+1 —EZ’X(),ganN,MN. (2.19)

Furthermore, if M = | f(N)] for some differentiable, strictly increasing function
(e.g., a monotonic cubic interpolation of the strictly increasing subsequence of My
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such that My = My_1 + 1) f:Ry — Ry, then we have

lim inf SN =1) < B <a <limsup J(N)

N—oo f(N)+ Nf'(N) ~ N—oo J(N)+ Nf'(N)'
Remark 2.10. (1) For y € (0, 1], the bounds of Theorem 2.9 hold with ¢ = 8 =
(1 + y)~! for sublinear polynomial growth f(N) = N7, while if f(N) = (InN)?,
we instead have o = § = 1. Taking y — 0 recovers the usual Aizenman—Sims—Starr
scheme.

(2.20)

(2) Our interest is primarily in the bound (2.16), but inequality (2.17) shows that
these results are sharp in the sense that if the limits on the right-hand sides exist and
o = 3, then we have the equality

.= . An . Am
lim Fy(A) =« lim — + (1 — lim —.
N1—>oo N4 OlNl—I>noo M *( OZ)Nl—mo N

(3) In contrast to the Bayes-optimal setting, in the usual mixed p-spin models (see,
for example, [56]) or mismatched inference problems [31], the upper bound is typi-
cally proved by interpolation and the lower bound is proved using the cavity method.
In particular, inequality (2.17) will be the relevant bound for the cavity computations
when studying growing rank versions of these models.

We have stated here the multiscale Aizenman—Sims—Starr scheme in terms of
the (perturbed) free entropy for convenience, but it actually holds for any generic
sequence with two growing indices. Indeed, it is a general fact about multiscale
sequences and uses no properties of the log partition function, as can be seen from
the proof presented in Section 5.1. The multiscale cavity method is a powerful tool
because the limit of a two-indices sequence with non-linear asymptotic growth rate
can be computed by finding the limits of differences where one of the coordinates is
fixed, instead of having to deal with increments in both coordinates simultaneously.
In other words, the Ay and Ay can be computed independently of one another to
isolate the effects of adding one spin or one rank coordinate. In statistical physics par-
lance, this reduces the problem to those of computing a cavity in the spins for fixed
rank dimension and a cavity in the rank for fixed spin dimension in the thermody-
namic limit. The A is the standard cavity studied in classical models, while the Az
term only appears when examining multiscale models.

With Theorem 2.9 in hand, it remains to bound the limit suprema in the right-hand
side of inequality (2.16) and compute their convex combination. In Section 5.2, we
confirm via the standard fixed-rank cavity computations therein that

. An
lim sup —-
N —o0
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is bounded above by the right-hand side of inequality (2.12). Remarkably, thanks to
the rank-one reduction described in Theorem 2.6, it turns out that the novel Ay cavity
term also obeys the same bound, hence so too does the right-hand side of inequal-
ity (2.16), as desired — we expect this observation to extend to the full sublinear-rank
regime M = o(N). This drastic simplification is however not expected to hold in the
regime of extensive rank M = ©(N). In that setting, Theorem 2.6 can no longer be
used, so the right-hand sides of Propositions 2.7 and 2.8 become more complicated
and cease to match. Thus, more refined tools are needed to derive extensive-rank
counterparts of said propositions.

In the present sublinear-rank setting, the rank-one equivalence of Theorem 2.6 and
a bootstrapping argument suggests to write the heuristic

Au 1 . 1 .
T = NEZ’X()J? In ZN,MN+1 - NEZ,X(),E In ZN,MN
~ (My + 1) sup FRS(q,1)— My sup FRS(q, 1)
q€[0,p] q€[0,p]
= sup FPq.1) (2.21)
q€[0,p]

for N such that My4+1 = My + 1. In Section 5.3, we present some manipulations
involving Proposition 2.7 and the fixed-rank A 5 cavity bound to prove that the intu-
ition behind approximation (2.21) is the correct one. As mentioned above, said Ay
cavity bound is obtained in Section 5.2 using standard fixed-rank arguments ([3],
[43, Sections 4.3 and 6.2.5]. The idea, then, is to compare the rank M, perturbed,
spiked Wigner model of size N + 1 to that of size N, where we now fix our choice
of perturbation to be

Hyo(X) = Tr(ﬁZXT L eXoXT— gXXT), eclsw.2sv],  (222)

with Z € RV*M 3 standard Ginibre matrix consisting of i.i.d. standard Gaussian
entries independent of everything else and (sy)n>1 a sequence of numbers in (0, 1)
that decrease slowly to zero as N — oo. For the size N + 1 model, denoting the
(N + D)throw of the signal by 5y ~ Py »r = IP’)‘? M and that of the noise by (£, £) with
§~N(0,Iy)and & ~ N(0, 1) (the first N rows being X ¢ and (Z, £T), respectively)
shows that

ﬁN—i—l,aNH(Xa n) = H;V(X) + HN,6N+1(X)
+9z(X) + ps(X)nT +m() +rep (), (2.23)

H, (X)':lTr LZXXTJF A XoXIXXT
NART 5 N +1 N 17070

_;XXTXXT .
2(N + 1)
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A A
z2(X) := ‘,N—i- 1XTET—l- N_'_IXTXoﬂg,

A
S(X) = _2(N——|—1)XTX’

Y A T A oo
m(1n) -—2( N+1§+N+1nono 2(N+1)ﬂn )nn ,

= EN+1
Fenir (M) = VENT1ENT + enp1non™ — 5 n,

where we have made explicit the N -dependence of ¢ = ¢,y and denoted the (N + 1)th
row of the perturbation noise in Hy 1,65, (X, n) by &. The point of decomposing
Hp 11,654, (X, 1) into the form (2.23) is that one may similarly observe for

1 VA A A A
PX)i==-Tr| —ZXXT+ —XoXTXXT—- —_XXTXXT],
y(X) 2r<N vz toto N2 )

with Z an independent copy of Z, that H N,ey (X) is statistically equivalent (up to
some lower order terms) to

Hy(X) + Hyen (X) + 3(X)

in the sense that the associated partition functions are equal in distribution. Thus, the
difference Ay (see (2.18)) can be expressed in terms of averages of exponentials of
the cavity fields z(X), s(X), m(n), rep o, (1), Y(X), and Hyep o (X) — Hyep (X)
with respect to the Gibbs (posterior) average (writing ey as )

1 ,
(Wne = 5 / L HNOOFHHN.CO gy y ar (X), (2.24)
N,s RNXM
Z,e = f eI OFHNX) gpy s (X). (2.25)
RNxM

In Section 5.2, we exploit the relative tractability of our cavity fields and the fact that
the noise within them is independent of the noise in Hy, (X) + Hy ¢, (X) to control
certain rates of convergence and ultimately deduce that

limsupA—N < sup Fle(q,)L),

N—oo MN ™ gefo,0]
as desired. We emphasize here that although the techniques used in Section 5.2 are
already in the literature, our contribution lies in our tracking the M -dependence of
rates of convergence that arise throughout the computations. These become conse-
quential in the thermodynamic limit when working in the sublinear-rank regime.
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The final key ingredient for carrying out the cavity computation is the thermal con-
centration of the overlap matrix R o (see (2.8)). This result allows us to replace R ¢
by the better behaved quantity (R 10)/N, . throughout the computations of Section 5.2.
While it is sufficient for our purposes to prove thermal concentration of the overlap
matrix with respect to the perturbed Hamiltonian Hy (X) 4+ Hy,¢(X), we are able
to do so for a larger class of Hamiltonians and so believe our result to be a valuable
tool for future studies of Bayes-optimal inference problems with factorized priors and
growing rank.

Theorem 2.11 (Thermal concentration of the overlap matrix). Let Py be a centered
distribution with bounded fourth moment, assume hypothesis (H2), let H (X ) denote
the log-likelihood of a fully factorized channel

Y' ~ out(' | XOXg),
N
Pou(Y" | X0X{) = HPS]t:])(Y;‘/i | X0, %0.)

i=1

< JI P& 1x],x0,). (2.26)
1<i<j<N
with general conditional probability distributions IP’(ffnz J ), Péf; 7 sufficiently inte-

grable, and define ()9(, . [0 be the Gibbs average corresponding to the perturbed
Hamiltonian
HY (X) := Hy(X) + Hy¢(X), 2.27)

a la equation (2.24). Then, there exists a finite positive constant C independent of M,
N and depending only on properties of Px such that
1 28N CM2

_ E(||R 10— (R10)% .|I12)% de < T(N, M) := ,
SN . (” 10 < 10)N,3”F)N’g = ( ) \/N_SA]

where the expectation E[-] is taken over Z , X o and the randomness in Poy (| X o X -

The proof of this theorem, given in Section 4.2, relies on the presence of the per-
turbation Hamiltonian Hy ¢(X) (see (2.22)) in the definition of ();’\,‘g This per-
turbation corresponds to side information coming from the matrix Gaussian channel
VX o + Z, which serves to temper singularities of E (|| R — (Rlo)g’\,,8||%)’1(,,€ that
otherwise prevent concentration. The necessity of this side information and the nov-
elty of the proof of Theorem 2.11 is discussed in further detail in Section 4.2. A tool
used throughout said proof and indeed this entire paper is the Nishimori identity or
the tower rule for conditional expectation (see, e.g., [43]), which in our setting states
that for continuous, bounded functions g,

EZ,XO(g(YaXIs--ka)) = EZ,XO(g(Y,Xo,Xz,...,Xk)), k € N,
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where X 1,..., X are i.i.d. samples from the posterior Px |y, ym (X | Y (X0, Z))
and (-) denotes the Gibbs average with respect to the product conditional distribution

k
l_[ Pxy,nvm(Xi | Y (X0, Z)).
i=1
Henceforth, when dealing with multiple conditionally independent samples from a
Bayes-posterior distribution, we will write X = X ; for the first sample and the Gibbs
average will refer to an average over all samples.

3. Relating the rank-M variational formula to its rank-one analog

This section concerns only the replica symmetric potential Fiv® (Q, ) (see (2.2)), so
there is no N parameter nor large N limit to consider. Hence, M is a fixed, finite
parameter throughout this section and, consequently, we have access to the literature
on finite-M analysis. In particular, we are able to benefit from characterizations of
maximizers Q*(1) of Fyy (@, 1) given in [43]. It turns out that the growing rank
considered in this paper only comes into play when we link the free entropy Fy (1)
(see (1.2)) of the sublinear-rank spiked Wigner model (1.1) to the replica symmetric
potential. The upshot here is that since the supremum of the rank-M replica symmet-
ric potential is equivalent to its rank-one analog, many complications arising from the
growing rank can eventually be circumvented.

3.1. Information-theoretic inequalities on worst Gaussian noise

We now present the proofs of Lemma 2.3 and Corollary 2.4 given in Section 2.2.
The first follows from the definitions and standard properties of mutual informa-
tion and conditional (differential) entropy (see, e.g., [21]), the chain rule for mutual
information, the fact that the signal x and noise z have i.i.d. entries, and from the
rotational invariance of standard Gaussian vectors. The corollary follows from a con-
vexity property [66] of the mutual information whose use is enabled by our prior
having D-bounded support.

Proof of Lemma 2.3. We recall that we take Py ps to have factorized form IP’}?M s
xo~Pxm,xo~Px,z~N(QO,Ip),z~ N(0,1),and X € Sps. Applying the chain
rule for mutual information twice shows that
M
I(xo:x0+ X'%2) = I(x0i:x0+ =%z | {xox <)

i=1

M
= Z I(xo0i:x0,; + (21/22)1' | {x0.ktk<i.{X0k + (Zl/zz)k’}k’<j)-
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Thus, by the non-negativity of mutual information, we can discard all terms for which
i # j tosee that

M

I(x0;x0 + 21/22) > Zl(xo,i§x0,i + (=22, | {XokXok + (Zl/zz)k}k<i)
i=1
M

I(xo0i:%0, + (ZV22); [ {(ZV22)i )k <i)- (.1)

1=

—

The second line follows from the fact that knowledge of x¢ x and x¢ x + (= 1/ 2z)k is
equivalent to that of x¢ ; and (X 1 22)k, but also that the mutual information between
xo;and xo; + (X 1/zz),- is independent of {x¢ x }x<; due to x¢ having i.i.d. entries.

Now, notice that for a generic random variable X independent of Z;, Z,, but with
Z; and Z, possibly depending on each other in an arbitrary way,

IX;:X+Z1|Z)=H(X | Z)-HX | X+ Z1,2Z>)
>HX)—HX | X+ Z))

=1(X;X + Zy).

Here, H(X) denotes the (differential) entropy of X and we have used the facts that
H(X | Zy))=H(X)and HX | X + Z1,Z,) < H(X | X + Z1). Applying this
inequality with X = x¢,, Z1 = (2 1/zz),-, and Z, = {(Z 1/zz)k}k<,- to the summand
in the right-hand side of inequality (3.1) then shows that

M
I(xo:xo+ Z'2z) = > " I(x0u:x04 + (Z'22):). (3.2)
i=1
Since X € 87, we may diagonalize it as X = Qo OT with 0 = diag(oy,...,0)

being the diagonal matrix of eigenvalues of ¥ and O being the corresponding real
orthogonal matrix of eigenvectors. Then, due to properties of standard Gaussian vec-
tors, we have in law that

M 1/2
(122); = (06'2072); £ (00'/%2); £ (Z ofjoj) 2= Tz
j=1

Observing also that x¢ ; 4 X¢, inequality (3.2) reduces to the sought form (2.10).
As z, x have i.i.d. entries, it is immediate from properties of mutual information
that inequality (2.10) turns into an equality upon setting

Z:diag(E“,...,ZMM). ]
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Proof of Corollary 2.4. We remain in the setting of the above proof, but further recall
that Py has D-bounded support and that ¥ € Sy, is such that X;; > D? for each
1 <i < M.Then, setting t = X;; in [66, Theorem 2] shows that I(x¢;xo + ~/Z;;z) is
a convex function of X;; in the X;; > D? regime. Thus, applying Jensen’s inequality
to the right-hand side of inequality (2.10) yields

M
I(xo;x0 + 21/22) > Zl(xo;xo + VZiiz)

i=1

| M 1/2
> Ml(xo;xo + (MZZH) Z),

i=1

which is seen to be equivalent to inequality (2.11) upon recalling that o denotes the
normalized trace Tr X /M .
It is again immediate that inequality (2.11) is an equality when ¥ = o/jy. |

3.2. Properties of maximizers of the replica symmetric potential

We now give a series of lemmas that amount to Proposition 2.5. We recall that this
proposition lists properties of maximizers Q* (1) of F AI}S(Q, A) (see (2.2)) that will
be useful in the following subsection. To begin, it is essential to observe that we are
allowed to restrict our search for maximizers to solutions of a certain criticality con-
dition; note that although it is necessary for Q* (1) to satisfy the following condition,
said condition is not sufficient for completely characterizing Q*(1).

Lemma 3.1 (A criticality condition). Diagonalize Q € Sy as Q = 0OqOT with
q = diag(q1, ..., qm) being the diagonal matrix of eigenvalues of Q and O being
the corresponding real orthogonal matrix of eigenvectors. Then, any maximizer Q
of F A‘}S(Q, A) must be such that the following system of equations, solved in particu-
lar by all critical points of F AI}S( Q. L), is satisfied:

V@i (OTE; xo(xx])rs0i —gqi) =0, 1<i <M, (3.3)

where Oj is the ith column of O and we define the Gibbs average associated with the
replica symmetric potential (2.2) by

1

(ks = =x5 | - oVAxTVQz+Ax(Qx~5xTQx d Py pr (x). (3.4)
Zy
In particular, if q1, . ..,qp > 0, this system simplifies to the fixed-point equation

Q = ]Ez,xo (xxg)RS‘
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Proof. Lety = (y1,...,yYm) and interpret F AI}S(Q, A) as a function of ,/q at fixed
eigenvectors. Then, defining @, such that /0@, = O(/q + diag y)OT, we have
that the y-directional ,/g-derivative of the replica symmetric potential is given by

FiP(Q.2) = Zyl lim = F (0, 4)
M
1
= D VB xo(2A/qix§0: 0 x — X /gixT0; 0] x)gs
i=1

M
1 3/2
+ o Zy,- (Ez,xo (VAXTO; 0] z)rs — Ag]'?). (3.5)
Gaussian integration by parts shows that
il 9
Ezxo(VAXxT0;0]z)rs = ZEz,xong(oiolTx)nRs
j=1

= E;x,((AxT0; 07 /Qx)rs — (AxT0; 07 \/Q)rs(x)rs)
=E:x,(AxT0;0] /Qx —2xT0; 0]/ Qx2)rs
=E; x,(AxTO; OT\/_x—/\xTO o] \/_X() )RS
= Ezx0(AvqixT0; 0] x —1/4;xT0; O] xo)xs,

where in the third line we have written x, for a sample, conditionally independent
of x, from the posterior distribution of the Gibbs average (3.4) and redefined said
Gibbs average to be over both samples, while in the fourth line we have used the
Nishimori identity to replace x, with x¢; the fifth line follows from recalling that O;
is an eigenvector of /@ with eigenvalue /i Substituting this into the right-hand
side of equation (3.5) then shows that

Q.4 = Zyl 20 (AVGix] 0: 0T x)rs — Ag;?)

1—1

=—Zyl, Tz xo (XX ])Rs 0 — 4i), (3.6)

where we have used the fact that xJ Q; O] x = Trx[0; O] x along with the cyclic
property of the trace. Equation (3.3) follows from noting that all critical points Q
of Fi¥(Q, A) must be such that V), Fi(Q, A) = 0 for all choices of y, including
those for which all but one y; are zero.

To discard the possibility of maximizers on the boundary of §3s that do not satisfy
the system of equations (3.3), note that being a boundary point means that at least one
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of the g;, say ¢1, must vanish or tend to infinity. In the latter case, one may check from
the form (2.9) of the replica symmetric potential that limg, oo Fry (@, 1) = —0c0. In
the former case, we assume for the sake of contradiction that there is at least one
qi # 0 with i > 1, say ¢», that does not satisfy equation (3.3). Then, we note from
equation (3.6) that V(y,1,0,....0)Fsy (@. 1) and V(1 _1,0...0)Fsy (@.A) are non-zero
and disagree in sign and, therefore, such a Q is at best a saddle point and cannot be
a maximizer. Thus, for Q to be a maximizer of F AI}S(Q, A) with some eigenvalues
vanishing, the other eigenvalues must satisfy equation (3.3). ]

With this criticality condition in hand, we may now readily address the properties
of the maximizers Q* (1) listed in Proposition 2.5.

Lemma 3.2 (Eigenvalues of Q*(A) are bounded). Assume hypothesis (H2), let Px
have bounded second moment p = Ep, X 2 and let q7.....qyy be the eigenvalues of
a maximizer Q* (1) of FAI}S(Q’ A). Then, forall A > 0,

0<gf,....q5 < p-

Proof. As aresult of Lemma 3.1, each eigenvalue ¢; (1 <i < M) of a maximizer Q
of Fi*(Q, ) must either be zero or equal O,TEz,xo (xx{)rs O;, where O; is the
eigenvector of @ corresponding to ¢;. In the latter case, we see that
qi = OJE; ¢, (xx{)rs O;

=E; x, (OiTx (0] x0))rs

=Ezx, (O;I-x)lzls

<E;x, ((O,TX)Z)RS

= Ez,xo(o;‘er)z

= OiTIEz,xO[xoxg]Oi
Here, the second and sixth lines follow from the fact that xEO P = OiTxo, the third
and fifth lines are due to the Nishimori identity, the fourth line follows from applying
Jensen’s inequality, and the final line follows by noting that since x¢ has i.i.d. entries

of second moment p, we must have that Ez,xo[xoxg] = plys. Since Q is positive
semidefinite, its eigenvalues are bounded below by zero, so we are done. |

Lemma 3.3 (Continuity of ||Q*(1)||r). Assume hypothesis (H4). Then, any maxi-
mizer Q* (1) of Fa?(Q, A) is such that |Q* (1) || is continuous on [0,00) \ {A¢}.

Proof. 1t is immediate that the proof of the rank-one result [43, Proposition 17] ex-
tends to the rank-M case to yield

1@ WIIF = 4¢3 (M),
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where we recall that ¢p (1) = supges,, FIEIS(Q, A). By hypothesis, ¢ps (L) is real
analytic on [0, 00) \ {Ac}, s0 ¢},(A) and |Q*(A)[|r = /49, (A) are likewise. [

Lemma 3.4 (Eigenvalues of Q* (1) at low SNR). Assume hypotheses (H2) and (H4),
fix pls € (0, p), let Px be centered, and let q5, ..., qy, be the eigenvalues of a max-
imizer Q*(A) of Fo(Q. A). Then, there exists 0 < A’y < Ac such that whenever
0 <A < A%, we have

0<qh .. qly < pls.
Proof. At A =0, there is no coupling between x and x ¢ in the definition (3.4) of (- )gs,
so one sees that
IEz,xo (xx3>RS = (x>RS ’A:O ]Exoxg =0,
where we have used the fact that Py is centered. Thus, by the criticality condition of
Lemma 3.1, we have that Q*(0), hence || Q*(0)||r, must be zero. Then, the continuity
of |Q*(A)||r due to Lemma 3.3 may be used to establish existence of 0 < A’y < A,

such that 0 < [|@* (1) || < p’ forall 0 < A < 1. In terms of eigenvalues, this shows
that

0<(gD)?*+-+(q3)* < (),

so the largest value an eigenvalue can attain occurs when the remaining eigenvalues
are zero and this value is bounded above by pf. |

Lemma 3.5 (Eigenvalues of Q* (1) at high SNR). Let Px as be as in Proposition 2.5,
fix py €(0,p), letqy,...,q5 be the eigenvalues of a maximizer Q* (L) of Fye (Q, A).
Then, there exists A} > A such that whenever A > 17,

Pr <t dy < p

Proof. We read from [43, Proposition 43] that for all A # A, the limiting minimum
mean-square error (2.7) of the spiked Wigner model of fixed rank M is given by

Jim MMSEy v () = Mp® = | Q" (M)

It is well known that the left-hand side of this equation vanishes in the A — oo limit,
so we have that limy_, o || @* (1) |2 = Mp?. Then, the continuity of || @*(1)||r due to
Lemma 3.3 says that there must exist A, > A. such that

10* (M > (M —1)p* + (p)*
whenever A > )VL. In terms of eigenvalues, this translates to

@))? + -+ (g5 > (M = 1)p” + (o).
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From Lemma 3.2, we see that the largest value an eigenvalue can take is p. When
M — 1 of the eigenvalues take this value, the above inequality shows that the remain-
ing eigenvalue must still be bounded below by p; . |

Combining Lemmas 3.2-3.5 produces Proposition 2.5, which enables us to con-
strain the eigenvalues gF, ..., g}, of suitable maximizers Q* () of Fi’(Q, A) de-
pending on whether we are working in the high or low SNR regime. Thus, we may
now proceed to the proof of Theorem 2.6.

3.3. Rank-one reduction for high, low, and all SNR

Since Q € Sy, so too is (AQ)~!, which we denote as X from here on out. Rewriting
equation (2.9) in terms of X shows that

1 A 20>
Fy(0.2) = —Ml(xo;xo +31/2z) — W”E YA —pIy|2 + %. (3.7)

Maximizing this expression over Q € Sy is equivalent to the problem of minimizing
~ A
FRS(ZA) i=I(x0:x0 + 2V/22) + ZHZ_I/A — ply||2 (3.8)

over X € S)r. It is immediate that Lemma 2.3 and Corollary 2.4 induce decoupling
in this expression when X is diagonal or, more specifically, has the form o/ys. Our
goal now is to show that this is indeed the form of X for which F AI}S(Q, A) is max-
imized. We first do so in the low and high SNR regimes separately. The separation
of our task into these two regimes corresponds, via Proposition 2.5, to the tasks of
maximizing over Q with eigenvalues in, respectively, [0, o] or [¢’, p], where we now
set p’ := 2p/3. This choice of p’ is of crucial interest because the squared Frobenius
norm in expression (3.8) has first and second order partial derivatives with respect to
the eigenvalues 0; (1 <i < M) of X given by

9 x! 2 2(Apo; — 1)
_ — ol =" 7 39
do; I 2 M” PEPS G
2zt 2 2(3—2Apo;)
@” 5 elu, = T et (3-10)

so one can see that the second order partial derivatives vanish exactly when the eigen-
values ¢; = (Ao;)~! of Q equal p’ = 2p/3. Thus, the gradient V||Z ™' /A — plj |2
is a bijective function of o1, ..., o on the domain {07, ...,0on > (Ap)~'}, while
on{(Ap)~! <oyq,....0m < (Ap')"1}, itis convex — the significance of these proper-
ties will soon become apparent.

Let us now give the partial statement of Theorem 2.6 valid for the low SNR
regime.
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Lemma 3.6 (Low SNR rank-one reduction). Assume hypotheses (H2)—(H4) and fix
0 = 2p/3. Then, there exists 0 < As < A, such that whenever 0 < A < Ag, we have
sup FIEIS(Q,)L) = sup FIRS(q,k) = sup Fle(q,)t). (3.11)

0eSp q€[0,p] q€[0,p]

Proof. Let Q*(X) € Sp be a maximizer of Fie (Q, 1) with eigenvalues g7, ..., q};.
Then, by Proposition 2.5, there exists 0 < Ay < A, such that forall 0 < A < A,

0<gqi.....qp <.

Thus, the eigenvalues 0; = (Ag)™! (1 <i < M) of the minimizer £ = (AQ*(1))~!
of Fi? (X, 1) (see (3.8)) are such that

1
> — 3.12
o1 oM > 75 (3.12)
whenever 0 < A < A%. Letting O; be the eigenvector of X corresponding to o; and
setting A s :=min{A’, D72/p}, we then see that taking 0 < A < Ag < D~2/p enforces
the following lower bound on the diagonal entries of X:

M

Si=3 050> LY 03 = Lo D%
12 s ijrJ lp’ ij Ap/

j=1 4

I1<i<M.

Hence, by Corollary 2.4, the mutual information term in equation (3.8) satisfies
I(x0:x0 + 21/22) > M1 (xo:x0 + +/02),

where we recall that xg ~ Py, z ~ N (0, 1), and 0 = Tr X /M. Therefore, we have
that

inf F(X,A) > inf  Fpo(0.2),
Y eSSy 01,...,007 >0
s A M 5 (3.13)
F ) = MI (xo: 3 )
Miow (@ 1) (xo0;x0 + /oz) + 1 ; o,
where 0 = (01, ...,0n). Further writing y = (y1, ..., ya) and using equation (3.9)
with the chain rule shows that the y-directional o -derivative of F' AI}SIOW (o,M)is
M
V}’Fl\}}?low(o" A) = Z Vi (L(G) + V(O—i))v
i=1
where we define
d
(o) := (xo,xo + Joz), (3.14)
)&
v(op) i= P2 (3.15)

2A 01.3
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Hence, the critical points of F AI}SIOW (o, A) occur at
o, =v'lou(o), 1<i<M, (3.16)

where we note that v(o;) is a monotone, bijective function when 0 < A < Ag, since
then we are constrained to the regime (3.12) on which v’(o7) is strictly negative due to
equation (3.10). The system of equations (3.16) is thus satisfied only if 01 = - - - = oy,
i.e., when X has the form X = oly,.

Now, a minimizer ¢ of F A]}?low (0, A) must either be a critical point or lie on the
boundary of [0, 00)™ . For ¢ to be a boundary point, it must be such that at least one
of the o;, say o1, vanishes or tends to infinity. If 0y = 0, o cannot be a minimizer of
F, AI}?]OW (0,A) inthe 0 < A < Ag regime due to the bound (3.12). On the other hand,
if 0 — oo, we have by the -MMSE relation for scalar Gaussian channels [33] that

t(o) = —%mmse(é) (3.17)

(recall the definition (2.5) of the MMSE) and thus the bounds 0 < mmse(¢) < p? valid
for all # > O (see, e.g., [43]) imply that

M Apo; — 1
' ~rs _ ek B
01111}100 Vy Fapiow(0.4) = ; Vi 220}

Thus, for ¢ to be a minimizer of F, Al}?low (0, A) when o7 — o0, we require that all
of the remaining o; also tend to infinity or equal (Ap)~! so that the above gradient
vanishes and we avoid saddle points of the type described in the proof of Lemma 3.1.
Since 0; = (Ap)~! < (Ap’)~!is in contradiction with the bound (3.12), we must have
that 05, ...,0n — oo and we again see that this corresponds to the form ¥ = o1)y.

We have established that a minimimizer o of F, Al}?] ow (0. A), regardless of whether
itis a critical or boundary point, must have equal components when we are constrained
to the 0 < A < Ag regime. Our infimum of interest then decouples over the 071, . ..,0n
according to

~ 2
ol,...i,lclrizo Frpiow(0. ) = Maig%{l(xo;xo + Joz) + %(% - p) }
Since F AI}S(Z , A) decouples in a similar fashion upon setting X = o/)s, we see that
inequality (3.13) is an equality with the right-hand side given by the above expres-
sion. Comparing equations (3.7) and (3.8) then shows that F AI}S(Q, A) is maximized
when @ has the form Q = gljs. Substituting this into the left-hand side of equa-
tion (3.11) finally yields

sup Fyg(qIm. A) = sup FfS(q. ),
q=>0 q=0



A multiscale cavity method for sublinear-rank symmetric matrix factorization 25

which reduces to the middle and right-hand side of equation (3.11) upon realizing that
the eigenvalues of Q are bounded due to Lemma 3.1 and our choice of A. ]

We comment on a few features of the above proof. First, we used the fact that the
mutual information /(xg; xo + +/X;;z) is a convex function of X;; in the low SNR
regime, which allowed us to use Jensen’s inequality to replace

M

Zl(xo;xo—i—\/ziiz) by MI(xo;xo+ﬁz),

i=1

through Corollary 2.4. Thus, the problem of minimizing F A‘}S(Z ,A) over X became
a problem of minimizing F, AI}SIOW(Z , A) over the eigenvalues of X. We then showed

that the critical points and indeed all minimizers of F, Alfflow():, A) are of the form
¥ = oly, which relied crucially on the monotonicity of the gradient of the squared
Frobenius norm |27 /A — ply 2.

In contrast, the upcoming proof of the high SNR counterpart of Lemma 3.6 is in
some sense dual to the above, where we first use the convexity of | X' /A — pIy/ |2
in terms of the eigenvalues of X to replace it by a function of 0 = Tr X /M via
Jensen’s inequality. This will then supplant the problem of minimizing F AI}S(E, A)
over ¥ by a minimization problem in terms of the diagonal entries of X. We will
again show that said minimization problem is solved when ¥ is proportional to the
identity — recall that the eigenvalues and diagonal entries of ¥ coincide when X
is diagonal, thus explaining how the low and high SNR regimes will eventually be
reconciled. Showing that our minimizers have the form ¥ = oy will require us to
use monotonicity of the derivative of the mutual information I(xg; xo + /X ;;z) with
respect to X ;;, which is guaranteed by hypothesis (H5) for small X;; (i.e., high SNR,
due to Proposition 2.5).

Lemma 3.7 (High SNR rank-one reduction). Assume hypotheses (H2), (H4), (HS).
Let Px be centered with bounded second moment p = Ep, X 2 and fix p' = 2p/3.
Then, there exists A;, > A, such that whenever A > Ap,

sup FA}}S(Q,)L)z sup FlRS(q,A)z sup FlRS(q,A).
0eSy q€[0,p] g€lp’,p]

Proof. We are once again tasked with minimizing F A‘}S (X,1) (see (3.8)) over X € Syy.
In the high SNR setting, we lose the bound (3.12) on the eigenvalues o7y, ..., opm
of minimizers ¥ and hence Corollary 2.4 no longer applies. Instead, we begin by
observing that due to Proposition 2.5 and the relation X = (AQ*(1))™!, there exists

A7 > A such that

1 1
E<O—1’.“’O-M<A_p/ (318)
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whenever A > )VL. Then, since the Frobenius norm term in equation (3.8) is convex
on the domain (3.18), we may use Jensen’s inequality to see that

5 o] = w5 o)

where we recall that ¢ = Tr X /M denotes the normalized trace of X. Inserting this
into equation (3.8) and using Lemma 2.3 then shows that

S FRS(Z,1) > inf >Oﬁ§§high(diagz,x),

il XMM>
M (3.19)
_ | .
FRS n(diag B.2) := Y I (xoix0 + VZiiz) + _(E_ ).

where we further recall that xg ~ Px,z ~ M (0, 1) and write diag X for the diagonal
of X. Writing y = (y1,..., ym), the y-directional derivative of Fyi,, . (diag ¥, 1) is

M
Vy Fighign(diag 2. 1) = Y yi (1(Z i) + v(0)).
i=1
where ((X;;) and v (o) are specified by equations (3.14) and (3.15), respectively. Now,
by hypothesis (H5), there exists A7 > 0 such that A?mmse(1) is monotone on [A} , 00).
Then, by equation (3.17), ¢(X;;) is monotone for X;; < (A7)~!. This condition is
satisfied when A > A, A7 /p’, since then

ll_ZOUUJ ){ Z Al,,, 1<i=<M,

j=1
where Q); is the eigenvector of X corresponding to o;, the first inequality follows from
the bound (3.18) valid for A > A/, and the second inequality is due to the constraint
A > A7 /p'. Hence, setting Az :=max{A] ,AZZp’}, t(X;;) is a monotone, bijective
function for A > Ay and the critical points of F Affhi eh (diag X, A) occur at

Yi=0lov(o), 1<i<M,

which is satisfied only if X1 = -+ = X .

For F A‘}Shl oh (diag X, 1) to be minimized on the boundary of [0, 00)™ , the proposed
minimizer diag ¥ must be such that at least one of the X ;; vanishes or tends to infinity.
This is not possible for finite A > Ay, since the bound (3.18) and the relation X =
Z , O7;0; implies the constraint (Ap)~! < E;; < (4p')~!. When A — oo, this
constralnt suggests that ¥, = --- = Xy — 0. As in the proof of Lemma 3.6, we
thus conclude that the right—hand side of inequality (3.19) reduces to

~ A1 2
. RS . _ . .
inf o Fyphign(diag =, 1) = M ;gg{l(xo,xo + Voz) + Z(E - ) }
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Since substituting ¥ = o)y into the left-hand side of inequality (3.19) yields the
above, the remainder of this proof follows in the same manner as in the proof of
Lemma 3.6. |

In order to complete the proof of Theorem 2.6, it remains only to use analytic
continuation to combine Lemmas 3.6 and 3.7.

Proof of Theorem 2.6. Using the notation of equation (2.4), we have by Lemmas 3.6
and 3.7 that there exist 0 < Ag < A, and Az, > A, such that

p0) = sup FFq,0) and gu() = sup FE(Q.2)
q€[0,p] 0eSy
agree on [0, As) U (A1, 00). By hypothesis (H4), ¢1(A) and ¢pr (L) are real analytic
on [0, 00) \ {A.}, so by the identity theorem for real analytic functions, the aforemen-
tioned agreement between said functions extends to the domain [0, c0) \ {A.}. Since
¢1(A) and ¢y (L) are also continuous functions of A (recall Remark 2.2), they must
then agree at A = A, as well. ]

4. Standard prerequisites: Interpolation and overlap concentration

With Theorem 2.6 established, we would now like to move on to the next stage of
the proof of Theorem 2.1. We recall that said proof amounts to combining the lower
and upper bounds on the limiting free entropy given by Propositions 2.7 and 2.8. The
brunt of the argument henceforth lies within the proof of Proposition 2.8.

We present the key idea of the proof, which is a multiscale application of the
cavity method, in Section 5 and use this section to lay out some standard prerequi-
site results that will be needed therein. In Section 4.1, we use Guerra’s interpolation
method [30] to prove Proposition 2.7, which is both a counterpart to Proposition 2.8
and an ingredient of its proof. In Section 4.2, we prove thermal concentration of the
overlap matrix Rjo (see (2.8)) with respect to the perturbed Hamiltonian H N.e(X)
(see (2.14)), as described in Theorem 2.11, along with some straightforward corol-
laries. Finally, in Section 4.3, we prove negligibility of the difference between the
limiting free entropies

Jim Fy(d) and  lim_ Fy(X)

corresponding respectively to the original and perturbed Hamiltonians Hy (X) given
in (1.4) and Hy(X).
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4.1. Free entropy lower bound: Guerra interpolation

Proposition 2.7 follows from the standard (finite-rank) interpolation argument seen in,
e.g., [43] in combination with the rank-one reduction of Theorem 2.6. The main idea is
to introduce a Hamiltonian that interpolates between Hy (X ) and one corresponding
to N copies of the Hamiltonian associated with the Gibbs average (- )rs (see (3.4)).
Then, it is simply a matter of bounding the derivative of the associated interpolating
free entropy. We present the details for the sake of completeness.

Proof of Proposition 2.77. Introduce the interpolating Hamiltonian

1 [At At At
Hi(X):=-Tr({{/ =ZXXT+ —XoX  XXT - —XXTXXT
2 N N 2N

Z( VAQ=0x]/ 0% + (1 - HAx], Ox 1_( [)A x;Qx )

i=1

with Z, X as in equation (1.1), each x; € RM the ith row of X, each Xo,; € RM
the ith row of X, and Zy,...,Zxy ~ N (0, I3) i.i.d. standard Gaussian vectors inde-
pendent of Z. Define the associated interpolating free entropy as

@) == WEIH/RWM H1X) dPy n (X)),

with the expectation taken over Z, X¢,Z1, ...,z y here and throughout the remainder
of this proof. It follows that

o) = B H )

NM
1 1 [ A p
= o (S ZXXT 4 S XXX XT - X XTXXT)
oNM 2V IN N 2N t

N
1 1 [ A A
_E<Z_,/_x;,/‘gzi +Ax],0x; — —x,-TQxl'> SENCRY
M \Z2V -1 2 t
where we write

1
()= =
ZNy

/N R HX) 4Py v Ty = /N MeHz(X) dPy. v
RNV X RNV X

for the Gibbs average with respect to the interpolating Hamiltonian H,(X) and the
corresponding partition function. By Gaussian integration by parts with respect to the
(symmetric) Wigner matrix Z, we have that

TE(ZXXT), =2 Y E[az ((xxT ),,)]
l<i<j<N i
~ 9H,(X) 1 IZ N
=2 3 IE|:<(XXT)ji Iz )t - ZNJ((XX Vi) 9z }

1<i<j<N
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3H;X 3HtX
=2 > IE|:<(XXT)]~,~ aZ(.j)>t—((XXT)]'i)t< aZ(-,)>t]
1<i<j<N : l

[At
= NTrE(XIXIXIXI_XIX-{XZX;)V

where we have written X ; for X, defined X, to be a sample, conditionally indepen-
dent of X 1, from the interpolating posterior distribution, and have redefined (- ), to be
the Gibbs average over both samples X ; and X, as per the convention described at
the end of Section 2.3. In a similar fashion, Gaussian integration by parts with respect
toZ; (1 <i < N) shows that

E(x]VOZ), = VA1 = DE(x],; Qx1; — x],;0x2),.
Thus, using the cyclic property of the trace and defining

N
1 1

R12 = —XIX2=—Zx1,ixL (42)
N N i=1

in analogy with equation (2.8), we may rewrite equation (4.1) as
A 1
¢'(1) = 577 TrE(RIgR10— S RT,R 1),
Aox T 1 T
~NM TrE<Qx1,,-x0’i — EQxl’ixz’i>t

i=1
A 1 A 1
= - TrE(RTgR10 — S RLR12) — =~ TrE(QR10— 5 QR12)
2Mr 10810 52 12: Mf OR o 2Q 12:
Using the Nishimori identity to replace X, by X, this further simplifies to

A A
— T 2
Q') = i TrE(R]gR10 —20QR10), > i Tr Q°,

with the inequality following from completing the square. Combining this with the
definitions (1.2) and (2.2) of the free entropy and replica symmetric potential shows
that

A
Fy(R) = Fap(Q.,2) = ¢(1) — ¢(0) + X 0?

1
A
= "t)dt + —Tr Q? > 0.
/Of/)() +4M rQ” >

As this holds for all @ € Sps, we then have that

Fy(A) > sup Fi(Q.2).
€Sy

We use Theorem 2.6 to replace the right-hand side of this identity, completing the
proof. |
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4.2. Thermal concentration of the overlap matrix

The cavity computations of Section 5.2 rely on a form of thermal concentration of the
overlap matrix Rio (see (2.8)). Taken at face value, one might expect this to mean
that ¥
E; 7 xo 1R 10 = (R10)y ol2)y o —— 0.

with () N.0 specified by equation (2.24), so that one may replace Ry by the more
amenable quantity (R o)’ N.0 within the calculations of Section 5.2. However, it is
known that the concentration result proposed above does not hold in generality, with
“non-physical” singularities arising at particular model-dependent values of SNR A
(see [10] and references therein). Nonetheless, due to the symmetries of our model,
we are able to add infinitesimal side information (without affecting the limiting free
entropy, as discussed in Section 4.3) to induce thermal concentration of the overlap
matrix up to an average over a perturbation parameter. This is achieved by replac-
ing (- )?V,O in the above with the Gibbs average (- );V . (see (2.24)), and then integrating
the left-hand side over ¢ as described in Theorem 2.11, with the integration step
serving to smooth out the aforementioned singularities. Similar perturbations have
been commonly used in other spin glass models, where regularizing perturbations are
introduced in order to enforce stability properties of the high-dimensional probability
measures [2,29] that in turn induce asymptotically nice structural phenomena such as
ultrametricity [55] and synchronization [57,58].

It turns out that the driving mechanisms behind our proof of thermal concentra-
tion of the overlap matrix are the presence of the perturbation Hamiltonian Hy . (X)
(see (2.22)) and the Nishimori identity, which applies due to our working in the
Bayes-optimal setting. Indeed, our proof holds in more general settings, so long as
the model under consideration exhibits the same symmetry properties as the spiked
Wigner model (1.1). Thus, we now consider the fully factorized channel (2.26)

Pou(Y" | X0Xg) = l_[Péfu DY | x]ix0.) I1 Po (Y] | x3,%0.7)
i=1 1<i<j<N

and study the inference problem

Y' ~ Pout(' | Xng),
Y® = eXo+ Z,

with Z € R¥*M 4 standard Ginibre matrix of i.i.d. standard Gaussian entries inde-
pendent of everything else, ¢ € [sy, 2sy] a perturbation parameter, and (sy)y>1 a
sequence of numbers in (0, 1) that decrease slowly to zero as N — oo. Denoting the
log-likelihood of the first channel by Hy; (X ) and recalling that the analogous term for
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the second channel is Hy (X)) (see (2.22)), we see that the Hamiltonian correspond-
ing to the full inference problem is HNI’\’,"3 (X) = Hy(X) 4+ Hy,e(X) (see (2.27)). As
stated above, we observe that this Hamiltonian corresponds to the log-likelihood of
an inference problem in the Bayes-optimal setting and the Nishimori identity holds,
which induces concentration-of-measure [6, 10].

We now prove thermal concentration of R ¢ (see (2.8)), with respect to the general
perturbed Hamiltonian H N.e(X).

Proof of Theorem 2.11. To simplify notation throughout this proof, we write x for X,
X* for Xg, R for Ry9, C a generic positive constant independent of M, N and
depending only on the properties of Py, E[-] for expectation over Z,X* and the
randomness in Poy (- | X* X*T), hy for H 1’\’, .(x), and (-) for the Gibbs average

1

. h
(Ve =57 eV dPx N (),
ZN&‘ RN XXM

Z;(],g ::/ ehN d]P’X,N,M(X).
RNxM

Following [6,47], introduce the auxiliary function

1 dh 1 1 ~ 1
=——2N__" 1 ——7ZxT 4+ X*xT — —xxT).
N 0¢ N 2./¢ 2

Then, one sees from Gaussian integration by parts with respect to Z and the Nishimori

identity that
1

1
—E(£) = ——TrE(R). 4.3
SE(&) = —5 - TrE(R) 43)
Differentiating both sides of this equation with respect to ¢ and simplifying the left-
hand side shows that
1 _jof
E|

N Ve

2 1 d
—E{(£— (£ =——TrE(R). 4.4
)= E{(£—(£)) = —55 5 TTE(R) (44
Another application of Gaussian integration by parts with respect to Z, along with

the Nishimori identity, shows that the first term in the above simplifies as

1_jof 1 1

5 = W Elawen

4 1 1 *

TerT> — TrIE(—X X*T (R)). (4.5)
4eN N

By the positive semidefiniteness of (x)T(x), the Nishimori identity, Jensen’s inequal-

ity, hypothesis (H2), and the boundedness of the second moment of Py, we have that

1

1 1
0 <TrE(R) = NTrIE(x)T(x) < NTrIE(xTx) = NTrEX*TX* <CM. (4.6)
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Hence, the quantity (4.5) is such that

oL CcM
0= _E< e “7)
and we read from equation (4.4) that
R TrE(R) < E((£ - (£))°) (4.8)
2N e - ’ )

It remains now to show how the left-hand side of this inequality relates to the differ-
ence E((Ry¢ — (Rye))?), which sums over 1 < £,¢' < M to give E(|R — (R)|3),
and to prove concentration of the right-hand side.

Carrying out the differentiation on the left-hand side of inequality (4.8) shows that

1 d

o E(R):—TrIE[( L) — (RL)]

N
= 2 5 B| 3 Xtk k) = X3 X s )
J=1t.0=1

~ 1
xll x]€’>Zj€/ - EX e(xlﬁx Z’)

2f

+ X[ X[y (xiexje) + Xi?,(xilxj(’)zj(’}- (4.9)

1
2./¢

Gaussian integration by parts with respect to Z jer yields

1 . ~ ~
rﬁE[Xig(xilij/)ij/ — X (xi)(xje) Z o]
= E[X (xie) (xj0) = X mieze) ()

1 *
S Xf o) = s Xf e )]

so that, after an application of the Nishimori identity, equation (4.9) reduces to

1 d 2
ﬁ%T =Nz Z Z ((xiexjer) = (xie) (xje)) 7]
,j=14,0/=1
Substituting this into inequality (4.8) then gives

W Z Z ((xiexje) — (xi) (xje)*] < E((£ - (£)%).  @.10)

i,j=14,0/=1
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Our hypothesis on Poy (- | X9 X () being fully factorized implies that the term below
is unchanged upon exchanging indices k <> k’, so we see forany 1 < k < M that

N
# E[((xikxj'k> - <Xik>(xjk>)2]
i,j=1
J 1 Y
= s 20 2 E[(ieje) — (i) (xj0))’]

IA
-
=
M=
&
/
=
=
~
Ry
<
|
=
<
R
<
=
| S—

the first inequality is due to the trivial fact that we are adding expectations of squares,
while the second inequality is an application of inequality (4.10). Combining this with
the Cauchy—Schwarz inequality shows that

1 28N
sn sy E((Ree — (Rep))’)de
e i X
i,j=1
1 N 25N X
"\ N2sy in=:1 /SN E[((xiexje) — (xie)(xje)) "] de
2 ZSN )
=¢ \/MsN [, - @ye @.11)

Moving on to the thermal concentration of &£, first note that

M 9? fn 1E<8°‘B>< M¥»Pfy CM

=N 02 TN TN 92 TN

E((£ - (£))?)

where we have written

1
fN = W]E In ZX’,S

and used the bound (4.7). Integrating this quantity over ¢ then shows that

1 25N

— E((£ — (£))7) de

SN Jsn
- M (@ _ v
T Nsy \ d¢ le=2sy e

CMIn2
)+
E=SN 4NSN
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1 CMIn2
= E(L)|e=sr — E{(L)]|c= —_—
NSN( < >|8 SN ( )|£ ZSN)"‘ 4NSN
1 CM In2
= INsn (TTE(RHe:zsN —TrIE(R)|3=SN) + m
CM
< .
~ Nsy

Here, the first line follows from the fundamental theorem of calculus, the second from
comparing the definitions of &£ and fy, the third from equation (4.3), and the fourth
from the fact that the bounds (4.6) hold uniformly over e.
Substituting the above bound into inequality (4.11) shows that
1 285N C

sl E((Ree — (Rw))z)ds < NG

Summing this expression over 1 < £,¢' < M completes the proof. [ ]

Note the particularly simple form of side information used here compared to,
e.g., [6,43,47,61], wherein the side channel is Bernoulli distributed or is a matrix
Gaussian channel like ours, but with perturbation parameter & of matrix form rather
than scalar. Our choice of perturbation is effective due to the fact that the cavity
method only requires concentration with respect to the Gibbs average (- )X, . instead of
the stronger statements proved in the aforementioned references that include concen-
tration with respect to the quenched Gibbs average E( - )’1(] . — the latter corresponds to
analogs of Theorem 2.11 involving the quantity E(||R1o — E(R 10)3(,,8 ||%)’1(,8 Another
key point of our simple perturbation is that it maintains the exchangeability of the
variables (x;;) under the quenched Gibbs average: no statistical symmetries present
in the original model are broken by the perturbation apart from the trivial sign ambi-
guity X — —X. These two points allow us to obtain concentration for higher regimes
of rank than would be possible using more complicated perturbations. As a concrete
consequence, Theorem 2.11 gives thermal concentration of the overlap matrix for
M = o(N*). Yet, there is room for improvement in order to reach M = o(N ), the
regime for which we believe Theorem 2.1 to hold.

For later convenience, we present a corollary of Theorem 2.11 regarding concen-
tration of the overlap matrix R, (see (4.2)).

Corollary 4.1 (Thermal concentration of R15). Working in the setting of Theo-

rem 2.11 and recalling that R1, = %X IX 2, there exists a finite positive constant C

independent of M, N and depending only on properties of Px such that

1 285N
— E(|R12 — (R12)y 4 IF)y . de < T(N, M), (4.12)
SN Jsn ’ ’

1 2N " 2\
— E(”Rlo— (R12>N,8||F)N,gd8 < F(N, M) 4.13)

SN Jsn
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Proof. We reuse the notation introduced in the proof of Theorem 2.11, with the Gibbs
average (-) now being taken over X1, X,, and further write R for R1». In anal-
ogy with the bound (4.11), we first compute through the Cauchy—Schwarz inequality,
Jensen’s inequality, and the Nishimori identity that

1 2SN _
. E[{Ree)? — (Ree)?] de
SN Jsn
1 i /ZSN [ ) 2]
=y Nv2eo E{(xier)*(xjer)" | de
2 J
N SN =1 SN
1 N 285N )
A N2s Z/ E[((xiexje) — (xig){xj¢))" ] de
N i=i)sh
LN
<\ 2 JEGE) B,

i,j=1

1 N 28N 2
x > /s E[((xigxje) — (xie)(xje)) ] de

N2s
Nij=17sn

2 28N
<C \/MSN /SN E((£ - (£))%)de.

Thus, we may conclude, as in the proof of Theorem 2.11, that

1 28N -
» / E[I(R)[12 — I{R)|2] de < T(N. M). (4.14)

Next, we see that

E(|R — (R)[?) = E(R"R) — E(R")(R)
=E(RTR) —E(R")(R)
=E(|R — (R)IIZ) + E[I(R)IZ — II(R)[1Z].

where the second line follows from using the Nishimori identity on the first term and
the final line follows from adding and subtracting E||(R)||2. Integrating this over &
and using Theorem 2.11 together with inequality (4.14) yields inequality (4.12). To
obtain inequality (4.13) from (4.12), we need only observe that due to the Nishimori
identity,

E(IR — (R)[?) = E(IR — (R)[). .
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4.3. Negligibility of the side information

In the previous subsection, we showed that upon introduction of the perturbation
Hamiltonian Hy (X)) (see (2.22)), the overlap matrix R (see (2.8)) can be shown
to concentrate with respect to the general Gibbs average ( - )XI, . for M = o(N 174y,
Our interest lies in the particular Gibbs average ( - )’N’ . specified by equation (2.24),
which relates via the cavity method described in Section 5 to the perturbed Hamilto-
nian H N.(X) (see (2.14)) and perturbed free entropy

~ 1 i
Fn() = 577E 7 7 x0 1 fR el dy g (X),

where the average over ¢ is with respect to the uniform measure on [sy,2sy]. We have
thus far claimed that upper bounding lim supy _, Fy(X) by SUP,eqo,p] F RS(g, M) is
sufficient for proving Proposition 2.8 since said quantity is itself an upper bound on
the limit supremum of the free entropy Fx (1) of the spiked Wigner model (1.1). We
now present a more precise finite N result that implies this claim.

Lemma 4.2 (Negligibility of perturbation). Let (sy)n>1 be a sequence of numbers
in (0, 1) that decrease slowly to zero as N — oo and let ¢ = en € [sn,2sn]. Recall
the definition (1.3) of the partition function Zn,p and that the perturbed partition
function is given by

Znm = [ efIn.e(X) dPx v, M (X)
]RNXM

with perturbed Hamiltonian H N.¢ specified by equations (2.14) and (2.22). Then, for
each N > 1, we have that

1 ~
N_MEZ’XOIHZN’M < N_MEZ,ZsXOIHZN’M‘ (415)

Proof. We employ an interpolation argument akin to that of Section 4.1. Hence, define
an interpolating Hamiltonian

1 by A A
H/(X) = ETr(,/NZXXT + - XoX[XXT— mXXTXXT)
~ t
+ Tr(«/stZXT FerXoXT - %XXT),

with Z, X as in equation (1.1) and Z asin equation (2.22). The associated interpo-
lating free entropy is

_ 1 Hi(X)
(p(l) = N_MEZ,Z:XO In /l;NxM e dIP)X,N,M(X)'
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Writing
1

ZNs

(*)e: / e apy vy, Zng = / T X) Py n o,
RNxM RNxM

we see that
1 d
00 = 37522 x5 1),

1 1 Jex €
- ~ _ |2 T T_ ~ T
-~ Tr]EZZ,XO<2\/;ZX +eXoXT - ZXXT)

£
= mTrEZ,Z’X()(RIO)t

>0,

with the last two lines following from Gaussian integration by parts with respect to Z,
the Nishimori identity, and the positive semidefiniteness of

1

Ez z.x,(Ri0)t = NEZ,Z,X()(XT)t(X)t‘

By the definition of ¢(z), we then have that

1 ~ 1 !
N_MIEZaZaXO InZym— WEZ,XO InZyp = ¢(1) —¢(0) = /0 ¢'(r)dr =0,
as desired. n

Since the left-hand side of equation (4.15) is independent of &, it is immediate
from integrating both sides over ¢ € [sy, 2sx] and then taking the limit supremum
that

limsup Fy (X) < limsup fN (A). (4.16)

N—o00 N—>o00

5. Treatment of growing rank: The multiscale cavity method

The main methodological novelty begins now. In this section, we prove that the limit
supremum of the free entropy Fy (1) of the perturbed model corresponding to the
Hamiltonian H N.e(X) (see (2.14)) is bounded above by the supremum of the rank-
one replica symmetric potential FRS(g, 1) (see (2.3)). By Lemma 4.2 above, this is
sufficient for proving Proposition 2.8, which combines with Proposition 2.7 to pro-
duce Theorem 2.1, as described in Section 2.3 and detailed in Section 5.4.

For convenience, we repeat definitions of the involved Hamiltonians and cavity
fields here, taking care to highlight now-relevant dependencies on SNR and various
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sources of noise. First, we recall that we take (sy)y>1 to be a sequence of numbers
in (0, 1) that decrease slowly to zero as N — oo and that for each N > 1, we have
eN € [sn,2sn]. Then, the Hamiltonian of the size N perturbed model corresponding
to the inference problem

Y = \/%Xoxg + Z,
YCEN) = fenXo+ Z,
with X o ~ Py y.ar. Z € RNV Wigner, and Z € R¥*M Ginibre is
Hyen(X:Z,Z,A\) = Hy(X:Z,A\) + Hyoy (X Z), (5.1)

where the Hamiltonians corresponding to each channel are respectively

1 A A A
Hy(X:Z.)\) =T (,/—ZXXT Zx XTXXT——XXTXXT),
n( )=3TYw Tytoto 2N
Hyen(X:Z) = Tr(A/_eNZXT FenXoXT — %NXXT). (5.2)
The related perturbed free entropy and partition function are then
~ 1 ~
Fy(AD )= —EInZypm, 53
N(A) N EmZNm (5.3)

Znm = /szxM eHNen XKZZD) qpy v s (X)), (5.4

with the expectation here and henceforth being taken over Z, Z , X0, and uniformly
over ey € [sn,2sn]. Letting n € RM, No ~Pxnm, &~ NO,Iy), &~ N(O, ),
and £ ~ N (0, 1) account for the (N + 1)th coordinate, we have that the size N + 1
equivalent of the Hamiltonian Hy ¢, (X; Z, Z, ) is given by

Ayyreny (X 0:Z.Z 6. 8.6 1) = Hy(X:Z.2) + Hyen, (X: Z)

+z(XGED) + s DnT +mEA) +reyy (18, (5.5)

with cavity fields

1 ) A
Hy(X:Z,)) = ETr( N ZXXT o XoXEXXT

A
- XXTXXT .
2(N + 1) ) (5:6)
2K ) = || XTET T XX o), 5.7)
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A
——~ x
2(N + 1)

1/ ] A A A
EA) = - T_ T T, 5.9
m(n; €, 1) 2( N+1$+N+1Wlo 2(N+1)m7 )nn (5.9)

= =~ EN+1
Ten i1 (M 8) = Jen+1EnT +enyinen™ — 2+ . (5.10)

s(X: ) = TX, (5.8)

The perturbed free entropy Fy41(A) and partition function Z N+1,m are defined as
their size N analogs according to equations (5.3) and (5.4), but with the expecta-
tion E[ -] now being taken over ey 41 € [Sn+1,25n+1] instead of ex and over the
additional variables &, , &, No-

In Section 5.1, we prove Theorem 2.9, which shows that limsupy _, Fy (A) is
bounded above by a convex combination of the limit suprema of Ay /M and Ay /N,
where

AN =EWmZyiipmy, —EINZypy,,, (5.11)
A =EZymy,, —EInZyu,. (5.12)

As Ay corresponds to a cavity in N of fixed rank My 4+ and vice versa for Ay, this
enables us to decompose the problem of dealing with two growing indices M, N into
two separate single-index cavity computations. It turns out that said convex combi-
nation has the desired upper bound sup,¢[o o) F° R5(g, L) due to both of the involved
limit suprema being bounded above by this quantity. This is shown in Section 5.2 and
Section 5.3. In the former, we give a detailed presentation of the standard fixed-rank
Aizenman—Sims—Starr scheme ([3], [43, Sections 4.3 and 6.2.5]), while in the latter,
we prove the heuristic (valid for N such that My = My + 1)

Ay 1 ~ 1 ~
T = NEIHZN’MN-‘,-I — NIEanN’MN

~(My +1) sup FfS(q.A)— My sup FfS(g.0) = sup F{S(q.2).
q€[0,p] q€[0,0] q€[0,0]

5.1. Free entropy upper bound: Multiscale Aizenman-Sims—Starr scheme

In this subsection, we allow the matrix size N and rank M to grow generically with
each other. Our primary goal is to show how the standard Cesaro sum extends to the
multiscale setting to give

~ A A
limsup Fy(A) < alim sup—N + (1 —oz)limsup—M
N —o00 N —o00 M N —o00 N

forsome 0 <o < 1.
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Proof of Theorem 2.9. We focus on proving the upper bound (2.16), since the anal-
ogous lower bound (2.17) will follow from obvious modifications. Let € > 0, and
for 1 <n < N, define m,, = M,, and its generalized inverse

Ny, = inf{n | m, > m}

in order to denote the m index as a function of n and vice versa; these dependencies
are the same as between My and N. By the definition of the limit supremum, there
exists T = T'(¢) independent of N such that foralln > T,

A A

L (5.13)
mpy N—ooo M

and (considering only n > T for which my1 # my)

A A
M) imsup 2 e (5.14)
n Nooco N

With 7" in hand, we may now proceed as in the standard proof of the Aizenman—
Sims—Starr scheme. Thus, express the log partition function as the telescoping sum

N-1
Fy() = LM Z (ElnZyt1my sy —EINZym,) +on(T)
-
= _M( ; An(n) + ’; AM(”)) +on(T), (5.15)

where Zy,o = 1 by convention, we write

ZN(n) :=EIn Zn+1,mn+1 —EIn Zn,m,,ﬂ,
Am@):=EInZym, , —EInZym,,

and the error term is the truncated sum
T-1

NM nzo(ZN(”) + ZM (”)),

on(T) =

which vanishes as N — oo: T is independent of N and for each 0 <n < T — 1,
An (n) and Ay (n) are finite (n1m,)-dimensional integrals that are also independent
of N.

Notice that A M (n) =0if m, 41 = my, so keeping only the terms for which the m,
coordinate increases, we read from the bound (5.14) that

N-1 Mpy—

Z Ap(n) < Z nm(hmsup%+e)

m=Mr N—o0
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Substituting this and the analogous statement deriving from the bound (5.13) into
equation (5.15) gives the upper bound

N-1

Fy(A) < (NLM’;mn)(limsup% + e)

N—o00

Mpy_—1

1 A
+ (W 3 nm) (lim sup TM + e) + on(T). (5.16)

m=My N—>o0

To obtain agreement with the bound (2.16), we let

o = limsup my,
N—o00 NM E: "

so that the proof of inequality (2.16) is completed upon showing that 0 < « <1
and that

1 My
li\rln_)sllop N Z N =1 —o. 5.17)
m=Mr

Asl <m, <M foreach1 <n < N, itis immediate that 1 < Zn Tm,, < NM,so
0 <o < 1. To prove the second claim, we first recall Young’s inequality for increasing
functions [68]:

a b
ab < / f(x)dx +/ fY(x)dx, a,b>0,
0 0

where f is differentiable, strictly increasing, and such that f(0) =0. Whend = f(a),
this inequality is an equality that we may discretize and adopt to our setting to see that

N-1 My
Y ma+ Y nm=NMy_—T(Mr—1).
n=T m=mrt

Normalizing by NM and taking the limit supremum then shows that

My

Z Ny = hmsup

m=mr

Mpy_—1

(Zmn+ > nm)

m=mr

o + lim sup
N—o0

. NMy_y —T(Mr —1)
= lim sup ,
N—o0 NM

which equals one, hence equation (5.17) is verified. Taking the limit supremum of
both sides of inequality (5.16) and then taking ¢ — O completes the proof of the
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upper bound. The lower bound follows from a similar argument to that just presented
with

B = Imi)lcr)lof N Z My

in place of «.

We now show that «, B satisfies the relation (2.20) in the case when M = | f(N)].
Without loss of generality, we modify f so that f(N) € N to simplify notation.
Noting that m,, = | f(n)], using L’Hopital’s rule to simplify the integral upper bound
of the normalized sum shows that

o = limsup Zmn lim sup MG <limsupA.
N —o00 NM T Nooo JT Nf(N) T x>0 f(x)+xf/(x)

Similarly, consideration of the integral lower bound of the same sum gives

N-l N-1
P =it g Yoo =t [ S e = it 7,

concluding the proof. |

As mentioned before, it can be observed that the above proof applies to generic
sequences with two growing indices and that no properties of the log partition function
are used. If Fy (1) remains finite in the thermodynamic limit, then A is an order M
quantity and Ay is an order N quantity, so the normalized differences in the spin and
rank coordinates are both of constant order and both have non-negligible contribution
to the limiting value when o # 0, 1. In other words, even if My <« N so that adding
a column occurs much less frequently than rows when the system size grows, the
free entropy difference due to column addition is much larger than the one due to
row addition because columns are of length N, while rows are of length M. These
two effects perfectly compensate each other so that both row and column addition
contributes the same order in the multiscale Aizenman—Sims—Starr scheme.

As Theorem 2.9 shows that the effects of incrementing N or M can be iso-
lated to the Ay and Ay cavities, we now move on to the task of showing that the
limit suprema of both of these are bounded above by the right-hand side of inequal-
ity (2.12).

5.2. The standard row cavity bound

As Ap (see (5.11)) is a difference of two terms that correspond to the same rank
My 41, it suffices to bound lim supy_, ., Ax/M using the standard fixed-rank argu-
ments of [3,43] while tracking any M -dependencies that could become problematic
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in the sublinear-rank regime. Thus, we begin by showing that Ay /M is bounded
above by a simpler analog that is obtained by showing that in the large N limit:

o the cavity fields m () (see (5.9)), re ., () (see (5.10)), Hy,eny (X)—Hpy e (X)
(see (5.2)) become negligible;

» the cavity fields z(X) (see (5.7)) and s(X) (see (5.8)) can be replaced by

A
Z2(X: €, 1) 1= NXTéT + AR 101},
A
S(X;A) = —§R11,

where we recall that Ry = %XTXO (see (2.8)) and write R = %XIXl =
%X TX in accordance with equation (4.2);

« and the Hamiltonian 4 N,ey (X) is statistically equivalent to
Hy(X) + Hyey (X) + Y(X),

where for Z, an independent copy of Z,

- 5 1 V2 A

J(X:X0.Z.1) = 3 Tr(TZXXT + ART R0 — ERLRII)- (5.18)
Then, we use the thermal concentration results of Theorem 2.11 and Corollary 4.1 to
show that said upper bound can be simplified even further to be written in terms of
the replica symmetric potential Fyy (Q, A) (see (2.2)).

Lemma 5.1 (Standard Aizenman—Sims—Starr scheme). Assume that hypothesis (H2)
holds. Let Py be a centered distribution with bounded fourth moment, let no ~ Px p,
let Zn.m be specified by equation (5.4), and let Z(X ), 5(X), and y(X) be as above.
Then,

EefenEMZNiim —EInZy oy

M
/
< LE&”OE ln</ eﬂ?(X;E,A)+ﬂ§(X;A)TIT dPyx u (17)>
M RM N,en
1 XX 5
— 27 EZE 1n(eY<X’X0’Z»“);V,8N +T'(N, M), (5.19)

/
N,en

is specified by equation (2.24), and we define, with C some finite positive constant
independent of M, N,

where the unspecified expectation E[-] is as in (5.3), the Gibbs average (- )

N +1

(N, M) :=c( +1+sN),

which is oy (1) for any M = o(N).
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Proof. We break the proof into two parts. First, we quantify the difference

Eg £ eqoEIn ZNiim
M

1 2(X:E, ) +18(X ;)T
_ ME’S""OEIH[Z;V,SN</RM eNZ(X56,0)+15(X )0 dPy s (1)

!/

:|, (5.20)

N.en

where we recall the definition (2.25) of the partition function Z'y en” To this end, we
introduce the interpolating Hamiltonian

Hl,t(Xa 77) = HN+1,ISN+1§(X7 n; Z, Zv E9E7EvZA’) + H]/V(Xa Uv (1 - t)k)
+ Hy-nsya(X:0) +02(X; e, (1= 0A) + 15(X; (1 —0)A)gT

with U, U, M being independent copies of Z, Z, & and £ a perturbation parameter
distributed uniformly on [1, 2] so that ey = sx € in distribution. Letting [E; [ - | denote
expectation with respect to the signal variables X ¢, 7, the perturbation parameter &,
and the noise variables Z, Z U, U , &, 7;: &, 1, the corresponding free entropy

p1(1) := LEl ln/ e XM apy vy (X )
M RV +DxM ’ ’

is such that ¢; (1) and ¢;(0), respectively, equal the first and second terms of the dif-

ference (5.20). As usual, we proceed by computing the derivative of this free entropy

and see upon substituting in equation (5.5) and writing (- )1, for the Gibbs average

with respect to the Hamiltonian H; ;(X, n) that

1 d
Qi) = ME1<dtH1 (X, 7]))
d
— MIE1<d [Hy(X:Z,12) + Hy(X; U, (1 —z)x)]>’
1 d
+ME (G [ Ntsy X2 2) 4 Hyvoaysp X2 D)])

[z(X:E.00) + 2(X: . (1 —t))L)]>1t

>

1.t

+

T
+ El( ns(x;m)+§<x;(1—z)x)]m)
(G

IEl Em(n (€, t)t)> + El( Tesy 18005 £)>

By Gaussian integration by parts and the Nishimori identity, we see that

d
MI&(d [Hj(X: Z,13) + Hy(X; U, (1-;)1)]) — 0,
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S [y X 2) + Hyaoon X))
_ N(sn+1—sn)

2M

1y (i [2(X:&,1) + 2(X; (1 —z)x)])

M dtn 7 il 1.t
A

T 2M(N + 1)IE

1 d N

SrE(n[s (X2 + 3 (1 = 1))

1

M

B2 ).

1,

TrE(ER10)1,:

1<7IR10773 + R )1,

1

=—— " FE:R11n) 14,
» 2MN + 1) 1{(nR117 )1,:

d
Er(mn:g.00), 1(mongnn ™)1z,

=————F
+  4AM(N +1)

_ SN+1
)t 2M

E, (gﬂoﬂT)l,t-

Let E [-] denote the same expectation as [ -] but without the average over & so that
E[-] = EzE}[-]. Due to the same reasoning as behind the series of inequalities (4.6),
we have that

1
0 <TrE (Ri0)1...E1(nR10nd)1,, MEIUIOWS”WT)LI’E/](”OWT)I,L‘ <CM

for some finite positive constant C independent of M, N and depending only on prop-
erties of Py . Then, since sy is a decreasing sequence, we see that

N(sy+1—5N)
2M

N(sy+1—5N)

TrE{(ER10)1,, = M

E:[6TrE|(R10)1,/] <0,

as we have the product of the expectation of a positive trace and the negative quantity
N(sn+1—sn)/(2M). Likewise, we have that the other terms in ¢/ (¢) can be bounded
according to

1

 TFinRinT
IMN + 1) 1(MR11nT) 1,

- TE{(nRqion! Rin7
IM(N +1) 1(nR1ony + nR11nT) 1, +

A
= ——]E R T < 0
IM(N + 1) 1(n 10770)1,t =0,

A CAM
I ) T T <"
M 1 1 P imemonn e = g

SN+1 Csn+1

SN+1 ~ ~
a7 Er(EmonTe = —7- E:[EE  (nonT)1,¢] <

E;8 <3Csy.
Combining all of this together shows that

CAM
) < ——— 3Csy.
¢1()_4(N+1)+ SN
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Since this is independent of ¢, we have that

! CAM
@1(1) — ¢1(0) =/0 @) (t)dt < AN LD +3Csy, (5.21)

so the difference (5.20) obeys the same upper bound.
We now move on to quantifying the difference

1 ~
— —EInZyu. (5.22)

1
LESEIn[Z)y,, (T XKOZIY ]

The relevant interpolating Hamiltonian and free entropy are given by

Hyy(X) = Hy(X: Z,tA) + Hyyon (X2 Z) + 5(X: X0, Z,11)
+ H~N,(1—t)sN (X:U, U,(1- HA),

@a(t) 1= i1532111/ 21X qPy y (X)),
M RNxXM T

where U, U are independent coples of Z, Z, as before, and E,[-] denotes an expec-

tation with respect to X, Z, Z,Z,U, U, and ey. Observe that @2(1) and ¢, (0),

respectively, equal the first and second terms of the difference (5.22). Writing (- )2

for the Gibbs average with respect to H, ;(X) and using equation (5.1) shows that

1 d
4 = —_— —_—
(1) = E2<dt Hz’t(X)>2,t

M
1 d
— MIE2<d [Hy(X: Z.12) + Hy(X:U. (1 —z)x)]>
d
B [ Hisey (X 2) + Hy ey (X U)])

1
—E,(—y(X:; X ,Z,I)L
+ o 2<dty( 0 )>2,,

By Gaussian integration by parts and the Nishimori identity, we see that

1 d

ME2<d [Hjy(X:Z.tA) + Hy(X: U, (1—t))k)]>
AN

= i+ om TERioR o)

1 d
27 B (e (X: 2) + Hy ey (X D)) =0,

bt
—E2< F(X:Xo.Z, m)> = 7 TE2 (R, Ruo)a.r

Combining these equalities shows that

A N
gpé([) = m(] — N—H) TrEz(RIORIO)z,t.
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Extending the logic behind the bounds (4.6) shows that

1
0< TI‘E2<RIOR1())2J < WTIEZ[XEXOXEXO]

—1 - M?
~ N2 Z 2[X0.i0X0,i0%0,j0%0,je] < C(M + T)
j=14,0=1

where the last inequality follows from the fact that, since the entries of X are i.i.d.
with bounded fourth moments, Ex[x ¢ ;¢X¢,i¢/X0,j¢/ X0, ;¢] is given by some finite pos-
itive constant C if either i = j or £ = £, and is otherwise zero; the summand is
non-zero for oM N? + M?N) combinations of i, j, £,{'. As M < N, we hence see

that
(1) < C)L N
P2l = N+ 1

and integrating this over ¢ shows that the difference (5.22) also obeys this upper
bound. Summing this with the upper bound (5.21) on the difference (5.20) produces
(N, M). Thus, we are done upon noting that E¢ ) EInZ) =EzEInZ) . =

Lemma 5.1 displays a similarity in structure to the replica symmetric potential
F A‘}S( 0, 1) (see (2.2)). Our goal now is to refine this observation. Writing

~ A
Hun (A, B,x;z(N),A) =/ ﬁxTATz(N)

A A
+ NxTATon — ﬁxTATAx (5.23)

forA,B e RN*M x c RM (N) _ N (0, Ixn), and xo ~ Px as, one observes upon
replacing &7, 5T, ng , respectively, by z»V)| x, x that the first term in the right-hand
side of inequality (5.19) is

/

1 & .
_]EZ(N),xOE 1H</ M €HM,N(X7X0,X,Z(N),/\) dPX,M (x)>
R

M N,e

On the other hand, further replacing X and X¢ by (X ) . in the integrand produces

1 7y ’ ’ . !
— B, ¢, E 1n< / M N (X (Xl %32, 2) dJPX,M(x)>
M RM N,e

1 7 ’ ’ .
= MEz(N)’xOEln/ . eHM~N(<X)N-s’<X)N.s’x’z(N)’A) dPy m(x)  (5.24)
R

1 T .
= —E.00 5 Eln / B M VT NT 20N gy (x), (5.25)
R
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where we have defined

N
1 1
T .= <R12)9V,8 = N(XT)/]V,E(X)%I,S = N Z(xi>3\l,a(x;‘l-)/1\/',s‘ (526)

i=1

Here, equation (5.24) is due to the fact that the integral is independent of X, which

is what the Gibbs average (- )’y . is over, while equation (5.25) follows from the

fact that the Gaussian vectors (X T);\,’ EZ(N ) and VNTzM) are equal in distribution,
since z(M, zM) are independent of (X Yn.er

Similarly, substituting X and X ¢ by (X )9\,, . in the exponent of the second term in
the right-hand side of inequality (5.19) yields the simplification

1 SOYV wV 1 . ~
MEZ]E 1n<eJ’((X)N.g7(X)N.€’ZJ));V’g — H]EZE[J}((XYN’E; <X>/N,s’ Z, ’\)]

A
=-_TrET?,
aM

where the first equality follows as above, while the second is due to the independence
of Z and (X )9\,, - Combining this with equation (5.25) shows that replacing X and X o
by (X )/N, . Within the averages in the right-hand side of inequality (5.19) produces the
averaged replica symmetric potential E F A‘}S(T , A). Connection with Theorem 2.1 is
made upon noting that 7' is symmetric positive semidefinite, replacing the average
with a supremum, and using Theorem 2.6 to establish that

EF(T.A) < sup Fif'(Q.2) = sup F{(q.2).
QeSy q€[0,p0]

The driving mechanism behind the above is the action of replacing X and X
by (X )’N, .- This is allowed, with a negligible cost, due to the concentration results
proved in Section 4.2. We now make this precise through a slight rewriting of the
arguments of [43].

Lemma 5.2 (First application of overlap concentration). Assume hypotheses (H2)
and (H3). Define

/

U = </ eHm.N(X.X0,x;2,2) dPX,M(x)> ’
RM N,e

Y, = / VN XYy oK)y 2.0 4Py (),
RM

with z ~ N (0, Iy), ﬁM’N(A, B, x;z, 1) as specified by equation (5.23), and the
Gibbs average (- )y ey S in equation (2.24). Then, there is a positive constant C

independent of M, N such that

IE'E; InUy —E'E;InVi| < CV/MeMT (N, M)'/*4,
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where T(N, M) = CM?//Nsy is the rate of concentration given in Theorem 2.11
and we write B[ -] for the expectation over Z, Z, X o, xo, and uniformly over
g€ [sn,2sN].

Proof. First observe that since |In(x) — In(y)| < max{x~!, y~!} |x — y|, we have by
Jensen’s inequality and the Cauchy—Schwarz inequality that

|E/EZ In Ul —E/Ez In V1|
<E'E;|InU; —In V|

< E'\E (U2 + VA VE (U — V1)

< B'\JE[U7? + V2 21E. U2 — Eo V2| + 2[E. (U V] - E V2. (5.27)
Thus, we bound each of the terms
E (U724 V3, |E.UZ—E.VE, |E[UiVi]—-E.V?|

in a series of three steps and then simplify the above using Corollary 4.1 of Theo-
rem 2.11.

Step 1. Applying Jensen’s inequality shows that

Uy =

/ oA N X Xox2 )N e 4Py 1y ().
RM
Thus, using Jensen’s inequality again shows that
U1—2 < / 6—2(1{1M.N(X,Xo,x;z,l))/,v'g APy (x).
= Jew ,

— a?/2

Now, using the fact that E ;e?* for z ~ N (0, 1) and a independent of z gives

_ TTx— T —xT /
]EZUl 2 < /M eZ/lx Tx—A(2xTRox0—x Rnx)N.S d]P’X,M(x),
R

where we recall that T = %(X T v.e(X) e (see (5.26)). Since Py has D-bounded
support, the entries of X, X¢ lie in [-D, D], so

[xTT x|, |[xTR19x0], [xTR11x]| < M?D*,

. _ 2 p4
and we obtain the upper bound E; U, 2 < ¢SAM"D" The exact same argument shows
24
that we also have IEIZVI_2 < 3AM”D" hence

E.[U2 + V2] < 2e5M7D% (5.28)
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Step 2. Letting (- )’N’ . now refer to a Gibbs average with respect to the replicas X1,
X, of X, we have that

/

EZU12 — ]Ez</ eﬁM.N(XlaXO,xl;Z,)v)‘f'ﬁM.N(XzaXO,xZ;Z,A) dP)((gﬁu(xl x2)>
RM xRM ' Ne
/

T T T
— </ eA(x1R10x0+x2R20xo+xlR12x2) dP}??M(xlvxZ)> ,
RM xRM N,e

where we have used the fact that

A A
E, CXP(V N(Xlxl + szz)TZ) = eXp(ﬁ”Xle + X2x2||§>.
Defining Fi: ([—-D?, D2]M*M)3 _ R by

T T T
F](A, B, C) = / ek(xleo-i-szxo-i-xleg) dp)?%u(xl’xz)’
RM xRM ’

we observe that
]EzUlz = <F1(R10, Rzo, R12)>/1V,8'

Likewise, we have that
E.V¢ = F(T,T,T).

As Px has D-bounded support, we compute for all A, B, C € [-D?, D2]M XM hat
IVFi(A,B,C)|r < V3AM D2e3AM>D*

Thus, F1(A,B,C)is (CtM eC2M 2)—Lipschitz for some constants Cy, C, independent
of M, N. Hence, using Jensen’s inequality and our Lipschitz bound shows that

E;U7 —E: V7|
= [(Fi(R10. R20, R12))y, — FiI(T.T.T)|
< (|Fi(R10,R20. R12) = Fy(T.T.T)|)y,

2
< CiMeM (JIRi — TIE + [ Rao — T2 + [Ri ~TIR) . (529)

/
N,e

Step 3. From the same reasoning as in the above step, we see that
E [U1 V1]

/
—E, M. N (X X0,x1:2.0)+Har N (X)y oo (X )y o5X252,4) qp©2 (X1,X2)
RM xRM x.M '

N.,e

/

1
= (F] (R1o, T, _XT<X>/N,5))N,5'

N
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Hence, using Jensen’s inequality and our Lipschitz bound on F;(A, B, C) yet again
shows that
|Ez[Uy V1] — E; V)
1
= |{(Fi(R10, T, NXT(X)}V,E));V,E — F(T.T.,T)|

1
<(IFi(R1o.T. NXT<X>/1V,8) - FI(T’T’T)”/]V,E

Co M2 1 2/
< O\ Me© (\/ 1Rio=TIR+ | X7 (XY, =] ) . 530
Step 4. Applying Jensen’s inequality and Corollary 4.1 to inequality (5.29) shows that

F|E,U? —E, V3|

2
< CiMeSM \/E/(”RIO —T[g+ IR0 —TIE+ [Ri2— Ty,
< ;MM [3T(N, M), (5.31)

where we have used the Nishimori identity to replace R,o by R 9. Doing the same to
inequality (5.30) shows that

Co M2 1 2\/
E'[E;[U V1] — E; V2| < C; Me©2 \/F(N, M)+ IE]’< SXT(X)y, T HF>N’€
< C\MeCM? 2T (N, M), (5.32)

where in the last line we have used the fact that, if we let (- ) denote the Gibbs aver-
age (- )}y, with respect to only X, we have

o] yxreen, -1, - |- )

N N.e FIN,s N 1 FIN,e
<E((IR2—TI)ye
=E(|Ri2— T}y, < TN, M).

Returning to inequality (5.27), inserting inequality (5.28), using Jensen’s inequal-
ity, and then finally using inequalities (5.31) and (5.32), we see that there is a finite
positive constant C independent of M, N such that

IEE;InU; —E'E;InVy| < CeCleE’\/2|IEZU12 —E, V3| 4 2|E;[Uy V1] — E, V2]

< €M \JB/[EUR — B2 V2| + B/[E: (U, Vi] — E: V2]
< OV MM T (N, M)+,

as desired. [
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Lemma 5.3 (Second application of overlap concentration). Assume hypotheses (H2)
and (H3). Define

U, :=(ef(x;xo,2,x))'N V= I XN SX 20
,€

with ¥(X; Xo, Z, A) as specified by equation (5.18) and the Gibbs average ( - )/N,eN
as in equation (2.24). Then, there is a positive constant C independent of M, N such
that

IE'E; InUs —E'E, InVs| < Cv/MeCM T(N, M)V4,

where T'(N, M) = CM?//Nsy is the rate of concentration given in Theorem 2.11
and B[ -] retains its meaning from Lemma 5.2.

Proof. The structure of the proof is identical to that of Lemma 5.2. Indeed, as before,
we have that

IE'E, InUs —E'Ej In V5

<E'\JE;[Uy? + V52 2IE3 U —E5 V2| + 2B [UaVa] —E5 V2|, (533)
and we proceed by bounding each of the terms
EplU2+ V57 [EzU7 —EV7l [Ez[UaVa] —Ez V7|
in three steps analogous to those of the proof of Lemma 5.2, before applying Corol-
lary 4.1.
Step 1. Using Jensen’s inequality shows that
Uy? < e 20XX0Z My, - =2 < o 29UX)y (K)o Z.),
Then, since

E ;A — 1A’ (5.34)

RNXN independent of V4 , we have that

for symmetric A €
EZ U2_2 < eATr((RIl)/IV.s(Rll)/N.s_(R-lI—ORIO)/N.s—i_%(RLRl])/N.s)

_ ATy T2

]E2V2 2 §€2TrT ,

where we recall that T = ﬁ(XT)QV,S(X)’N’s (5.26). As the entries of X, X¢ lie
in [—D, D], we have that

|Tf((RL)/N,5(R11)/N,E)|, |Tr(RIoR10)|, |Tr(RLR11)|,|Tr T2| < M?D*,

and thus
5
E;[Us% + V52 < 2e34M7D% (5.35)
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Step 2. Letting (- )’N, . denote the Gibbs average with respect to the replicas X1, X»
of X, we have

E;U; = IEz(ey(X‘;XO’Z’)L)J”A’(Xz;"(o’z”U)/N’e3 = (F2(R10, R0, R12))y
where we have again used identity (5.34) and defined F,: ([—D, D]M>*M)3 _ R by
F>(A,B,C) := o3 T(ATA+BTB+CTC)

Note also that
E, V2 =Eye? XXy eZh) = o3 TTT _ 1 T T),
Now, on the domain of F5, we have that
3
|VF2(4.B.O)lle < %AMD%%WD?
Thus, F>(A,B,C)is (CtM eC2M 2)—Lipschitz for some constants Cy, C, independent
of M, N. Hence, using Jensen’s inequality shows that

E;U; —E3; V7|
= |[(F2(R10. R20. R12))y . — Fo(T.T.T)|
< (|F2(R10,R20. R12) = (T, T.T)|)y,

< CiMeM (IR~ TIR + [Rao — TR+ Rz~ TIF) . (536)

!/
N,e
Step 3. Similarly to above, we see that

FX:X0.Z V50X AXY 7 IV
E;[UsVa] = E (7 X X0 Z A5 (X)y XYy o 20

= <F2(R10’ T, %XT(X)QV’E)YN,S‘

Hence, using Jensen’s inequality and inserting our Lipschitz constant shows that
2
|IE2[U2V2] —-E;V; |

1 /
= ‘(Fz(Rlo,T,NXT(X);\/,S»NE— Fz(T,T,T))

5

< <‘F2(R10, T, lXT(X)},’S) _ E(T,T, T)|>

/
N N,e

Co M2 1 241/
< O\ M© <\/||R10 ST+ | XXy T ), 63D
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Step 4. As inequalities (5.36), (5.37) are equivalent to inequalities (5.29), (5.30), we
may read off from Step 4 of the proof of Lemma 5.2 that

E'|E; U7 —E; V2| < CiMeSM’ J3T(N, M),
S[UsVs] — E5 V2| < C;MeC2M? /2T (N, M).
E'[E;[U2Va] —E3 V3| < CiMeS2M

Therefore, inserting inequality (5.35) into inequality (5.33), using Jensen’s inequality,
and then finally using the above two inequalities, we see that there is a finite positive
constant C independent of M, N such that

IE'E; InUs —E'Ej In V5|

< CeME!\2E5UZ ~E3 V2| + 2[E 5[UzVa] - E3 V2|

2
< CeM BB, U2 ~E5 V2| + EE; Uz Vo] —E5 V2
< OV MM T (N, M)A, n

To conclude this subsection, it remains now to combine Lemmas 5.2 and 5.3 with
Lemma 5.1. We use the equality in the distribution of (X T)/N,EZ(N ) and /NTzM)
for zN) ~ N (0, Iy) and zM) ~ N (0, Ips) discussed earlier, replace the expectation
over T with a supremum, and finally apply Theorem 2.6.

Proposition 5.4 (A /M cavity upper bound). Assume all of the hypotheses of Theo-
rem 2.1, let M = My, and recall (5.11) that

AN = EIHZN+1,MN+1 _EanN,MN+1’

where E[ -] denotes an expectation with respect to Z , Z, Xo, &, E, & Mo EN, EN+1-
There exists a finite positive constant C independent of M, N such that enforcing the
constraint sy > min{0.9, N_l/g(CeCM2)8/9}, with sy still vanishing at large N,
ensures that

. An RS

limsup — < sup F;>(q,A). (5.38)

N—oo q€[0,p]
Proof. First, we set M = M 4+ instead of M = My, recalling that Lemma 5.1 holds
for any M. Rewriting said lemma in the notation of Lemmas 5.2 and 5.3 then yields

A_N < EIHUI—EZEanz
M — M

+ (N, M),

where we have replaced &7, 9T, 175 by z, x, x¢. By Lemmas 5.2 and 5.3, we then have

A_N<Ean1—IE2Ean2 C

CcCM? 1/4 ’
I'(N,.M I'(N,.M 5.39
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for some finite positive constant C independent of M, N. Now, writing z'~ N (0, I3),
we observe that (XT)), eyZand vNT z' are equal in distribution, so

1

1 ,
H]Eln = ﬁEszEln eVAXTVTZ +xTTx0=5xTTx dPyx, pm (x).

RM

On the other hand, using the independence of Z and (X )’N’ en shows that
1 1 N A A
—EZEInV, = TrE,E[VAZT + 512 = J-TrET2,
MZER T oy 2 2 aM

Inserting these two expressions back into inequality (5.39) gives

A < iIFEz/IEln eVAXTYTZ +xTTx0=5xTTx gp, Mm(x)
M M RM ’
- iTrETZ + ¢ M2 (N, M)V 4 T/(N, M).
4AM JM

As this integral depends on all of the involved random variables through only T, z’,
X, we recognize from equation (2.2) that the above simplifies to

A C
WN <Eg FR(T. 1) + ——eM’ (N, M)/* + T(N, M).

VM

Noting that 7' is symmetric positive semidefinite, we circumvent the intractability of
the expectation over 7 by replacing it with a supremum to obtain

AN RS C cm2 1/4 ’
— < sup Fp (T, M)+ —e (N, M)'* +T'(N,M)
M TGSM M vV M
c M? 1/4 ’
= sup FPS(q. 1)+ ——e“M°T(N, M)"* + T/(N, M), (5.40)
q€[0,p] ' vM

with the second line following from using Theorem 2.6 to replace the M -dependent
supremum Suprcs,, F, A]}S (T, A) by its M-independent analog. To make connection
with inequality (5.38), we multiply both sides by My +1/ My to obtain

A M
_N E ﬂ sup FIRS(q’ A’)
My MN  gefo,0)

CVMp 14

+ My

M
MR+ (N, My +1)V* + %F/(N, My 11).
N

By hypothesis, either My4+1 = My or My+1 = My + 1. In either case, the result
follows due to our choice of sy inducing the vanishing of all error terms when taking
the limit supremum; the second term in the right-hand side vanishes because

My =o(vinN) and sy > N7V%(CeCMu )%,

while the final term vanishes because sy — 0. [
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5.3. The novel column cavity bound

In this subsection, we formalize the intuition contained within the approximation
given in (2.21) to prove the counterpart to Proposition 5.4 bounding the limit supre-
mum of Aps/N. This is a novel term that only comes into play when examining
multiscale models and arises here due to our working in the sublinear rank regime
M = o(m ). As per the approximation (2.21), our approach is to bootstrap the
finite M, N cavity bounds through a second application of the cavity method.

The strategy then is to fix N and M = M ata value such that My = My + 1
and bound each of the terms in (5.12):

Ay 1 ~ 1 ~
— = —EInZ — —FEInZ
N N nZNM+1 N nZANM

separately. The upper bound on the second term, being negative, can be obtained
simply from the free entropy lower bound of Proposition 2.7; note that this proposition
holds for any M, N > 1. To obtain an upper bound on %IE InZ N,M+1, We proceed
by introducing the auxiliary difference

An(m):=EInZyp1m+1 —EIn Zy a1, (5.41)

so that we have the telescoping series
| | N1
—EInZ = — An(n).
N NM+1 = o ,;) N(n)

Then, we truncate this sum at a truncation parameter » = 7" and show that the trun-
cated sum can be bounded by a standard application of the cavity method, while the
remainder is bounded with T'-dependent error due to Proposition 5.4. Finally, we take
the limit supremum, choosing 7" such that all error terms vanish at large N.

Lemma 5.5 (Bounding the truncated sum of A n(m)). Let N, M, T > 1, assume
hypotheses (H2) and (H3), and let Ay (n) be defined by equation (5.41). Then, there
exists some positive constant C independent of M, N, T such that

T—1
> An(n) < CTM?.
n=0
Proof. First, note that
T—1
Z ﬁN(n) < T sup AN(n). (5.42)
n<T

n=0
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Then, replacing N by n and M by M + 1 in Lemma 5.1 shows that for C a generic
finite positive constant independent of N, M, T here on out,

An(n) < ng,"OIEln</R

—E Eln(e? X X0Z Ay (M £ DT M+ 1), (5.43)

/

oNE(X 8 ) +nS(X )T dPX,M+1(n)>

M+1 n,en

where we define X' € R®”*M+1 o be the integration variable of the Gibbs aver-
age (- )., let Xg € R™M+1D have ii.d. entries drawn from Py, let 5o ~ Px. a7 +1,
let Z' € R™" be a standard Wigner matrix, and let £ ~ N (0, I,,).

Substituting Z(X") (see (5.7)) and 5(X ") (see (5.8)) into the first term of the right-
hand side of inequality (5.43), using Jensen’s inequality, and then using the identity
E,e% = e@/2 for z ~ N (0, 1) and a independent of z shows that

/

EE’,ﬂoEln</ N2 (X"E ) +us(X )T dPX,M+1(7I)>
RM+1

n.,en

A ITe’ A ’ / A ’ /

ApX/'TETHAPX'TX — A pX'TX'9T

= EE/,U()E ln</ . eV X TE T+ 0m0=2, M n dPX,M+1(77)>
R

/

n.,en
/!

A ITe’ A ’ / A ’ /
7”X TE T+*1[X TX n _ile TX ”T
<In E”0E</]1;M+1 E;/eV n n oMo—2, dPx mr+1(n)

n.en
/

= ln]E,,0]E</ en X TX om0 d]P’X,M+1(77)>

RM+1 nen
As Px has D-bounded support, we have that [nX'TX o] < n(M + 1)>D*, and
therefore

/

]EE/’%[E 1n</ eﬂf(X €, )+s(X )T dPX,M+1(17)>
RMA+1

n,en
/

A ’ /
< 1111&«:,,01E</W+1 en X TXom0 dIPX,M+1(;7)>

n.en
/

2 p4
=< lnE,,OIE</1;{M+1 AMFDD dPX,M+1(77)>

= MM + 1)>D*. (5.44)

n.en

Likewise, substituting 7(X”) (see (5.18)) into the second term of the right-hand
~/
side of inequality (5.43), using Jensen’s inequality, using the independence of Z
and X', and then using the D-boundedness of supp Py shows that
(XX .2 D)y
—E,E In{e” 0 )

n,en

275 Ay’ A /

— _E.E hl(e%Tr(%Z X’X’T+anOTX’X’TXg—mX’TX’X’TX’)>
z

n.en



J. Barbier, J. Ko, and A. A. Rahman 58

VL NAaro, o A, A '
—F o F(=Tr( — T 2 vTy’yTYy, _ " v1Yy'Y/'TY/
< By E(;T(SEZXXT+ SXTXXTX - SXTXKTX))
1 )L 'Tv/! v/ / )L / v/ ’ ¢
= —E(5 Tr(SXJX'XTX, - TS XTXXTY))
<3A(M+1)2D4

= 4

n,en
(5.45)
Combining inequalities (5.44) and (5.45) with the fact that the remaining error

term (M + 1)ITV(n, M + 1) in inequality (5.43) is at most quadratic in M for all
choices of n, said inequality simplifies to give

An(n) < CM?2.
Substituting this into inequality (5.42) completes the proof. ]

The next proposition allows us to deduce the Aps cavity bound from the Ay
cavity bound at a slight loss of the rate, provided that we have a rank-one equivalence
formula.

Proposition 5.6 (Ays/N cavity upper bound). Assume hypotheses (H2)—-(H5) and
recall (5.12) that for N and M = My such that My 1 = M + 1, we have

AM = EIHZN’M_H —EIHZN’M,

where [ - | denotes an expectation with respect to Z, Z X 0, EN. Furthermore, sup-
pose that

Ay RS
< sup F[™(q,X)+ ®(N, M) (5.46)
M+ 17 4efo.0 '

for some error function ®(N, M ):N? — R decreasing in N. Then, forany T < N,
there exists a finite positive constant C independent of M, N, T such that

A CTM?
=M< sup FRS(q. ) + (M + )O(T, M) + (5.47)
N q€[0,0] N
Proof. By Lemma 4.2 and Proposition 2.7, we have for each N, M > 1 that
1 ~
—EInZyy > MFy(A) > M sup F{S(q,A).
N g€[0.p]
Hence, it is immediate that
A 1 ~
M e _EmZymsr—M sup FRS(q.2). (5.48)

N TN q€[0,p]
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Recalling that ﬁN(n) =EIn Zn+1,M+1 —Eln Z,,,MH (5.41) and letting 1 < T <
N — 1, we have the telescoping series

1 ~ -~
VENZN 1 = Ap(n)

T ~ CcT
5(1‘N) sup Ay (n) + ——. (5.49)

n>T
where we have used Lemma 5.5. Replacing N by »n in inequality (5.46) shows that

foralln > T,

An() < (M +1) sup FR(g. 1)+ (M + )O(T, M).
q€[0,p]

As T < N — 1, substituting this into inequality (5.49) produces

1 ~ RS CTM?
—ElmZypm+1 <M +1) sup F (g, A)+ (M + DH)P(T, M) + ,
N q€[0,0] N
which further combines with inequality (5.48) to yield
A CTM?
M < sup FRS(q, ) + (M + 1)O(T, M) + :
N q€[0,p] N
as required. ]

A key property of this upper bound is that it is sharp when one is able to take 7'
such that both T = o(NMIQz) and My ®(T, My) — 0 at large N. Indeed, a sharp
bound is made possible upon taking My = o(+/In N) and setting

C 2
SOINM)= —— MU DN M 4+ D)V L T/(N. M + 1), 5.50

as prescribed by inequality (5.40) (recalling that M therein stands for My 41).

Corollary 5.7. Assume the hypotheses of Theorem 2.1 and recall (5.12) that for N
and M = My such that My +1 # M, we have

Ay =ElnZyyi1—EInZypy.

where K[ -] denotes an expectation with respect to Z, Z, X o, en. There exists a finite
positive constant C independent of M, N such that choosing sy to decay to zero while
satisfying sy = min{0.9, (C2In N/(8C + 9))* N~V ECHM ensures that

A
lim sup oM < sup FlRs (g, 7).
N—o00 q€[0,p]
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Proof. Inequality (5.40) stems from the same hypotheses of Proposition 5.4 as those
being assumed here, so we read from said inequality that

A
N < sup FRS(q,1) +

M+ 17 4efo, vM +1

Thus, we may take ® (N, M) within Proposition 5.6 to be as in equation (5.50) so that

CMA (N M+ DY+ T/ (N, M + 1).

A
=M< sup FRS(qA) + CVM + 1eCM+D° (T, M+ 1)V/4
q€[0,p]

CTM?
+T/(T,M +1) +

(5.51)

forany 7 < N.

It remains now to choose 7" such that the error terms in the above vanish in the
large N limit. Hence, let e = 1/(8C + 10) and set T = N'~¢. Since M = o(+/In N)
by hypothesis (H1), we have that for N large enough, M < M + 1 < +/In N€ and
thus

OV F TeCMFDP (T a4 1)1/ = Cor2 EM A )

T1/8S1T/8
< C/e/InNNCH/De1/8 g 18
M+1-T
M+nram+n=c(Z =0 4y
T+1
JevInN —T
= ( T+1 )
CTM?
<CeN “InN.

By our choice of sy, we have that st > (C2(e/(1 —€))In T)*T /(=D in the ther-
modynamic limit. Thus, inserting 7 = N !7€ into the first error term above shows
that it is bounded above by N ~¢, and hence vanishes at large N. As s7 — 0 and
VInN « T = N'7¢, the second error term also vanishes at large N. Likewise for
the final error term. Therefore, taking the limit supremum in inequality (5.51) pro-
duces the stated result. |

We conclude this subsection with a demonstration of how the arguments under-
lying Proposition 5.6 can be extended to the case where ®(N, M) vanishes in the
M = o(N?/?) regime for some 0 < y < 1 (in line with the rate of concentration in
Theorem 2.11), highlighting the fact that the bottleneck posed by hypothesis (H1) is
purely due to the method of proof used in Section 5.2.
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Lemma 5.8. If there exists 0 < y < 1 such that

MZ
q)(N,M) = W’

then for M = o(NY/ Y3 there exists T a sequence in N such that
2

™
max{MCD(T, M), —

Proof. We show that M = o(N?/(?7+3)) is the optimal rate for which there exists 7'
such that the error terms in question vanish at large N. Weset M = N¥and T = N”

b—>o.

for some yet to be determined constants 0 < x, y < 1. We have that

M3
MO(T. M) = 5 =0 x<%

and
TM? 1-—
— 0 <— x<T.

The curves bounding these regions intersect precisely when

3
2y 43

y

Therefore, for any € > 0 sufficiently small, both error terms limit to zero upon setting
x=y/QRy+3)—€eandy =3/2y +3) —€. ]

Remark 5.9. Notice that even upon assuming that a rate of M = o(N?/2) is sufficient
for the error term ®(N, M) in the Ay cavity bound (5.46) to vanish at large N,
one requires the slower rate M = o(N?/2¥*+3) for the equivalent error term of the
accompanying Ay cavity bound (5.47) to also vanish as N — oo.

5.4. Proof of Proposition 2.8 and Theorem 2.1

We now conclude this paper by giving a brief demonstration of how the above results
constitute a proof of Theorem 2.1. The majority of the argument is in fact a proof of
Proposition 2.8, which combines with Proposition 2.7, proven in Section 4.1, to give
Theorem 2.1.

Proof of Theorem 2.1. Throughout this paper, C has stood for a generic finite positive
constant independent of N, M, and the truncation parameter 7" of Lemma 5.5. Noting
that each inequality of this paper involving C remains true upon arbitrarily increas-
ing C, we now take C to be large enough such that every such inequality is true for
the same choice of C. Then, setting

SN = min{0.9, max{N‘l/g(CeCMz)S/g, (C2InN/(8C + 9))4N—1/(80+9)}}
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in order to satisfy the hypotheses of Proposition 5.4 and Corollary 5.7, we have by
said proposition and corollary that

A
lim sup i < sup FP¥(q.2),
N—o0 q€[0,p]

A
lim sup il < sup FlRS (g, 7).
N—o00 q€l0,p]

Thus, by Theorem 2.9, there exists some 0 < o < 1 such that

~ A A
limsup Fy(A) < o limsup =Ny (1 — ) lim sup =t
N —o00 N —o00 M N —00 N

< sup FFS(q.h).
q¢<[0,p]
Proposition 2.8 hence follows from inequality (4.16), which we recall is a straight-
forward consequence of Lemma 4.2. Combining Proposition 2.8 with the result of
taking the limit infimum in Proposition 2.7 finally shows that

limsup Fy (1) < sup Ff5(g,A) <liminf Fy(}).
N—oo q€l0,p] N—o0

This is equivalent to Theorem 2.1. ]

A. The replica symmetric potential in terms of mutual information

Consider the vector Gaussian channel

y=+VA0x9+z (A.1)

with z € RM a standard Gaussian vector and xo ~ Px, . Inspection of the replica
symmetric potential (2.2) reveals that it is closely related to the free entropy of this
vector channel. Indeed, the intuition behind the replica method is that the size N,
rank M spiked Wigner model (1.1) is, up to the regularization term —(A/4M) Tr Q2,
statistically equivalent to the mean field model corresponding to N replicas of the
channel (A.1); the quadratic interactions within the X ¢ X g term of (1.1) are accounted
for by the order parameter Q, which is eventually seen to play the role of the averaged
overlap matrix E; (xxg)Rs (see Lemma 3.1).

To rewrite the replica symmetric potential in the form (2.9), we study the vector
channel (A.1) from an information theoretic viewpoint. Thus, begin by recalling that
the differential entropy [21] of a random vector X ~ px (X)) is defined as

HOO == [ npx (X) dpx(X),
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Then, the mutual information between x o and the output y of the channel (A.1) is
I(xo:y) = H(y)— H(y | xo) = H(VAQxo +z) —H(z):  (A2)

it is a standard result that H(z) = M In(2mwe)/2. By Bayes’ rule, the first term in the
right-hand side of equation (A.2) reads

H(@xo +z) =H(y) =-E; 4, ln/RM IP’Y|X(y(x0,z) | x) dPx am(x).

Conditionally on xg, the data y is Gaussian distributed with mean /A Qxy, so the
above expression for the entropy reduces further to

H(\/ )tQ Xo + Z)
1
=—E;x, ln/M exp<—§||\/)LQx0 +z— \//\Qx||%) dPx m(x)
R
M
+ > In(27)
A
=—Ezx, ln/ exp(\/xxT\/ 0z + Ax]0x — ExTQx) dPyx ar(x)
RM
1 , M
+ EEz,xOH VAQxo +zllg + 5 In(27).
Since x and z are independent and z has identity covariance, we have that

E:xo|| VAQ X0 + 2|7 = AEz x[x] Qx0] + M.

Moreover, we have by hypothesis (H2) that our prior distribution on x factorizes as
Px.m = IP’)?M according to (2.1), so

Ez,xo[ngxO] = ATTQE[Xoxg] =ApTrQ,

where we recall that p denotes the variance of Py . Thus, returning to equation (A.2),
we find that

p
I(x0;y) = —Ezx, ln/ eVITVOAXE Qe BTON 4By iy (x) + T Tr Q.
RM

Comparing this expression to the definition (2.2) of F A]}S(Q, 1), and completing the
square to write Tr Q% —2p Tr Q = ||Q — pIy||2 — Mp? finally shows that

1 A A
FAI}S(Q,A) = —Ml(xo; VAQ xo +z) + ﬁTrQ - mTer
1 A Ap?
= —Ml(xoi VAQ x0 +2) Y 10 — pImll7 + s
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