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ABSTRACT

Matrix denoising is a crucial component in machine learning, offering valuable in-
sights into the behavior of learning algorithms (Bishop & Nasrabadi} |2006). This
paper focuses on the rectangular matrix denoising problem, which involves esti-
mating the left and right singular vectors of a rank-one matrix that is corrupted by
additive noise. Traditional algorithms for this problem often exhibit high compu-
tational complexity, leading to the widespread use of gradient descent (GD)-based
estimation methods with a quadratic cost function. However, the learning dynam-
ics of these GD-based methods, particularly the analytical solutions that describe
their exact trajectories, have been largely overlooked in existing literature. To fill
this gap, we investigate the learning dynamics in detail, providing convergence
proofs and asymptotic analysis. By leveraging tools from large random matrix
theory, we derive a closed-form solution for the learning dynamics, characterized
by the inner products of the estimates and the ground truth vectors. We rigorously
prove the almost sure convergence of these dynamics as the signal dimensions
tend to infinity. Additionally, we analyze the asymptotic behavior of the learn-
ing dynamics in the large-time limit, which aligns with the well-known Baik-Ben
Arous-Péchée phase transition phenomenon (Baik et al., 2005). Experimental re-
sults support our theoretical findings, demonstrating that when the signal-to-noise
ratio (SNR) surpasses a critical threshold, learning converges rapidly from an ini-
tial value close to the stationary point. In contrast, estimation becomes infeasible
when the ratio of the inner products between the initial left and right vectors and
their corresponding ground truth vectors reaches a specific value, which depends
on both the SNR and the data dimensions.

1 INTRODUCTION

Matrix denoising involves recovering a signal matrix P € RP*™ from a noisy observation X =
P + Z, which is a fundamental challenge in statistics with broad applications in image processing
(Pedersen et al., [2009; |Cordero-Grande et al.| [2019)), genomics (Leekl 201 1)), wireless communica-
tions (Couillet & Hachem,|2013)), and other fields. This model is typically referred to as Johnstone’s
spiked model (Johnstone & Paull |2018)), when the noise Z is a random matrix whose dimensions p,
n are large and comparable, while P is a deterministic matrix with rank » < min(p, n). Extensive
research (Ding & Yang, [2021}|Couillet & Liao} 20225 Bao et al., [2022; [Liu et al.,[2025a) has shown
that in high-dimensional settings, the left and right singular vectors of X corresponding to its top
singular values could be utilized as the estimate for P.

However, when the dimensions p and n are very large, the singular value decomposition (SVD)
of X suffers from intolerable storage and computational overhead. To address this issue, iterative
optimization and learning methods have been developed (Bjorck et al.L[2015)), among which gradient
descent (GD) plays a crucial role not only in matrix denoising but also many machine learning
problems. In particular, understanding the dynamics of GD is essential in explaining the remarkable
performance of today’s deep neural networks. Inspired by this, we aim to analyze the learning
dynamics of the GD-based rank-one signal estimation algorithm in this work.
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1.1 RELATED WORKS

Research on matrix denoising typically studies low-rank deformed random matrix models. Two fun-
damental and widely studied variants are the spiked Wigner model (Benaych-Georges & Nadakuditi,
2011)) and the spiked Wishart model (Benaych-Georges & Nadakuditi, 2012)). The seminal work by
Baik, Ben Arous, and Péché (BBP) (Baik et al., 2005) revealed that the extreme eigenvalues and as-
sociated eigenvectors of X undergo a BBP phase transition as the signal-to-noise ratio (SNR) varies.
This pioneering result has since been generalized to a wide range of statistical models for signal esti-
mation, including those with correlated noise (Zhang & Mondelli,2024;|[Ding & Yang, 2021} |Gavish
et al., 2023), random features (Liao & Couillet, 2018), puncturing (Couillet et al., 2021)), random
projections (Yang et al.| 2021)), among others. A key commonality across these studies is the use of
extreme eigenvalues and eigenvectors for signal recovery.

The aforementioned studies primarily focus on the “static” or asymptotic performance of matrix
denoising. Iterative algorithms for such low-rank signal recovery problems have also been estab-
lished. Under the information-theoretic framework (Korada & Macris, 2009} |Lelarge & Miolane)
2017), it can be shown that approximate message passing (AMP) can achieve minimal mean-square-
error, and the corresponding SNR boundary has been determined (Barbier et al.| [2016; |Lesieur et al.,
2017). However, AMP generally requires specific prior distributions and is often tailored to partic-
ular problem settings.

Another effective iterative algorithm is GD. Unlike AMP, GD does not rely on prior information
and can be applied to a broad range of problems (Pretorius et al., 2018). The dynamics of GD are
also crucial for understanding machine learning processes. Nevertheless, results on the learning
dynamics of GD-based estimation are very limited. The most relevant work in the literature is
(Bodin & Macris, [2021]), where the authors studied the rank-one matrix denoising problem for the
deformed Wigner model. In particular, a closed-form solution for the learning dynamics is obtained
for the case where P and Z are symmetric. However, the symmetric structure for the noise may not
be available in practice, where the observed data typically consists of a sequence {x; }, and the data
matrix X = [@1,...,x,] is rectangular (the deformed Wishart model). Unfortunately, the overall
learning dynamics for this deformed Wishart model with general structured P and Z have not been
fully understood in the literature. This work aims to fill this research gap.

From a technical perspective, obtaining analytical solutions for the dynamical behavior of the
Wishart model is significantly more challenging than that for the Wigner model, due to its struc-
tural asymmetry and the higher order of the governing differential equations. To overcome these
difficulties, we employ methods from large random matrix theory (RMT) to construct approximate
solutions. For a comprehensive treatment of the relevant techniques, we refer the readers to (Bai
et al., 2010; [Pastur & Shcherbina, 2011 [Yao et al.l 2015; [Erdos & Yau, 20177} |Vershyninl 2018;
Couillet & Liao, 2022 [Tao, 2023). Our approach was specifically motivated by the almost sure
boundedness of extreme eigenvalues of random matrices (Yin et al., |1988; Bai & Yin, [1993) and
strong convergence results for the resolvents (Bai & Silverstein, [1998}; [1999).

1.2  CONTRIBUTIONS

The main contributions of this work are summarized as follows.

* We obtain the deterministic approximations for the evolution of the inner products between
the learned vectors and the ground truth, which are in closed-form. Moreover, we prove
that, as the dimensions of the observation matrix approach infinity, the empirical evolution
processes will converge almost surely to the deterministic approximations.

* The learning dynamics are described and analyzed through a set of differential equations
that involve complex variables and contour integral conditions. We investigate the analyt-
ical properties of these equations. Specifically, we demonstrate that the solution admits
integral representations with respect to certain class of transition kernels. Furthermore, we
establish the existence and uniqueness of the solutions for the concerned equations.

* We investigate the asymptotic behavior of the learning dynamics in the large-time limit. It
is observed that there exists a critical threshold, below which the estimation becomes quite
challenging. This phenomenon is analogous to the well-known BBP phenomenon. How-
ever, the BBP phenomenon concerns the square of the inner product, which is unsigned,
but we derive a signed result and reveal its relationship with the initial conditions.
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1.3 NOTATIONS AND ORGANIZATION

Notations: Throughout the paper, lowercase and uppercase boldface letters represent vectors and
matrices, respectively. I, represents the identity matrix of size n. For two vectors a and b, their
inner product is defined as (a,b) = a'b. Let R, and R, denote the sets R, = {z : z > 0}
and R, = {x : > 0}, respectively. The notation C(A) represents the set of continuous functions
defined on A. The norms |||, [|[| . [|ll¢(4)> @nd ||-| 7, denote the £5-norm for vectors, Frobenius
norm for matrices, supremum norm of continuous functions on A, and the total variation of signed
measures, respectively. The indicator function is denoted as 1{-} and the Dirac measure at a point
x is denoted as §(x). Notation (f * g)(t) = fg f(t — a)g(a)da represents the convolution of f(t)
and g(t). The function (z)™ = max(z,0). The sign function is denoted as Sgn(z) = 1{z >
0} — 1{x < 0} and = represents almost sure convergence.

Organization: The rest of the paper is organized as follows. In Section 2] we introduce the problem.
In Section [3] we state the main results, including the closed-form deterministic approximation for
the learning dynamics and the asymptotic behavior with long-term learning. The implications and
potential applications of the main results are also discussed. Experiment results are given in Section
and Section [5|concludes the paper.

2 PROBLEM SETUP

We consider the following rank-one Jonstone’s spiked model

X =Z+ \-uv*| e RPX" (1)
where X is the observation and Z = (Z;;) denotes the random noise matrix that contains indepen-
dent and identically distributed (i.i.d.) elements with mean zero and variance n~'. The unit vectors
u* € RP and v* € R" represent the directions of the left and right ground truth signals, respec-
tively. The parameter A € (0, c0) denotes the SNR (Zhang & Mondelli, [2024). The main target is

to estimate the signal components (u*, v*) from the observation matrix X in high dimensions. To
this end, we consider the following cost function (Nadakuditi, 2014)

1
H(u,v) = 3 HX — uvTH;. )

According to the Eckart-Young-Mirsky (EYM) theorem (Eckart & Young, |1936)), the optimal solu-
tion to the optimization problem
(ueym7 'Ueym) = arg min H(ua ’U), (3)
lull,=llvll,=1
is given by (Ueym, Veym) = (U1, 1), where @1 and ¥, denote the left and right singular vectors of
X corresponding to the largest singular value.

When both the dimensions p and n are very large, iterative methods such as power iteration and
GD-based optimization are utilized to compute the top singular vectors (Martinsson & Tropp}[2020).
While power iteration exhibits rapid convergence under high SNR conditions (Wu & Zhou, |2024),
its effectiveness is often problem-specific and relies on favorable spectral gaps. In contrast, GD
offers wider applicability and greater flexibility across diverse problem structures. Given the initial
point (wg, vg) with ||ug||2 = ||voll2 = 1, when the step size is small, the discrete process of GD can
be approximated by the gradient flow (L1 et al.,[2017; [Liu, [2017), given by

d [us| _[Projy, (VuH(us,vy))
pn [’Uj = —grad(H(ue, vy)) = — proj,, (V,,’H(utf, 'utt)) ) “4)

where grad(-) represents the Riemannian gradient operator (Gess et al.l [2024) and proj,(y) =
(I — xx ")y denotes the projection onto the tangent space. We note that (@) enforces the unit
norm constraint on u; and vy, and the detailed proof is given in Appendix [C] During the learning
process, the inner products between the ground truth and the estimates, i.e., ¢, (t) = (u*,u;) and
¢ (t) = (v*, vy), are of interest. In particular, by ||z* — ac||§ = 2 — 2 (x, &™), the inner product is
equivalent to the distance.

In this work, we aim to derive the deterministic approximations for ¢, (t) and g, (t). To facilitate the
analysis, we make the following assumptions.
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Assumption 1. As n — oo, the ratio p/n — ¢ > 0.

This assumption is common in the study of high-dimensional random matrices (Bai et al., 2010; Cui
& Zdeborovadl [2023; |Ham et al., 2025). Here, p = p(n) can be viewed as a sequence indexed by n.
In the following, we use p, n — oo to denote this asymptotic regime.

Assumption 2. The random matrix Z has i.i.d. entries such that E[Z;;] = 0, E[|\/nZ;; |2] =1, and
4

More rigorously, the elements Z;; = n=1/ QXZ-j are sampled from a double array {Xij}i’j%,
where X, ;s are standardized i.i.d. random variables. This assumption is general and distribution-
independent. The fourth-order moment condition is to ensure that the largest singular value of Z is
almost surely bounded (Yin et al., 1988} |Bai & Silverstein, [1998)).

3 MAIN RESULTS

3.1 LEARNING DYNAMICS

Our goal is to obtain a closed-form solution for the inner products ¢, and g, in high dimensions. We
note that ¢,, and g,, are random processes, and will demonstrate that these two random processes will
almost surely converge to two deterministic processes, which have closed-form expressions. These
deterministic processes can be described by the integration of certain “basis” functions with respect
to the famous Marcenko-Pastur (MP) measure (Marcenko & Pastur, |1967)

Ve — (1= v [(1+ 22 —a

2mex

p(dz) = (1 —cH)T6(0) + dz. ®)
To simplify the notation, we define the co-MP measure p(dz) = (1 —¢)§(0) + cu(dz) and the basis
functions N

Cra(t) = cosh(v/at), faa(t) = ﬁ
1

7 sinh(v/xt), {€4.(t) = cosh(2/zt). (6)
Theorem 1. (Deterministic Approximations for q,, and q,) Let ug € R? and vy € R"™ be the initial
vectors with unit norms and define o, = ¢,(0) = (up,u*) and o, = ¢,(0) = (v, v*). Under
Assumptions[I|and 2] we have, for any T > 0

sinh(2/xt),

U3 () =

sup |gu(t) = Gu(t)] —=— 0, sup |qu(t) = Gu(t)] —=— 0, o
0<t<T p,n—o0 0<t<T p,n—0o0

where G, (t) = Gu(t)/+/D(t) and q,(t) = §,(t)/\/D(t). Here, the deterministic functions q,(t),
Gv(t), and p(t) are defined as

Ay

qu(t) = A T (03,2 % 3,9, ) (H)p(dx) + awMls g, (t)

- 2D [ 10, ¢ o) O0d) + b0, 1) ®
B(0) = =57 [ ol s,0,) ()(da) + 2o, (1)

- 2D [ (s o)) + a0, ®

t
Bt) =142 / Guv(a)da
0

+ /0 da /R (dz) {20\ (Go - £1,2) (@) + 2X°Gu (a) - (G * 1.2)(a) } (10)

4
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() = [ atan(®)lu-+ ()
2 [ 0 D@ 00.0) 20 + G- o 00)] #2210} (o)
L2 / A [@ - lr,2) * Goa)(8) + N[ (G 01.2)] * o] (1)} pu(da)
+ / (@ - la.0) % as)(8) + NG @ L )] * Laa](1)} pda)

+ /Rm {Aaw[(@u - l3,0) * La0)(t) + NG - (G * £3.2)] * ly5)(t)} p(dz), (11)
with 9y = (1 + A?)(c+ \?)/\%

Proof: The proof of Theorem |T]is given in Appendix O

The expression for the evolution dynamics ¢, (¢) and g, (¢) involves a large number of integrals and
convolution operations. However, since the MP measures  and i have bounded support and density
functions, the terms @, (t), ¢, (¢), and p(t) can be computed numerically for finite ¢. Specifically,
by equally partitioning the intervals [0,¢] and [(1 — /c)?, (1 + v/¢)?] into N, and N, grid cells
respectively and applying the standard rectangle method to approximate the integration, the overall
computational complexity is at most O(N2N,.). Crucially, this complexity is polynomial and de-
pends only on the discretization parameters /Ny and N, which are not prohibitively large for the
moderate values of ¢.

An interesting observation is that when both «,, and «,, are zero, the inner products will be approx-
imately zero throughout the learning process. This phenomenon can be intuitively explained by the
gradient flow @). When u, and u*, as well as v; and v*, are orthogonal, their gradients are given
by

d’Ll;t d'Ut

dt dit
This indicates that vectors u; and v; will only run along the directions spanned by projection of the
noise and fail to learn ground truth. In Section[3.2] we will provide a more general condition under
which learning fails in the large-time limit.

= (I, — wyu/ ) Zv, = (I, — v ) Z T u,. (12)

Theorem [I] has several potential applications, as discussed in following remarks.
Remark 1. (Early Stopping Strategy Design) Consider the task of estimating the high-dimensional

signal directions u* and v*. Assume we know the SNR \ and the observation matrix X. Addition-
ally, there is a performance requirement

min {(ug, u*), (v, v")} =7, (13)

for a given threshold v € (0,1). Let ¢ = p/n be the estimator for c. According to Theorem
the deterministic approximations only depend on (¢, A, c,, «y,). Thus, the following stopping time
estimator can be constructed

oy, o) = inf {t > 0 : min {Gu (1), 4o (t)} = 7} . (14)

We note that tA(ozu7 a,) can be computed by line search method after obtaining q,, and q,. As a
result, the computational complexity remains dominated by O(N2N,). Furthermore, if we know
the prior information about (u*,v*) (Aubin et al||2021), we can design the statistically optimal
stopping time. For example, set t* = E,, o, [t(0w,ow)].  We note that in practice, knowing the
exact SNR may be too restrictive. Fortunately, this method can also be extended to situations where
A € 1 for some known interval 1. From a robustness perspective, we can set t;, = supycrt* to
determine the stopping time.

Remark 2. (SNR Estimation) Consider the task of estimating the SNR \. Assume the signal direc-
tions (u*,v*) are known. Applying gradient flow, we obtain the following estimator

Ao, ") = argmin | w') = @@ legory + 100 0%) = @Olleqory, (9

for givenT' > 0.
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We also have the following technical remarks.

Remark 3. The expressions for q, and q, can be further simplified. For instance, in (), the term
(U35 * £3,9,)(t) in the integration can be computed directly since the basis functions are linear
combinations of exponential functions. Similarly, the term (G, * {1 ,)(t) on the right-hand side
(RHS) of (I0) can also be simplified by interchanging the order of the MP integral and convolution
according to Fubini’s theorem. These simplifications can significantly reduce the complexity of the
numerical evaluation.

Remark 4. (On the Role of G,,,) The function g, , can be used to characterize the correlation
between the estimates (ug, v;) and the random noise Z. In particular, it can be verified by the proof
in Appendix|[D|that

SUp | Gu,u(t) — (ue, Zvy)| 2% 50, (16)
0<t<T p,n—00

where Gy (t) = gu,v(t)/ﬁ(t)'

Remark 5. In the field of statistical physics, the Crisanti-Horner-Sommers-Cugliandolo-Kurchan
(CHSCK) equation is utilized to describe the behavior of Langevin dynamics in the spherical p-
spin glass model (Sarao Mannelli et al., 2019; |2020), which accounts for more complex mixed
matrix-tensor structure and gradient noise. The loss function considered in the concerned rank-one
matrix recovery problem can likewise be interpreted as the Hamiltonian of a corresponding spin
glass system. However, the CHSCK equation is implicit and its solution is purely numerical, as it
involves full-time correlations and requires solving functional fixed-point equations for the Lagrange
multipliers. In contrast, Theorem |l| provides a closed-form expression for the dynamics, offering
a more tractable framework for understanding the learning behavior. ~ Furthermore, Theorem [I|
has the potential to be extended to the case of stochastic gradient descent within the framework
of stochastic calculus on manifolds (Da Prato & Zabczykl 2014} |Gess et al., |2024), yielding more
general results, which are left for future investigation.

Remark 6. (Comparison with (Bodin & Macris, |2021)) The proof strategy of Theorem|l|is similar
to that in (Bodin & Macris, 2021). Specifically, we first construct a system of differential equations
for the characteristic functions using the resolvent, and then solve it via the Laplace transform.
However, the analytical properties and the existence and uniqueness of the solutions to the charac-
teristic equation were not investigated in (Bodin & Macris, [2021). We note that these properties are
important (Hachem et al.| [2007). Specifically, the governing system (@3] describes the dynamics of
the inner products, so the uniqueness of the solution to (4)) does not guarantee that of the solution to
the constructed system. We show that this solution admits an integral representation via a transition
kernel and is unique under the given representation (cf. Theorem E]) Substituting (u, v:) from @)
into the constructed system automatically satisfies the integral representation, which provides a rig-
orous theoretical guarantee. This framework can also be applied to study the learning dynamics of
other problems (Bordelon et al.| |2020; |Loureiro et al., |202 1} |Paquette et al., {2024, 2021). Further-
more, in contrast to the Wigner model, the rectangular model involves correlation terms between the
random matrix and its resolvent. The almost sure convergence of the bilinear form is established in
(B6), which is not yet available in the literature. Additionally, the poles of the Laplace transforms
are of higher order and are implicitly defined for several terms, which makes the problem more
challenging.

Theorem I]is derived for the continuous gradient flow. However, in practical applications, GD with
a finite learning rate is widely employed. A natural question is whether this framework can be
extended to the discrete-time setting of GD. The following remark shows that the gap between the
discrete and continuous processes is small. The detailed proof is given in Appendix [E]

Remark 7. (Continuous to Discrete Process) Consider the initial point (Wg, Vo) such that ||ug||2 =
||[voll2 = 1. Assume the following canonical Riemannian GD update

retrg, (—1 - projg, VoM (U, Ur))

(,
retry, (—77 . proj;,kvvfi’-l(ﬂk,?)k)) - 4D

Up i1
Vk41

] = retr (g, 5,) (—n - gradH (ug, vy)) =
where the retraction mapping 1etr (y, 4 is given by 1etr(y, ) (Tw, Yu) = (retry (xy), retry (y,)) =
(tTy v+yuH2 ), and n represents the learning rate. Then, for any given T > 0 and n > 0,

lutzullz? lv+ye i
there exists a constant C' > 0 such that the following bound

max [t = iyl 196 = vinll,} < Cln+177), 18
OékgL%j{H k k"H? [0 ’ﬂ7||2} (n+n7) (18)
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holds with probability 1 for large p and n. Here, (u;, v;) denotes the solution of {@) under the same
initialization, i.e., (ug,vg) = (Wg, Vo). The above result demonstrates that in high-dimensional
settings, the continuous gradient flow serves as a good approximation to the discrete GD over a finite
time interval |0, T|. Therefore, we can characterize the behavior of GD by studying the dynamics of
the system (d).

As discussed in Section[2] the loss function # (u, v) reaches the global minimum at (@1, 1) by the
EYM theorem. We have the following corollary regarding the learning dynamics of the gap between
the loss function and its optimal value.

Corollary 1. (Deterministic Approximation for the Loss Function) With the same settings as Theo-
rem[l] we denote

1 1 PR
Hww) = | X — o= 5 | X = @d] ||, (19)

Further define A\, = max(c'/*,\) and 9y . = (1+ X2)(c+ A\2)/\2. Then, we have, for any T > 0,

sup |H(us, v2) = H(t)| —= 0, (20)
o<t<T p,n—00

where H(t) = \/Ux.c — Guw(t) — Aqu(t)Go(t).
Proof: By algebra, we have

1 1 5 PN
H(wg,ve) = 3 Tr(X — utv;—)(X—r — vtu:) ~3 Tr(X — ﬁlvf)(XT - 'vlu;r)
= <'171,X’l71> - <ut;X'Ut> =01 — <Ut, Z’Ut> - )\Qu(t)%(t)a 2D

where o1 denotes the largest singular value of X. According to (Liu et al., [2025b, Theorem 2),
the largest eigenvalue of X X T converges to 1 . almost surely, as p, n — co. This implies o1 —

v/¥,c almost surely, by the continuous mapping theorem (Van der Vaart, 2000, Theorem 2.3).
Using Theorem ] and (I6)), is proved. O

We note that the loss functions H in (2) and A in (T9) are equivalent since the second term on the
RHS of (I9) can be viewed as a constant. From Theorem [I] and Corollary [T it can be observed
that the learning dynamics is rotational invariant. In particular, for any @, @, € [—1, 1], all initial
points (ug, vo) satisfying (ug, u*) = @, and (vg, v*) = @, exhibit asymptotically same learning
dynamics, i.e., the same evolution of the inner products and the loss function.

3.2 LARGE-TIME LIMIT

The following theorem demonstrates the asymptotic behavior of the deterministic approximations
gy, and gy, as t — oo.

Theorem 2. (Asymptotics of the Learning Dynamics) Define T = Sgn{ \/% + \/%} As
t — 00, we have

1—ch

L~ o 1—cr™
Jim g, (t) = q;° =1~ T 1{\ > ¢'/4). (23)
Proof: The proof of Theorem [2]is given in Appendix [F O

From Theorem we can observe that when \ < c'/4, the gradient flow estimation is asymptotically

trivial as G, G, — 0. When X exceeds ¢'/%, a phase transition occurs, indicating that ¢!/4 is the
critical threshold for estimation. This phenomenon is consistent with the well-known BBP phase
transition. In the following remarks, we compare Theorem [2] with the BBP phenomenon and discuss
the potential applications. We note that although Theorem 2|is established for a continuous process,
the BBP transition phenomenon can also be extended to GD with a small learning rate by (T8).
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Remark 8. (Comparison with BBP Phase Transition) Recall t, and v are the left and right singu-
lar vectors of X corresponding to the largest singular value. According to the BBP phase transition
(Baik et al.} 2005)), we have

~ « a.s. L—c™

(@, ) 2% g 1 > (24)
o~ a.s 1_ A_4

(B, v*) 2 —2= 1A > ey (25)

pmn—oo 1+ A2
. . . . . Qy Qg

The major difference between 24)-@23) and 22)-@23) lies in the sign and the case Tt e =

0. This indicates that if we have prior information about the initial points o, and o, it is possible

to determine the confidence intervals for the signs, thereby estimating the directions of the ground

Ay

X . ) o o S
trufh wz.th gradient flow. In the experiments, it will be shown that when i + WorErdi 0, the
estimation becomes difficult.

Remark 9. (Estimation for A < ¢'/*) Even when §,, §, — 0, there is still a chance to estimate the
signals. Assuming we have prior information about v, and ., similar to Remark[l} we can set

ton, ay) = arg max {|qu(t)] + g ()]} , (26)

t=

and design the learning time according to tA(ozu, o).  We note that when the prior distribution of
the ground truth (u*,v*) is known, the critical threshold for iterative algorithms like AMP may be

lower than ct/4 (Lelarge & Miolane, |2017).

We also have the following phase transition phenomenon regarding the asymptotic behavior of the
loss function.

Corollary 2. Define J = 1{ 2= + 22— = 0}. Ast — oo, we have

VA2+1 VA2+c
Jim H(t) = 7 - [V/ne =1 el 27)
—00
Proof: The proof of Corollary [2]is similar to that of Theorem [2and thus omitted. O

Recalling 9. 5 = (1 + A2)(c + A2)/)\2, it can be observed that when the SNR is smaller than the
critical value, 9.\ = (14 +/c)? and the loss tends to 0 as the learning time increases. With random
initialization, we often have P(J = 0) = 1, indicating that GD can reach the global optimum and
avoid saddle points in spherical low-rank signal estimation. In the case of tensors, GD could be more
efficient, as the number of saddles on the tensor manifold grows exponentially with dimensionality
(Subag & Zeitounil, 2017} [Auffinger et al.|, [2013)). Furthermore, Corollary 2] implies that if 7 # 1

and )\ > c!/4, we have
o 1 A+ A2 +1
. G (t) = A [\/)\2 1T \/)\2 +c

Note that g, ,(t) approximates the correlation between the estimates (u;, v;) and the noise, i.e.,
Gu.v(t) = (ue, Zvg). As A — oo, the RHS of the above equation tends to 0, indicating that higher
SNR leads to reduced dependence between (u;, v;) and the noise.

(28)

4 EXPERIMENTS

In this section, we verify the accuracy of the theoretical results. The simulation results are generated
using GD, where the update rule follows with a learning rate of = 0.005.

Accuracy of the Deterministic Approximations: Figure[T|shows the loss function and inner prod-
uct dynamics compared with their deterministic approximations. The parameters are set as p = 900
and n = 1200. The ground truth vectors are set as follows: the components of u* and v* are in-
dependently drawn from a standard Gaussian and Bernoulli distribution with p = 0.3, respectively.
Both vectors are then normalized. The initial points are set as ug = (10u* + 2z1)/ || 10u* + 21 ||,
and vg = (5v* + z2)/||5v* + 225, where 21 € R? and z; € R™ are random vectors with i.i.d.
standardized Gaussian elements. In Figures [laHjlc| the SNR is set to A = 0.3, which is below the
critical threshold ¢'/%. In contrast, in Figures ml the SNR is setto A = 1.5 > ¢/, By comparing
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Figure 2: Learning Dynamics with Different SNR Values .

the dark-colored lines and the light-colored lines, it can be observed that the deterministic approx-

imations g, ¢, and ?H are accurate, which validates the accuracy of Theorem |1| and Corollary
Additionally, it can be seen that the deterministic approximations become more accurate as the SNR
increases. This is because, when the SNR is lower, the random noise Z dominates, thus ¢,, g, have
more randomness. By comparing the asymptotic values (dash-dotted lines) with the deterministic
approximations, the accuracy of Theorem2]is verified.

Impact of the SNR: Figure 2] illustrates the theoretical learning curves with different SNR values.
The parameters are set as ¢ = 0.5, o, = 0.211, and o, = —0.121. It can be observed that when
A < V4 =0.841, Gy and @, approach to 0 as ¢ — oo. However, when \ > A4, they converge
to go° and ¢5°, respectively, which are positive for the concerned case. This validates the accuracy

of Theorem [2|in terms of the sign of the limits, because \/f‘;ﬁ + ca+ 5 is strictly positive for all
A€0.1,2].

It can be observed that as the SNR increases, the GD-based algorithm learns the hidden information
(u*,v*) faster. From the third sub-figure in Figure |2} we note that although the loss may be larger
during the early learning stage with higher SNR, it eventually decreases to a lower level during the
training. This indicates that learning is a global process and a rapid initial decrease in loss does not
necessarily imply better final performance. Conversely, for data with high potential (correspond-
ingly, high SNR), the loss may not decrease significantly in the initial stages of learning.

Impact of the Initial Points: Figure [3] illustrates the learning curves of ¢, with different initial
values cv,. The parameters are set as ¢ = 0.5 and o, = 0.4. In Figure [3a] the SNR is set to
A= 1.5 > ¢'/%, while in Figure A = 0.2 < ¢'/*. The solid red curve corresponds to the case

where \/ﬁrﬁ + \/S‘JFT = 0, while the dashed red curve represents the line y = /5. — 1 — y/c.

The trend of the loss functions validates the accuracy of Corollary 2}
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It can be observed that the initial value affects the speed of convergence for A > ¢'/%. When a, is

2 . e .
close to —auy, 4/ g\zﬁ, the gradient flow converges more slowly, whereas when the initial value «,, is

near ¢;°, the gradient flow converges faster. This also provides insights on the learning algorithms.
Given the complex geometric structure of the loss surface, if the initial point is unfortunately located
near some “bad” regions, it may take significant efforts for the model to learn the hidden information
from the data, even though the loss decreases with GD.

5 CONCLUSIONS

In this work, we studied the GD dynamics of the rank-one matrix denoising problem. In particular,
we obtained closed-form deterministic approximations for the inner products between the learned
vectors and the ground truth, and proved that the random learning curves converge to the approxi-
mations almost surely. Additionally, we derived the asymptotic behavior of the learning dynamics,
which is consistent with the BBP phase transition phenomenon. Simulations validated the accuracy
of the theoretical results. Furthermore, it was observed that the gradient flow converges faster when
the SNR is higher and when the initial point is close to the stationary points. In contrast, there exist
“bad points” where learning is disrupted. If the initial value is near the bad points, it takes a longer
time to learn the hidden information even with high SNR.

The main results of this work, i.e., Theorems [T|and [2] have many potential applications and can be
further extended. Given the prior information about the initial points and the ground truth, these
results can be utilized to design early stopping strategies and develop SNR estimation algorithms.
In this work, we have established the almost sure convergence of the gradient flow dynamics, which
corresponds to the “law of large numbers.” The “central limit theorem,” i.e., the asymptotic fluc-
tuation of g, (t) around gy (¢), h € {u, v}, remains an interesting open problem. Such fluctuations
capture higher-order information about the test errors of learning algorithms. Moreover, the data
model considered in this work is rank-one and linear. Extending this analysis to multi-rank mod-
els and nonlinear data structures, such as random feature models, represents a more general and
challenging direction. From a practical standpoint, investigating these aspects would yield deeper
insights into the dynamics of learning.

10
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APPENDIX

A THE USE OF LARGE LANGUAGE MODELS (LLMS)

In this work, we utilized LLMs for grammar checking and text polishing to enhance the readability.

B MATHEMATICAL TOOLS

In this section, we introduce the mathematical tools used in our analysis along with related discus-
sions.

B.1 RESULTS ON CALCULUS OF FUNCTIONS

Lemma 1. (Gronwall’s Lemma) Let T' > 0 and h be a nonnegative bounded measurable function
on [0, T such that, for every t € [0,T],

t
h(t)<a+b / h(t)dt, (29)
0

for constants a = 0 and b > 0. Then, we have, for every t € [0, T,
h(t) < aexp|bt]. (30)

Lemma 2. (Final Value Theorem) Let f € C(R.y) be such that lim;_,.. e~ f(t) = A exists for

some a > 0 and A € R. Moreover, assume that g € C(R,.) satisfies [~ e~ *|g(t)|dt < oco. Then,
we have

lim e “(fxg)(t) = A- /00 e “g(t)dt. 3D
0

t—o0

Lemma 3. Ler f € C([a,b]) be such that f(b) # 0 and o« > —1. Then,

b «
- I, f(z)exp[y/xt](b — x)*dx _1 32)

T poyexplvar(a+ 1) (22)"

where I'(z) = [

o t*"!exp|—t]dt denotes the Gamma function.

Proof: The proof of Lemma 3]is given in Appendix |G| O

B.2 RESULTS ON RANDOM MATRICES

The deterministic approximation of the gradient flow relies on the convergence of the resolvent for
the covariance matrix of Z, which is defined as

Q(z)= (227 —2L,) ", (33)

where z € C such that Q(2) is well-defined. The co-resolvent is defined as Q(z) = (Z7Z —
zIn)*l. The convergence of the resolvent is a fundamental topic in RMT (Bai et al.|, [2010), as it
characterizes the spectral distribution of the random matrix Z. Recall ¢ = lim,, 5,0, p/n. Define
E_ = (1-+/)% E; = (1+ +/c)? and the set M = {0} U [E_, E.]. The following lemma
describes the asymptotic behavior of the resolvents.

Lemma 4. (Convergence of the Resolvents) Assume Assumptions|[I|and 2| hold and let w € RP and
v € R™ be deterministic vectors with ||ull, = ||v|, = 1. Let I be a compact set in C such that

dist(T', M) > 0. Then, we have,

sup |uTQ(z)u —m(z)| —22 40, (34)
o p/n—00
sup "UTQ(Z)’U - m(z)| 2% 50, (35)
ZEF — pP,n—00
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sup ‘uTQ(z)Zv’ —22 40, (36)
el P,N—00

where m(z) is the unique solution to

zem?(2) — (1 — ¢ — 2)m(z) + 1, 37
such that m(z) € Cy = {z: ¥(z) > 0} for z € C4, and m(z) = cm(z) + (¢ — 1)/ =.
Proof: When T is a singleton, the proofs for (34) and (33) can be found in (Bai et al.l 2010; [Couillet
& Liao, [2022)). The extension to a general compact set I' follows from an e-net argument and a

similar discussion as in (Bai & Silverstein| [1998] Eq. 3.23). The proof for (36) is given in Appendix
O

In fact, it can be shown that m(2) is the Stieltjes transform (Bai et al.,|2010) of the MP distribution.
Specifically, we have the integral representations

m(z) = / pde) oy = / uldz) (38)

) )
xr—Zz r—z

where

VE— BB —oF
2mex

3

p(dz) = (1 - cfl)+ 0(0) +

dz. (39)

C PROOF OF THE UNIT NORM CONSTRAINT IN GRADIENT FLOW

By the evolution in (@) and taking the derivative, we can obtain

d”utH; —92(u, du, = —2(uy, proj,, (VuH(us, vy)))
a Tt e R

-2 <ut, (I, — utu:)VuH(ut,vt» = 2(Hut||§ — l)u;rVu’H(ut,vt). (40)

For ease of notations, we define f,(t) = |lu.||* — 1 and g, (t) = u, VoM (s, v;). Thus, we have
fult) =2 fot fu(a)gu(a)da, which implies

ful) = Cexp (2 /O t gu(a)da) , 1)

for some constant C. Since f,(0) = 0, we have C' = 0 and ||ut||§ =1, for any t > 0. A similar

argument on ||v; Hg yields the same result. Therefore, we have proved that the unit norm constraint
is satisfied throughout the flow. O

D PROOF OF THEOREM

In this section, we will prove Theorem [I] The proof consists of four parts.
1. We first construct a system of differential equations for the characteristic functions (Stieltjes
transforms) associated with (@), which are more tractable.

2. We establish the existence and uniqueness of the solution with a specific integral represen-
tation.

3. Using Lemma [ we develop a deterministic approximation for the original system and
obtain a closed-form solution.

4. Leveraging the integral representation and the uniqueness property from Step 2, we show
that the solution to the original system converges almost surely to that of the approximate
system.
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D.1 DERIVATION OF A TRACTABLE SYSTEM OF DIFFERENTIAL EQUATIONS

We start by expanding the gradient flow in @) to

d fu| [ Xv, — uu) X,
dt X Ty — vtvtTXTut
[ Zv; + \u*v ’Ut — 'u,tu;'—ZUt — )\utut u*v*T

ZTut + \v*u* ut — vtvt—'—ZTut )\vtv—rv*u*—ru

_ [ Zve + Mg (t) = fun(t)u )
n _ZTut + Av*qu(t) — fu,v,)\(t)vt ’
where fu oA (t) = guo(t) + Agu(t)qu(t) and g, ,(t) = (u, Zv,). Directly solving the above

system is challenging due to its highly coupled nature. To this end, we define the inner products
(qu, qv) and the resolvent-related functions as follows

C():W* Q(x)u"), Cu(z) = (v",Q(z)v"), D ()—<U*,Q(Z)Zv*>,
( ) <ut> ( )U*> ) G (t Z) <Ut7 Q(z)v*> ) (t’ Z) <uta Q(Z)ZU*> ’
Eu(t,z) = (U, Q(2) Zvy), Tult,2) = (uy, Q(2)us), Tol(t,2) = (vs, Q(2)vy),
Iy (t,2) = <ut»Q(Z)th>~ (43)
The quantities defined in (@3] can be viewed as the characteristic functions (or Stieltjes transforms)
associated with the inner products. To illustrate this, consider G,, (¢, z) as an example. By selecting

a positively oriented contour I' that encloses all the eigenvalues of ZZ T, and applying Cauchy’s
integral formula, we obtain

27737{(; (t,2) = qu(t). (44)

To simplify notation, we define the symbolic variables set Spge = {Gu, Gv, Zu, vy Loy Lo, Iy w )
Using (@), we can derive the differential equations for each S € S,q.. Formally, we
introduce the following system of differential equations for the complex-valued functions
Gu7GvyEu;Ev7Hu,vaTu7T'u : RJr xC—C

D Gu(t,2) = 21,9 4 Mu(DCU() ~ Fun (DGl 2), (450)
DGult,2) = Zult,2) + A (DC2) — Fuun (G (1, 2) (45b)
%Eu(t, z) = qu(t) + 2G4 (t, 2) + Ao (t) Dy v(2) — fuwr(t)Eu(t, 2), (45¢)
%Ev (t, Z) = qu(t) + ZGu(t, Z) + )\Qu(t)Du,v(z) - fu,v,)\(t)Ev(ta Z)v (45d)
%Hu,v (t,2) = 2+ 2[Tu(t, 2) + To(t, 2)] + Alqw()Zu(t, 2) + qu()Eu(t, 2)]
= 2fu o)y (t, 2), (45e)
1 0
5 aTu(t,z) =11, (t, 2) + Ao (£) Gy (¢, 2) — fuox(t)Tu(t, 2), (450)
1 0
i'a’rv(taz):Hu,v(tvz)+)‘9u( )Go(t, 2) = fuwr(t)Yu(t, 2), (45g)
subjected to the initial conditions
S(0,z) = Bg(z), VS € Sode- (46)

There exists a bounded interval I C R such that for any given ¢t € Ry and S € Sy4e, 2 — S(t, 2)
is analytical on C\I. Additionally, the following constraints hold for all ¢ € R, and any positively
oriented contour I' enclosing 1

fuv/\()_guv +)\Qu<) v(t)

:——fG (t,2)dz, qu(z) = 2]%Gt2
T

I, (¢, 2)dz, —=— @ T, (t,2)dz=——— ¢ T,(t,2)dz = 1. (47)
r

gun(t) == 27y Jr 27y Jr

27r]
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D.2 EXISTENCE AND UNIQUENESS OF THE SOLUTION

A fundamental question is the structure of the solution to the system of differential equations (43]).
In the following theorem, we show that if the initial conditions Bg(z) for S € S,4e, together with
the functions C\,(2), C,(2), and D, ,,(z), admit certain integral representations (which include {@3)
as a special case), then the solution to exists and is unique within a certain family.

Before delving into the details, we introduce the definition of a “good transition kernel”. Specifically,
a function p : Ry x B(R) — R is called a good transition kernel if and only if

» Foreacht € Ry, u(t,-) is a signed measure on R with bounded total variation.

* The support is uniformly bounded: there exist £ < oo such that
sup sup{supp(u(t,-))} < E. (48)
t2

* For every Borel set A € B(R), the mapping (-, A) is continuous in the sense that
li ) — p(t+6,- =0. 4
5%“#( ) ) M( + 0, )”TV 0 ( 9)
Define the family of functions Sk as

w(t,dz)
T—2z

Sk = {f Ry xCr (C‘f(t,z) = / , 14 is a good transition kernel } . (50)
R

Theorem 3. Assume that functions C.,, C,, and D,, ,, admit the following integral representations

Cul2) = /R ko) ez = /R ked) ) = /]R toe 82 s

r—z r—z r—=z

where |1y, 4w, and LD . are non-negative finite measures supported over R.. Moreover, their
support is bounded, i.e, supp(uc, ), supp(pc, ), and supp(up, ) C [0, E] for some E < oo and
z € C\[0, E). Further, assume the initial conditions Bg, for S € Seyqe also have the integral

representations of the form
d
Bs(z) = / vstde) (52)
R L—Z

where vgs are finite signed measures supported in [0, E| and satisfy vy, (Ry) = vy, (Ry) = L.

Then, the system of equations @3)) admits a unique solution (G, Gy, =y, =, Iy v, Tu, Ty) € Sk.

Proof: We first establish the existence of local solutions via Picard iteration by inductively con-
structing the corresponding integral representations and proving the convergence of the underlying
measures. Choose the initial functions S° € Sy for all S € S,4. represented by good transition
kernels p%s, such that

0
SO(t,z):/M, VS € Sose, (53)
R

T—2
with u§ (8, Ry) = p§ (£, Ry) = 1forallt > 0and (0, ) = vs(:) forall S € Spqe. Suppose the
induction hypothesis holds for k. We then show that 1) S¥*1 € S; 2) the support of the underline

measures ulg s are bounded by F, and 3) ukH t,Ry) = k“ (t,R4) = 1 under Picard’s iteration
scheme. In particular, the iterate G, is given by

t
Gﬁ“(t,Z):BGu(Z)Jr/ Zu(a, 2) + Aqy(@)Cu(2) = fii y A(@)Gy(a, 2)da. 54
0

By the induction hypothesis, we can obtain

(dx) uE (a,dz) ¢ d
GEVI(t,2) = / ve.(dz) // e, (@, do)da +)\/ qf(a)da/ Ho.(dz)
R+ xr—z ]R+ xr —Z 0 ]R+ r—z

k
/ / fuv A (a,dx)d 7 (55)
Ry xr—Zz
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where ¢;(t) = p¢;, (t.R), q;(t) = n¢;, (. R). g5, (t) = piy, , (6 R), and ff, \(a) = gy ,(a) +
Mg (a)g¥(a). By Fubini’s theorem, we can construct the following iterative scheme for yc,

t
WLt A) = v, (4) + / WE (ay A) + Mg (@, (A) — £5 oA (@b, (0, Ada,  (56)

k+1(

for any Borel set A € B(R). The total variation for -) can be bounded as

16&E ) 7y < e llzy +/O 16, (a, )| 7y + 1 @) e, Ny

+ £ on@] ||, (@) 1y da, (57)

which is finite. The continuity condition #9) follows directly from the definition of the iteration

scheme. Since 1% (a, ) and vg,, (+) are supported over [0, E], the measure uéﬂ;l (t,-) also supported

k+1

over [0, E]. Therefore, ug " is a good transition kernel and GE*1 € Sk. By construction, the

relation S**1 € Sk for the remaining terms S € S,4. can be shown in a similar manner, and we
directly give the iteration scheme for the transition kernels as follows

t
pt(t, A) = ve, (A) + / pE (a, A) + Mgk (a)puc, (A) — i, \(a)ug, (a, A)da, (58a)
0
t
pett(t, A) = ve, (A) + / pE (a,A) + A (a)uc, (A) — fF, \(a)u&, (a, A)da, (58b)
0
0, 4) = v, () + [ o [ (o) + Mo, (00) — (@, (o),
(58¢)
0, 4) = v () + [ [l (0.0) + M@, (00) — i . 0),
(58d)
t
WL (8 A) = v, () + / da / iy (a,de) + iy (a,dz) + A (@), (a, do)
0 A
+ A (a)pz, (a,dz) — 2fF (a)pty, , (a,dz), (58¢)

WL A) = vy, (A) + 2 / da / B (a,da) + At (@), (a,dz) — £, (a)ik, (a, da),

t
P A = e ()2 [ da [ s, (ade)  Aab @y, (0.00) = fp (@, (0, da).
0
(582)

Obviously, for any p5*?, S € S,q4e, the support of the measure y -) is contained in [0, F].
Here, to show that ukH is a good transition kernel (the argument for ,u L and /ﬂff 1U is analogous),
we use the fact x < E and

k+1(

= Blue, (4 )y - 59

/ ar,ulév (t,dx)
A

By the induction hypothesis z% (t,Ry) = p% (t,Ry) = 1, we have

||x,u’év (t, -)||TV = sgp < Esip ‘/A ,u’év (t,dx)

t
MI’;‘+1( 7R+) =y, (R+) + 2/ ,U/’ﬁum (a7 RJr) + )\qf(a)ugu (G,R+) - lef,v)\(a)u']}:‘u ((l, RJr)da
0

t
—142 / d* (@) + A¥(@)g (a) — 1%, \(a)da = 1. 60)
0

The relation uk“ (t,Ry) = 1 for any ¢ follows analogously. This completes the inductive step, and
we have thus constructed sequences {S*}>¢ in Sk.
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Next, we will prove the existence of the local solutions. By the continuity of the kernels, we can
choose a sufficiently small positive number 7' > 0 such that for any k£ > 0, the following holds

S max {5 () = vsOllgy s 1) [}y, < Uy VS € Soaes

sup |fu A0 < U, (61)
0<t<T

where U > 0 is a constant. In fact, the bounds (61)) are proved by induction. Assume it holds for
some k > 0. Then for k + 1 and any Borel set A C R, we have

T
5T, 4) — v, (4)] < / Ik (@, A)| + ¢5(@)luc. (A)]

+[fava(@] |16, (@, 4) = ve, ()| + | fi s A(@)] lv6,(A) da
T(U+Ullnc.lrv +U*+Ulvalrv) - (62)

Now, choose T" such that 7" < (14 |lpe, |lpy +U + ”VGu”TV)_l (note that since p2(t,-)s
are good transition kernels, such a 7' exists). Then, for this choice of 7, we obtain

|ﬂ]g£1 (T,A) —vs(A) | < U for any Borel set A. The bounds for the other measures follow similarly
and the details are omitted.

We now prove the convergence of the measures on the interval [0, T']. To this end, define

Mi(t) = nax {[lug™ (8,) = p5(t )y } - (63)

Hence, for each k and a € [0, T, the following estimates hold

98 0(0) = gk (@)] = |y, (0, ) = ! (0 R)| < M- (a),

b oa@) = FE5 (@) < @A + )M (a). (64)

Consider the difference of successive iterates for uq,,

5L (1 A) — b (1, 4)] = / HE (0, A) — phL(a, A)
+ ¢k (@)pc, (A) — ¢fH(a)pc, (A)

= (FEua(@ul, (0, 4) = FE L (@ 0, 4)) da

t
< [ 1 e () + UEAU + 1) + U] Mioa o) (65)
0

Taking the supreme over all Borel sets A, we obtain for all ¢ <

&t ) = pés, C/ My_y( (66)

where the constant C' = 1 + ||uc, || + U(2AU + 1) + U. By analyzing the remaining terms
S € Sy4e, We can get similar inequalities with different constants C'. Combining the estimates for
all S € S,4e and using the definition of M (t), we obtain

. t
(1)< C / M1 (a), 67)
0

where the constant C' is independent of k. Since My(a) < 2U, an induction argument shows that
forevery k > 1

2U(CT)k
sup Mk(t) < M

68
0<t<T k! (68)
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In particular, we have }, -, supg<;<p M (t) < oo. Therefore, for each ¢ € [0, 77, the sequence
of measures {5 (¢, )} converges in total variation to a limit measure p° (¢, -), for every S € Spge.

Passing to the limit £ — oo in the iterative scheme (58) and using the integral representation, one
can verify that the functions defined by

r—=z

%z)z/w, t€[0,7T], z € C\[0, EJ, (69)
R

satisfy the system @3] for all S € S,4.. The convergence of total variation implies that each
p (t,-) is finite and supported within [0, E]. Moreover, since the convergence is uniform in ¢, i.e.,
sup, < || (L, ) — (¢, -)HTV — 0as k — oo, it follows that u° (¢, ) is continuous in the sense
that lims_,o ||u3(t,-) — p(t +0,-)||7, = O forall ¢ € [0,7] and S € S,qe. This implies ©3°,
S € S,qe are good transition kernels.

To prove uniqueness, we argue by contradiction. Suppose there exist two distinct solutions S; and
S belong to Sx with underlying measures p151 and jig 2 for each S € Syq.. Denote

M(t) = up {llpsa(t, ) — psa(t, My b - (70)

ode

By the inversion formula of the Stieltjes transform (Hachem et al., 2007), for ¢ = 1,2 and any
interval [a,b] C R, we have

’it7 7b 1 . b
ws.i(t, [a,b]) + w = ;1[31% ’ S{Si(t,a+30)} da. (71)

By considering the difference between the two equations associated with .S; and S2, and using the
inversion formula and together with a standard -\ argument (Le Gall,|2016)), we conclude that
M (t) satisfies

t
M(t) < C’/ M(a)da, Vt € [0,T], (72)
0

for some constant C' > 0. Since ||us,i(t,)||py @ = 1,2,5 € Soge is bounded, it follows from
Gronwall’s lemma (Lemmal [I) that M (¢) = 0 for every ¢ € [0, T, which establishes local unique-
ness. We have thus demonstrated the existence and uniqueness of the solution on the interval [0, 7.
Using a standard extension argument for solutions of differential equations (Hartman, [2002), the
solution can be extended to all ¢ > 0, and we omit the details. Therefore, we have completed the
proof. O

It can be verified that the solution to the system of differential equations (@2)) exists uniquely. Sub-
stituting this solution (u;, v;) into yields S(t, z) for each S € S,4.. Moreover, the functions
Bg, Cy,Cy and D,, , satisfy the conditions of TheoremE] with probability one. Consequently, the
solution {S(t,2),S € S,4} coincides with the solution {S(t,2),S € So4e} given in Theorem

For example, let the SVD of Z be givenby Z = UAV " =", oju;v; . Then, we have

Cu _ * *\ J Cu 73

()= Q) = 30t = [ Tl 3)
=1 Yi

where the distribution function is given by Fec, (z) = >%_,[UTu*]31{07 < x}. The integral

representations for the other terms S € S,q4. can be verified similarly and details are omitted for
brevity.

We note that the agreement between these two solutions indicates that the solution of {3]) within Sx
accurately captures the learning dynamics of matrix denoising.

D.3 CLOSED-FORM SOLUTION TO THE APPROXIMATED SYSTEM
Although Theorem [3] characterizes the solution structure of (#3]), obtaining a closed-form solution

is still infeasible. This is due to the fact that the functions C,,, C,, and D,, ,,, as well as the initial
conditions Bg, are random and lack explicit expressions.
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However, in the high-dimensional setting, Lemmad]implies these quantities will converge to deter-
ministic limits. Specifically, as p,n — oo, for any z € C\.M, we have

Cu(2) =22 m(2), Cy(z) —22— m(2), Dy.(2) 2% 50, (74)
P,M—00 P,M—00 P,M—00

and
[Bg,(2), Ba, (2), Br,(2), By, (2), Bz, (), Bz, (%), Bn,, (2)]
22 [wm(2), aum(z), m(z), m(2),0,0,0], (75)

where a,, = (ug,u), o, = (vo,v), and m(z) and m(z) are defined in Lemma ] Heuristically,
we may substitute the random functions Bg, C,,, C,, and D,, ,, with their deterministic limits and
consider the following asymptotic system of differential equations

0

D Gu(1,2) = Zu(t,2) + A0 (Om() — fuor(BGult,2), (762)
DGu(t2) = Bult,2) 4 Mu (=) — fuwr(Gu(1,2), (76b)
D 2u(t:9) = 0ult) 2Gul1,2) — FunaDZul1,2), (760)
D2,(1,2) = u(t) + 2Cu(t,2) ~ Fuwa O 2), (76d)
%Hw(t, 2) = 2+ 2[Tult, 2) + To(t, 2)] + Mo ()Eu(t, 2) + qu(t)Eu(t, 2)]

= 2fup (O (t, 2), (76¢)
5 5 Tu(t:2) = T (62) + A0 (OGu(6 ) — fua (Tl 2), (761)
% . %Tv(t, 2) =t 2) + Au()Go(t,2) — fuwn()Tu(t, 2), (762)

with initial conditions given in (73) and subject to constraints @7). We note that, according
to Lemma E| and (73), the initial conditions Bg and the functions C,, C,, and D, , (where
ip, ,(t,-) = 0) satisfy the assumptions required by Theorem Consequently, the system ad-
mits a unique solution within the family Sx.. The remainder of this section is devoted to deriving the
closed-form expressions for the components in (76). Note that our final objective is to solve for g,
and g, since they characterize the learning dynamics.

We begin by simplifying the system of differential equations using the method of variation of pa-
rameters. To this end, we define the auxiliary function F,, ,, »(t) = fot fuwa(a)da and

Gu(t,z) = Gp(t,2) exp (—Fuwa(t)), Th(t,2) = Th(t,z) exp (—2F, 41 (1)),
En(t,2) = Zn(t, 2) exp (— Fuoa(t), an(t) = Gu(t) exp (—Fuon(t), h € {u,v},

-~

Iy 0 (t,2) = My (t,z) exp (*2Fu,v,>\(t)) ) gu,v(t) = gu,v (t) eXp(*QFu,v (1)) 77

To solve for g, and g, it suffices to analyze @, ¢, and F, ,, . Substituting (77) into (76)), we obtain
the following system of differential equations

O ~

57 Cult:2) = A3 ()m(2) + Eu(t, 2), (78a)
D.(12) = \u(m(z) + 2u(r,2), (78b)
%Eu(t, 2) = G (t) + 2G,(t, 2), (78¢)
%Ev(t, 2) = Gu(t) + 2Gu(t, 2), (78d)
%Yu(t, 2) = Ayt 2) + 206, ()G (£, 2), (78¢)
D% ult,2) = 2M(1,2) + NGOl 2), (781)
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0~ = -~
&Huw(t, z) = 2Fuwn® LY (8, 2) 4 24 (¢, 2)
+ M@ ()Z0(t; 2) + qu(t)Zu(t, 2)]. (782)
Next, we analyze the equations (78) in the Laplace domain. Here, for a function f, if there exists
a constant a with sup,q | f(t)e~*| being finite, its Laplace transform is defined as L[f](s) =

fo Je stdt for R(s) > a. Treating z as a constant and taking the Laplace transform with
respect to t on both sides of (78)), the following linear system of equations is obtained
SLIGL)(s,2) — aum(z) = Mm(2)L[G)(s) + L[E](s, 2), (79a)
SLIG) (s, 2) — cwm(z) = Am(2) L[Gu] (s) + L[E] (s, 2), (79b)
SL[E(s,2) = L[G](s) + 2L[Gy) (s, 2), (79¢)
SLIE](s,2) = LIGul(s) + 2L[Gu](s, 2), (79d)
SC[Y](s,2) — m(z) = 2L[My 0] (s, 2) + 2AL[Gu Gl (s, 2), (79)
SC[T,](s,2) — m(z) = 2L [y 0] (s, 2) + 2AL[GuGo] (s, 2), (79)
SLIM, o)(s,2) = L[] (s) + 2L[Tu](s, 2) + 2L[T0) (s, 2)
+ AL (5, 2) + LIGuEu] (5. 7)) (79)

We first handle (79a)-(79d). Solving £[G,,] and L[G,], we have
ausm(z) + Asm(z L[] (s) + L[gu](s)

E[Gu](s, z) = 2 ) (80)
LG, (5,2) = L)+ Asmif)f f“](s) AR, 81)

Choose s such that s2 ¢ M. Let T be a contour that encloses s> and does not intersect M. Then,
by performing a contour integral with respect to z on both sides of (80) and (1), we obtain

0 = a,sm(s?) + Asm(s*)L[3,](s) + L[qu](s), (82)
0 = apsm(s?) + Asm(s?)L[G](s) + L[G](s). (83)
Solving the above system of equations with respect to £[g,] and L£[g,], we have

ay As*m(s?)m(s?) — aysm(s?)
1 — A252m(s2)m(s?) 7

. ayAs*m(s®)m(s®) — a,sm(s”

Llg.](s) = 1 _(,\2)32 : (5)2) (32) =

We solve @, (t) first. According to the fundamental equation (37), we have zm(z) + zm(z)m(z) =
—1and zm(z) + zem(z)m(z) = —1. These identities yield

L(gu)(s) = (84)

(85)

5 apAsim(s?) — ays m(s?)
L[qu)(s) = —
[q ](S) )\2 % + 1 + S2m(82)

(@ 1+ \? (apAs?m(s?) — ays)(em(s?) + H/}%)
Y (1+55)(1+A2) — s
_ ay (1 4+ A\?) s2em(s?)m(s?) ta )\szm(SQ) _auc(l+ A?2) sm(s?) s
A ’19)\—82 Y 19)\—82 )\2 29)\—82 19,\—82
ays’m(s?)  aue(l+ %) sm(s?) Qys ay(1+ \?)
_/\(19)\—82) B )\2 19)\—82 _19)\—82 - )\(19)\—82)
= Qu1 + Quz2 + Qu;s + Qu.a, (86)

where step (a) follows from the identity (2m(z) + 14 3z)(cm(2) + 11%) =m(2)(1+ 5z — 1552)-
Next, we calculate the inverse Laplace transform for each term (), ; separately. Beginning with

Qu,1, we have
gl =S [P - e | [ o s‘ii??—sa]

A 19)\—82 A
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T { —119J 5 e {@2 =N —mJ #{d)

Qy

— *%Ks,m (t) — BY / (€39, * l3,2)(t)p(dx), @7
R

where step (a) follows from Fubini’s theorem. The inverse Laplace transform of @, 2 is given by

B e e e e e e )
ayc(l+ %)

L /R (G0, * b3.0) () p(de). (88)

The inverse Laplace transforms of ()2, and ()3, can be obtained directly from standard tables:

“Qus) = auly v, (t) and L7Q, 4] = Mﬁgﬁz(t). Consequently, summing all the inverse
transform results yields (8). The derivation for g, () is analogous, and we omit it for brevity. Note
that by analyzing (79a)-({79d), explicit expressions for G}, and Zj, h € {u,v} can also be derived.
However, these intermediate quantities are not directly relevant to the objects. Instead of solving
them explicitly, we use their Laplace transforms.

In the following, we solve (79¢)-(79g) to derive the explicit expression for e Fuvx(®) - Solving for
E[H o], we have £[II,, (s, ) ITy + I + II3 + II4, where

sL[e?Fu2](s) zm(z) + zm(z)

I, = , 1y =

s2 — 4z s2 — 4z ’
2X2[L[G,Gul(s, 2) + L[G.Go](s, 2)]
s = —4z ’
As[L[GZ0](5, 2) + L]GuEal(s, 2))]
I, = L, : (89)

Let both s2/4,s% ¢ /\/l and choose a contour I' that encloses the MP support M but excludes
the points s2/4 and s®>. We then analyze the contour integral of each term in (89). Clearly,
3§r IT,dz = 0 since H 1 is analytic inside and on I'. For term I/, we have

27r_]
1 1 zm(z) + zm(z) 1 z [+ pl(dz)
L Idr = — B T ERE) G 2
2my Jr 2z 27y Jr 52 —4z dz 21 }é 52 4z/ T —2z dz
X
= - /R[u +pl(de) 5— - (90)

We now evaluate the integral of I75. By the definition of the Laplace transform and Fubini’s theorem,
we have

2\z [E[qu ](s z) + t/]\ué,,](s,z)}
7{17 dz = %dz
27Tj —4z
w22z (gt (t 2) + @Gt 2)]
= }l{ / e~ stde
271'] — 4z
9 / G () TT .0 ()" dt + 2 / G TTsu (e, (O1)
0

where 13 ,(t) = 2m $dz Zfz (ij) and T3, (t) = 27” $dz ZS';“(';Z) Next, we solve IT3 5 (t),

h € {u, 11}. Due to their similarity, we will only focus on IT3 . It is more convenient to handle its
Laplace transform, which is given by

L[MTs.)(r) = L [I%Zg"_(zz)dz] (r) = iy{%dz

21y 2my

@ 1 f i z . (aurm(z) + Arm(2)L[g)(r) + ﬂ[au](r)) dz.

279 r2 —z
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o+ /\£ [@]( ]{ / zp(dx)
N )2 —2)(z — 2)

/ (O‘uT + AL[gy](r)r) dx)
o (s —4)(r? — w) ’
where we enforce r* € M and r? lies outside the contour I'. In step (a), we use the identity (80).
Taking the inverse Laplace transform (with respect to the variable ) and applying Fubini’s theorem,

we get
= T .4 r B Ax _1 [ Ll@](r)r
My = /R 52 — 4x£ LQ — x} pldz) /R 52 — 4x£ { I pldz)

©_ / outhiall) ) / Al x 6.2)0), (), (93)
R R S

92)

s2 — 4a — 4z

where step (a) follows from the convolution property of the Laplace transform L(fxg) = L(f)L(g).
Similarly, we can obtain

= aply,4(t) A2 (Gu * l1,0)(2)
s,=— [ 2122 (dy) — | 2288w 7 2L2A ) (de). 4

> /R aap M00) /R e L O
Substituting (93) and (©4) into (OT)), we obtain

f HgdZ _ 72)\/ / auxqv gl T ) ";AxQU(t)(QU * el,x)(t) ,U,(de)@iStdt
27rj §? —4x

@y (t) 01,5 (t) + M@y () (Gu * €1,2) (1)
— 2\ 2
R — 413

p(dx)estdt

= —2)\ /R LGy 01,2)(8) L5 )(8) + ANz LGy - (o * £1,2)](8)L[l2,2] (s)p(d)
—2) /]R LGy - 41,5](8)L[l2 2](8) + ALy - (G * El,m)](s)ﬁ[&@](s)ﬁ(dx)
@ _9) /R CuLl(G - £1.0) % £a.0]() + AL Ao - G0 % £1.0)] * a0} (5)(d)

— 2\ /]R Qo ZL[(Gu - l1,2) * l2,2](8) + A2 LA[Gu - (Gu * l1,2)] * Loz} (5)p(d), 95)

where in step (a) we apply the convolution property. The contour integral for I1, can be evaluated

using a similar method to that for /13, utilizing the Laplace transforms of éu and EU. We provide
the result directly as follows

27T]]{U4dz = —A/ i L(Go - 3.2) * Laz](s) + A2LY[Gw - (qo * £3,2)] * La2 }(s)p(d2)

Y /R 0ot Ll(Gu - £3.0) * Lao)(8) + AL - Gu * £3.0)] * Lao}(5)p(dz). (96)

Since 7 > $p Mo (t, 2)dz = —guu(t), we have 2%” [ L[, (s, 2) = —L[Gu.](s). By taking the
inverse Laplace transform and using (90), (93), and (©6), (TT) is obtained.

Finally, we establish the relation between gy, and ef=v*. Choose I that encloses M and let |s| be
large enough such that s?, s? /4 lies outside I'. Using (79¢), we obtain

_ 2Fu,U,A_L7{ oLl L% .G
sLle |= o) Fm(z)dz 2L(Gu ] + 5 )\2)\E[quu](s,z)dz, 97)

which yields

t
e2Fun(t) — 1 4 2/ Gu,w(a)da
0

+ /O da /R 1(de) (20,03 ()1.0(a) + 25, (@) @ * 1)@} . (98)

Thus, we have derived the closed-form expressions for efwv.x and Ju,v- Substituting these results

into (79¢)-(79g), the closed-form expressions for (1., T, II,,,) can be obtained. By verifying that
these solutions satisfy (76a)-(76g)), we conclude that the system of equations has been solved.
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D.4 ASYMPTOTIC EQUIVALENCE OF THE SOLUTIONS

Let {S(), S € S,4.} denote the solution to where the initial conditions Bg and functions C,,,
Cv, D, , are given in @3) with (u;,v;) = (ug, vo). Denote the underlying measures for S 1)

/LS , for every S € S,q.. Similarly, define {S®), S € S,q4.} as the solution to ([76) with S® € S
for all S € S,4e with underlying measures u( ). Let I be a positive contour enclosing and all
eigenvalues ZZ T and M. According to (Bai & Silverstein, [1998, Theorem 1.1), the largest and
smallest non-zero eigenvalues of ZZ ' converge almost surely to £, and E_, respectively. There-
fore, the deterministic contour I' is well-defined with probability one. We note the identification

g\ (t) = qn(t), ¢t (t) = Gu(t) for b € {u,v}. Define

(1) _a®
M(t) = Sup max {‘S (t,z) = S (t,Z)’}, (99)
L=Slelrr>ma><{IBGH(Z)—Ocum(Z)\,IBGU( z) — apym(2)],|By, (2) —m(z)],

By, (2) —m(2)],|Bz=, (2)|, 1Bz, (2)], | Bn,, (2)],
|Cu(2) =m(2)],[Cu(z) = m(2)], | Du,v(2)] } (100)

In what follows, we show that M (¢) — 0 almost surely. By definition, we have |q1()1)(t) — ¢ )],

gD ) = ¢ @) 195 () = 9825 (8)] < |T|/(27) M (¢), where |T'| denotes the length of T'. Further-
more,

\|F|M() (1+2)\)| |M(t), (101)

10 = £ < 0 X1+ Alg)

where the variables ¢ are omitted. In step (a), the bound |qq, | < 1 follows from the existence and
uniqueness of the solution to (42)) and its agreement to the integral representation in Theorem 3] as

discussed in Section The inequality |q£2)\ < 1 can be derived similarly. Now, by considering
the difference of the equations related to =,,, we obtain

t
=009~ =2(02)| < B2, + | dale (o) — )]+ |21 [610.2) = G a2

1@ [EP (@,2) - 22, 2)|

=@ (q, z)‘ . (102)

+ A

a0(@)] Do) + |1

+ 110 @)~ 8\ (a)

Due to the continuity of the good transition kernels and the finite total variation of the measures, for
any fixed 7' > 0, there exists a constant U such that supy;<7 | fu,v,(t)| < U. Furthermore, for
every j € {1,2}, S € S,4. and z € T, we have

|(t, dx) ;
sup |SU(t,2)] < sup / \,u ?) < sup d7* Hu(sj)(t,-)H <U, (103)
0<t<T 0<t<T |JU - Z| 0<t<T TV

almost surely, where d denotes the distance between the (common) support of the measures and I'.
Taking the supremum over z on both sides of (I02)), we get, for every ¢ € [0, 1],

trr 142 r
= (t, 2) — 2@ (¢, z)’ <L+/ (|2|+supz|+(+)\)U||+U> M(a) + A\Lda
0

zel T el 2
t
<O+ 02/ M (a)da, (104)
almost surely, where Cy = (1 4+ AT)L and Cy = —|— sup,cr |2 + w + U. By Lemma

it follows that C; — 0 almost surely as p,n — oo In contrast, the constant C5 depends only on
the fixed deterministic contour I' and the bound U, and thus remains upper bounded. This argument
extends to all other components S"), S() € S, leading to the composite bound

t

M@t) < Cy+Cy | M(a)da, (105)
0
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almost surely. where Cy are upper bounded by polynomials in L and C, is a bounded constant.
According to Gronwall’s lemma (LemmalT]), we obtain

sup M (t) < Cy exp(CoT). (106)
0<t<T

Again by Lemma {4} we have supg<, < M (t) — 0 almost surely, as p,n — oo. This implies, in
particular, that for every h € {u, v},

sup |, (1) =, ()] < sup M(t) 0, (107)
0<t<T 0<t<T
almost surely. This completes the proof. O

E PROOF OF THE BOUND (18)

In this section, we analyze the gap between GD and gradient flow. Define

sl

Using the fact that @, is orthogonal to (I, — uyw, ) X vy, for any k, we have

’Ut—Nf

n

At :maX{Hut —a\-ij
n

1

2

@k +n(T, — ﬂk'ﬁ;)XakH;l = (1 + 0 ||(T, — ﬁkﬁg)X'EkH;)

=1 G2 ||(T, — i) ) X5 (109)

Vitz— 1} By

where G, is a uniformly bounded term. In particular, we have |G} | < sup,~o{* 5 s

(T09), we can approximate w11 by
ay + (I, — upay ) X vy
||’l7,k —+ T](Ip — ﬁkﬂg)X'IA}k{b

U1 = =u + 77([ uURUy, ))(’U}C +n 677 P (110)

where the norm of the vector 8, is uniformly bounded in £, i.e., supy> |64 . [l2 < Ol X|[3(1 +
n]|X|,) for some constant C' > 0. A similar argument on vy, yields

Vpy1 = U + (L — 00} ) X "0k + 178} ., (111)

where the norm §, ;. is also bounded by C'|| X [3(1 + 1| X]|,) uniformly in k. Therefore, by the
gradient flow (@2) "and identity (TI0), we have

2
U(k41)y — U1 = Upy — ug + 7 5UJ€

(k+1)
+ / (L) — wau)) Xvo — (I, — wu) ) X ] da.
kn

As aresult, by the inequality

(L — wiuf ) X v — (I, — usuy ) Xvs|, < [| X (v1 — v2)|l,

| (= w2) ug Xonll, + [Juz (ul —uy) Xoi,

+ [Juaug X (v1 — )|, < 21X |5 [[lur — ually + [[o1 —vall,], (112)
for any unit norm vectors u; and v;, i € {1,2}, we have

lotgesnyn = Tl < lloawg =@l + % [[854]

(k+1)n B B
L2)X], /k ke — ikl + 00 — Bl dr
n
5 (k+1)n
< Doy + CIX 040X+ 41X, [ Budas 1)
kn
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The same argument on [[v(;11), — Ur+1|2 together with (TT3) yields the inequality A1), <
Ay + CIX N3 L+ | X [)n? + 4] X, f(kH)" A,da, which immediately gives

kn
Ay S CIXS (L[ X[)kn* +4 X, | Aada, (114)
0

for any non negative integers k. Then, for any ¢ > 0 and k = L%j , we have u; — wp = uy — ugy, +
Upy — Uy and

lus — wplly < Ay + / H(I — U U )X'va—(Ip—ﬂkﬂ;)Xﬁksza

+ (t — kn) H Ipfukuk Xka2

t
<4X[, [ Aadat CIXIE( +nIXloh 40 X],. (15)
0
Using the same method as in (I15) to bound the term ||v; — vy||,, we can obtain
t
Ap <4 ||XH2/ Agda + C|XI|[5 (147X [l)kn® + 7| X, - (116)
0
By Gronwall’s Lemma, we have
sup A< [CIXIE (01X To+ 0 |X L] exp @IX,T). (117

Therefore, we have derived the bound for A; with given 7" and n > 0.

Next, we study the asymptotic case. In fact, by (Yin et all [1988 Lemma 3.1), we have
lim, ;00 || Z]|, = (1 + /c)? almost surely, which implies [ X ||, < A[|u*(v*) 7|2 + | Z]|2 <
A+ (1 4 /¢)? almost surely, as p,n — oco. Therefore, we have P(limsup,, ,, supgc;cr A¢ <

C(n +n?)) = 1 for a constant C > 0 which only depends on T, )\, and c. Therefore, we have
completed the proof of (T8). O

F PROOF OF THEOREM[2]

F.1 CASEL: \ > cl/4

We begin by analyzing the asymptotic order of ,(t) as ¢ — oo. We express () in the form
Gu(t) = Z1(t)+Z2(t)+ Z3(t)+ Z4(t) and evaluate each term separately. Through direct calculation,
the following is obtained

e~ VIt eVt
3,0 (t) * €39, (1) = — +
’ oA 2\/19,\(19)\—‘%) 2\/19)\(19)\—1')
eVt eVet

a0 | 2w O e

Since A\? > /c, it follows that 9, > (1 + /c)? = E,. Consequently, we have

VIt \/‘ VTt
e x Qy ze
Z1(t) = dz) — — d
0 =-557 | m_xm v) = gy [ ) + o)
@ Iat Vvt —FE V(E., —
@ eVPae a, [P yzeVt \/(z — E_)(By ) g + o1)
20\ S 2A 5 T —U\ 2mx

®) eVhta,e  ay /B, — E,(E+)1/4 eV E+t Brt,_8/2 1o
= — 52 T o(e t==/%), (119)
2\/19)\)\3 2)\\/ 27‘((?9)\ — E+) t
where step (a) uses properties of the Stieltjes transform of the MP law (Couillet & Liao, 2022)

1
"~ max(cA=2,A2)’

’19)\m(’t9)\) = (120)
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and step (b) follows from Lemma[3] For the term Z5(t), we have
eVt _ o=Vt o AeVOat

Zo(t) = apA = +o(1). 121
Similar to the evaluation of Z; (¢), and using the identity
, . e~ Vit eVt e—Vt eVt
£) % ls 0 (1) = - - , 122
vt b () = 55+ 50 =) T30, —0) 20— ) (122)
we can get
we(l+ A2 d B evat (B, —x)(x — E_
4ty = - [ [ wtd) 5 BB ) oy
2)\2 RN —T B (U — x)2mex
(N2 4 1)eVort au(1+ X)) /EL —E_  eVE+! Tt 3
== 2 2 372 +o(eVot+itT2). (123)
2(A%2 4+ c)A 202(9) — Ey)V2m(ET)Y/4 t

By definition, Z4(t) = ayeY?*'/2 + o(1). Combining these results, the following estimation is
obtained

SPCE I S, P
222/ X2+ ¢ [VI+ X2 VX2 +¢

VEL —E_ {av(Eﬂl/Zl + o (1+ /\2)] eVt + 0(6\/E7+t*3/2t—3/2)

+ 2VZr (0 — Ey) B\ N2(EH)V/4 | 13/2
= AyeVt 4 BeVET3/2 4 o(eVETL=3/2), (124)
Similar to the evaluation for g, (), we can get
Bo(t) = AyeVt 4 ByeVETt=3/2 4 o(e\/}?”"t_igﬂ)7 (125)
where
4
o 2)\(2)\\/>\2C—)F I [\/1a+v el ¢Aa2u+ c} ’ (120

VE; —E_ {au(EJr)l/“ N ay(c+ A?) } ' 127

B, =
N2 (0 — By ) Y N2(E+)1/4

Next, we will analyze the order of the denominator p(¢) for the following two cases.

F1.1 A, #0

Under this condition, the solutions have the asymptotic forms G, (t) = AyeV7> + o(eV7rt) and
Go(t) = AyeV?rt 1 o(eV77t). To determine the asymptotic order of p(t), we first evaluate G, . ().
Writing as Gy (t) = Z?Zl G, (t), we focus on the evaluations for G; and G as the remaining
terms follow similar estimations.

Given 95 > E., we observe e~ 2V?xtG(t) — 0 as t — oo. Therefore, the term G4 (t) does not
contribute to the leading order asymptotics. We then analyze e~2Vixtq, (t). By definition, we have

e_QMtGg(t) = 2)\au/ e‘zmtx(qu A1,5) * Lo pp(dx)
R

+ 2)\2/ e 2VNL(Gy - (G * l1.0)] % Lapp(dz) = Go(t) + Gao(t).  (128)
R

To analyze the limits, we apply the Final Value Theorem (Lemma . Since e~V ¢y ,(t) — 0 and
Ll ](2/0) = 1/4(9x — x), Lemmaimplies G21(t) — 0 ast — oo. Applying Lemma

again yields
NG VLA,
lim e VUG, * £ ,)(t) = Vrd

t—o0 Iy —2x’

(129)

29



Published as a conference paper at ICLR 2026

which implies

2
ot (A VN4
tlgrolo € {@v - (@ * l12)] * b2 }(t) = 4005 —x)2" (130)
By the dominated convergence theorem and the properties of the Stieltjes transform, we have
. \/19)\A2 x )\2\/19)\142
lim Gaa(t) =2X*- v dz) = 20, 131
v 22(1) 4 /]R (9x — x)Qu( ?) 2(A\t —¢) (131

The asymptotic orders of G'3, G4, and G5 can be evaluated similarly using Lemma 2] Gathering all

the results gives
—2\/Dnt~ _ )\2\/19>\(A12, +CA3)

tlgglo e Gu,v(t) S . (132)
As a result, we can get
A2(A2Z +cA2)  A2(\241)A2
. —2/0xt _ v u v
tli{go € p(t) o )\4 —C 19)\>\2

M —¢ Qy Qy 2
_ 133
4Nz [\/1+A2+\/A2+J ’ (39

by the observation fot f(a)da = (f * 1)(¢). Therefore, provided that A,, # 0, the limit values of

Gu(t) and G, (t) are given by lim; o Gu(t) = T - };g:; and lim;_ oo Gy(t) = T - 1/%,
respectively.

F12 A,=0

According to Lemma[3] we have

L4ct (Pr Vol (B, — o) — E-
Gy (t) = e / ‘ VIE: — ) )d:r
8m E_ e
_ (1+c 1) /Ey — E_(E; )4 2V E+t + o(e2VPrt=3/2) (134)
164/ t3/2 '
Thus, there holds
t o2V B+t
Bt) > 2 / Gi(a)da > K, (135)
0
for ¢ sufficiently large and K > 0 is a constant. Therefore, we have
N B, 1 Eyty—3/2
7ut) < Bt oll))e (136)

VEKeVErt4=3/4
which implies lim;_, . ¢y (t) = 0. The relation lim;_,, ¢, (¢) = 0 can be obtained similarly.

F.2 CASEIL: )\ < /4

By applying the same method used in (T24) and (125) , we obtain @j,(t) = BureVE t=3/2 1

o(eVET1=3/2) h € {u,v}. This result aligns with the case discussed in Section which
implies lim;_, o qn(t) =0, h € {u,v}.

F.3 CASEIIL: )\ = ¢l/4

In this case, we have ¥, = FE, which is precisely the right endpoint of the support of the MP
distribution. Fortunately, the Stieltjes transform m(x) is right continuous at z = F, (Couillet &
Liao, 2022). Using Lemma 3] and employing estimates similar to those in (T24) and (123), we can
obtain

Gn(t) = (Ch + 0(1))eV 1712, e {u, v}, (137)
where C,, and C,, are constants. However, we need to make a more precise estimate for p(¢) in the
denominator, as the upper bound in (T36)) increases to infinity. To this end, the following lemma is
useful.
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Lemma 5. Assume b > a > 0and f € C([a, b)) such that f(b) # 0. Then, for any sufficiently large

t, it holds that
2
b eVby
KLezx/Ettfl/z </ f(x)ﬂezﬁt [ \f fydy] dz < K~U€2\/Bzftfl/27 (138)
o 0

where Ky > Ky, > 0 are two constants.

Proof: 1t suffices to consider f(z) = 1 and restrict the integration to [b — ¢, b] for small enough ¢,
since eV** concentrates near = b. For given § > 0, we choose ¢ > 0 such that SUPye0,e] [0ul < 6

where &, is defined in (T46). By changing the integration variables via u = b — =, o = ut/v/b, and
B = y/t, we obtain

t e\/gy
VY

2
e [° _atsyut [ 11 Qsuuy
=t Vue Vb y Ze 2vo dy| du
0 0

% 1 (1460,0)08 2 .
= b%/ " Jae (Hdaa {/ 5—%67+ 5 dﬁ] da =bir. (139)
0 0

. . . (+da,1)af . e
We next estimate the inner integral fol B8 —2¢ B dg and derive bounds for I. By splitting the

integration interval at some 7 € (0, 1), we have

1 (1+5u t)aﬁ 1 (1+5u t)ap
[ e ([« [ )=

2
b
672\/&151/2/ Vb — gV [ eﬁydy] dx
b—e 0

(1450 1) (1+5a t)e
1+ (Atéa,t)ar e
< 24/Te —_— 140
JT fa(l ot (140)
Therefore, by |0+ < & (I47) and (140), we derive an upper bound
00 1 26%
I<Ii+4 (1=8alr-1) da =1, 141
1+ /1 Vare T rna e targ g =1 (141)
where I is some absolute constant. It can be verified that Iy < oo for any 7 € (0, 1).
For the lower bound, again using |d,, ;| < J, we can obtain
I>1+ /% Vae (19 U Biet 2 dﬂ] da
1 0
=t (1=6)a 72 =t
Vo e 2z 4 Vb e~ 20a
>1 +4 (e — | da > 1T dov. 142
Lt / Vae™ —oa| 920t a=5e ) @rde (042

Taking t — oo, we have liminf, ,,, I > I for some constant I;, > 0. Therefore, we have
completed the proof for Lemma 3] O

To determine the asymptotic order for p(t), we first give a lower bound for g, ,(t). In particular,
we will evaluate the term fR[qu (@ * 1,5)] * €2 yp(dx). Noting that the orders of ¢; , and {3 4

are dominated by eV**/2 and e?V?®,/x /4, respectively, it suffices to study the simplified integral
Je VZ[@o - (@ * eV®)] % e2V® ju(dx). Rewriting this expression yields

Mf/f (G + )] % €2V u(da)
:/f/ a(a / L (b)eVE(a=b) dpe2VE(t-a) 4

2

L[ v [ [ o) SEEE A,
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E ¢
[ f(x)e2V®t [/ qv(a) f“da] VE;+ — ada, (143)
0

E_

where f(z) = \/(x — E_)z/(4mcz). According to (137), we know that there exists constant A > 0
such that 1nft>A |gu (t )/(e E+t4=1/2)| > C, /2. Thus, we have

- 1
e 2V E+3 Ly

2
-2\/Eityt 2 B+ t (VEs—vT)a
>w/ f(:r)eQ‘/";t[ & da| VEs —zda
A

> 1 ) Ja
2
o e~ VEt 302 By t o(VEr—va)a
w VG | f(m)e2ﬁtl S e VB e ol), (144)
E_ 0

VBT —Va)a
a

where step (a) is due to OA 3 da < 2eWF+=V®A/A contributes only lower or-

der terms. By applying Lemma we have liminf; o e ? E+ttsz > K for some
constant K. A symmetric argument establishes the corresponding upper bound, yielding

limsup, . e 2VE+43 [, < Ky for some constant Ky > 0.
At this stage, we can give the upper bound for gy, (), h € {u,v}. Combining with (137), we obtain
Qh(t) (Ch +o(1))eV 12 (2 CreVErty=1/2

() o
S Vp 222 [ I, ,dt eV Bt/

ho€ {u,v}, (145)

where C), is a constant and step (a) follows from the fact that the ratio fo L, dt/(e*VE+1=1/2)
converges to a positive value as t — oo. Therefore, we have completed the proof for Theorem[2} [

G PROOF OF LEMMA[3]

According to Taylor’s lemma, we have

\/mz\/é[u(lzg“)“], (146)

for small u. By the continuity of f, for any given § > 0, we can choose a sufficiently small € such
that

sup |f(z) = fy)| <5, sup [du] < 0. (147)
z,y€[a,b],|z—y|<e 0<use
Define M = sup,cp,y |f( )| Alt) = f f(x)exply/zt](b — z)*dx, and B(t) =
f(b) exp[Vbt]I (o + 1) (2‘[> . By calculating |A(t)/B(t) — 1|, we have
b—a
‘g((g—l‘z /0 f(b—u)exp[\/b—ut]uadu/B(t)—1
- f(b) [y exp[vb — utju®du ) § [y exp[vb — utju®du
S B “HT B
b—a o
| Moxplvh ;fg Je )+ Xalt) + Xs(t), (148)

It is clear that lim;_,~, X5(t) = 0. Next, we evaluate X;(¢). By plugging (T46) into (I48), and
using I'(av + 1) = [ exp[—y]y*dy, we obtain

(146, )ut a te
S (b) exp[v/bi] [ exp [ ST } du ) [ exp [~ (1 + 6,)y] y*dy

B(t) Jo" expl-yly~dy
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_Jo =0 =dylyrdy 1
T explylyrdy T (-0

where in step (a) we change the variable y = ut/(2v/b). Similarly, we can derive the lower bound

f(b) exp[v/bt] fo eXp[ (1+f})ut} u®du y 1

(149)

lim inf > . 150
5o B(t) (1+38)e+! (o
Combining this with the corresponding upper bound implies
hmsule( ) < max{ (1—=6)" 1 —1,1-(1+ 5)_0‘_1} . (151)
An analogous analysis yields
)
lim sup X3 TR =gt (152)
o X S Qi
Since § > 0 can be chosen arbitrarily small, it follows from (I51)) and (I52) that
. |A@®)
2% By ‘— > (159
which completes the proof. O

H PROOF OF LEMMA [4]

To simplify notation, let C' denote a constant and C, denote a constant that depends on a. Their
values may depend on the context. By a standard truncation argument (Bai & Silverstein, |1998)), it
suffices to assume that the elements of the random matrix Z are bounded, i.e., |\/nZ;;| < C, for
some absolute constant C, as this truncation does not alter the asymptotic locations of the eigenval-
ues.

We first prove that u' Q(z)Zv — u"E[Q(z)Z]v converges to 0 almost surely for given z € C,.
To this end, we control the moment by the martingale difference argument and the Burkholder

inequality (Bai & Silverstein,[1998, Lemma 2.1). Write Z = [21,...,2,],v = [v1,..., 0] |, Z; =
[Zj, B T R S P ,Zn], v; = [111, ceeyUi—1, U541, - - ,Un]T, and Q](Z) = (Zij - ZIp)_l
Define the quantities
1 1 1
a;(z) = ETFQJ'(Z)’ n;(z) = H—Tj(z)’ Bi(z) = my

Aj(z) = aj(z) — z;-er(z)zj. (154)

LetE;(-) = E(-|21,...,2;) and Eo(-) = E(-). By taking the difference between u ' Q(z)Zv and
Eu' Q(z)Zv, we have

n

u'Q(2)Zv — u'E[Q(2)ZJv = ) [E; —E; 1]u’Q(2)Zv

j=1
DB —Eia] (v Q(2)Zv —u' Q(2)Zjv;) + (v Q(2)Zjv; — w' Q;(2)Z5v;)

j=1

= Wi+ Was. (155)

We first evaluate W;. By the Woodbury matrix identity, we have

WlZZ[E —Ej 1]u' Q(2)zv; = Z Ej- 1%

j=1 i=1
= [E; - E;a]Bmiu' Qj(2)zv;4, + Ejnju’ Q;(2)zv; = Z Wiy + Wigj, (156)
=1 =1
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since the identity 8; = n; + B8;7;4A; and the independence between z; and Q;. By apply-
ing the inequality E;_+|[E; — E;_1]z|*> < 2E;_4|z|?, the Cauchy-Schwarz inequality E;|zy| <

1 1
E? [z[*E? |y|?, and the trace lemma (Bai & Silverstein, 1998, Lemma 2.7), we have
2|2|* & 1 C|z|*

Z]EJ 1[Wh, 1J‘2 S 34( Z 2E2 1|UTQ]( )zj|4Eﬁ1|Aj|4 < Wg(z)v
Jj=1

where we use the bounds (Zhuang et al., 2025; Hachem et al., 2007) |n;(2)| < |2|/S(2), |8;(2)] <
|2|/S(2), and the moment bound E;_1|A;|?* < &k On the other hand, we have

(157)

Cilz - C
ZE|W1 1J|2k k| ‘ Zv2kE|u Q]( )Zj|2k|Aj|2k < 21@% (158)

\04k Uj 2k 38k
2 RSz

The evaluation for 3, E;_1|W; o;|* can be given by

- 22 « s Ol 30 v
ZEj—l‘WLQjF g C\! ‘ ZU?Ej_l |’U,TQ]‘(Z)ZJ'} g 7jl] (159)
=1

) 2 (2
Similar to (T38), we can get Y- E[Wa9;|** < Cil2|**/(3*(2)n*). Hence, according to the
Burkholder inequality, we have

k

2k - 2 - ok Cr(|2[*" +]2[")
E[W1[™ < Cr Z E ZEJ'—1|W1W| +Z]E|W1:ij‘ < k(S8 (2) + 34 (2))
i=1,2 j=1 J=1

(160)

For k& > 1, the RHS of (I60) is summable, which implies W; — 0 almost surely by the
Borel-Cantelli Lemma.

We then evaluate W5, which can be given by

n

~Wo =Y [B; — B 1]Biu' Q;(2)z2] Q;(2)Zv;

=1

= Z E;1lnju’ Q;(2)z2] Q;(2)Z;v; +n;8iAu’ Q;(2)z;2] Q;(2)Z;v;

= ZW2,1J' + Wa ;. (161
j=1

The term W5 1; can be written as

1
Wa; = Ejn; (UTQj(Z)ZijTQj(Z)Zjvj - nUTQ?(Z)ZjUj> : (162)
By the trace lemma and ||v;|| < ||v|| = 1, we have
Clz[? Ci|2*
2 2k
E;j_1|Wa ;| < m, E|Wa,1;]" < Wﬁk(z)’ (163)

which implies W5 1; — 0 almost surely. The relation W5 »; — 0 can be shown in a similar manner,
and we omit the details.

Next, we prove that Eu ' Q(z)Zv = O(

Z

%) We can show that
"Q(z

2)zjv; = Z/BJ 2)u' Q;(2)zv;. (164)
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Since Q;(z) and z; are independent, we have

Eu'Q(2)Zv =E) v; (u'Q;(2)z) (8; — )

j=1

= vEu’Q;(2)z;8m,4;. (165)
j=1

Using the Cauchy-Schwarz inequality E|zy| < E2|z|2E? |y|2, we have

|IEuTQ(z)Zv| < |

~ Oz Claf?
jogl < —2L_
nS4(z) VnS4(z)

(166)

This completes the proof for the case z € C,.. The same approach can be extended to analyze the
cases where 3(z) < 0, z < 0, and z > E. Furthermore, for any ¢ > 0 and k£ > 0, it can be shown
that,

P(|u'Q(2)Zv| =€) < Cqe n", (167)

for all d sufficiently large, where Cy , is a constant depending on d and dist(z, M).
Next, we prove the convergence for a general compact set I". Since I' is compact, we can choose an
n~%-net N, C T such that for every z € T there exists 2’ € N, with |z — 2'| n~%, and for any
two distinct points =,y € N,, satisfy |z — y| > n~3. Then, we have

121l |z — 2|
dist(A, z) dist(A, 2)’

u'Q(2)Zv —u' Q(¢) Zv| < (168)

where A = {\;}1<;<, are the eigenvalues of ZZ ". Inequality (T68) gives

sup |u' Q(2)Zv| <sup|u' Q(2)Zv —u'Q(2)Zv| + sup |u' Q(Z)Zv|
zel zel 2/ €N

12|y n% Ty
< — : Zv| = X, + X5, (169
dist (A, T) dist(A, N7,) + Z,Sélf/n [u" Q=) Zv| 1+ A2 (169)
According to the no-eigenvalue property (Bai & Silverstein, (1998, Theorem 1.1), we have
dist(A,T') — dist(M, A) almost surely as p,n — oo and || Z||, is almost surely bounded. Hence,
X1 — 0 almost surely, as p,n — co. By (167), for any ¢ > 0 and k > 2, we can choose a d
sufficiently large such that

P(Xy =€) =P ( U [v"Q()2Zv| > e) <> P(lu'Q(2)Zv] > ¢)

Z’eNn ZeNn
< card(/;/'nk)cd,r (%) 4(supzepd|:ci+11)20d,1“’ (170)
€on e“nv—

where Cy 1 is a constant depends on d and dist(I", M). Step (a) follows from the fact that, by the

definition of n~2-net, the disks of radius 1 /(24/n) centered at points in N, are mutually disjoint.
Since k > 2, the RHS of the above inequality is summable, which implies Xs — 0 almost surely
by the Borel-Cantelli Lemma. Therefore, we have completed the proof. O

I ADDITIONAL EXPERIMENTS

In this section, we provide supplemental experiments. The simulation settings, specifically the GD
algorithm, are consistent with those described in Section[z_f}

Learning Dynamics with Additional (p, n, \) Settings: In Figure we plot the learning dynamics
with a broader range of triple (p, n, A). The settings here are consistent with those in Figure |1} and
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Figure 4: Theoretical and Empirical Learning Dynamics with Different Values of p, n, A.

the legends are omitted for brevity. From Figures [ and b we observe that as the dimensions
increase, the deterministic approximations ¢,, and ¢, become more accurate. Furthermore, it can be
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Figure 5: Approximation Error in Low Dimensions.

noted that, with high SNR, Theoremis accurate even in low dimensions. However, the convergence
of the deterministic approximation with low SNR is notably slower than that with high SNR.

In Figures Ac}fde] the parameters cv,,, cv,, and c are set to be the same. In Figure ic|and Figuree] the
theoretical learning dynamics, i.e., the solid curves, are identical. It is shown that the convergence
speed for the deterministic approximation is very slow, even for SNRs above the critical threshold.
A comparison between Figure [dc| and Figure 4d| reveals that, despite the systems being in distinct
phases, the learning dynamics curves closely resemble each other when their SNRs are similar. This
suggests that signal detection may still be feasible even when the SNR is below the critical threshold.

Approximation Error: Figure [3 illustrates the error of the deterministic approximation in low
dimensions. The initial points are set to satisfy o, = o, = 0.447. In Figure [5a] the ratio is
set to ¢ = % = 0.5, and in Figure the ratio is set to ¢ = % = 3. The error is defined as
€ = supy¢c10tlqu(t) — qu(t)]; [qu(f) — qu(t)|}. Here, the y-axis represents the average error &
computed over 50 independent trials. It can be observed that the error decreases as the dimensions
p and n increase at the same pace. Additionally, the error is smaller when the SNR is high, which is
consistent with the observation in Figures [T]and [4]

37



	Introduction
	Related Works
	Contributions
	Notations and Organization

	Problem Setup
	Main Results
	Learning Dynamics
	Large-Time Limit

	Experiments
	Conclusions
	Acknowledgment
	The Use of Large Language Models (LLMs)
	Mathematical Tools
	Results on Calculus of Functions
	Results on Random Matrices

	Proof of the Unit Norm Constraint in Gradient Flow
	Proof of Theorem 1
	Derivation of a Tractable System of Differential Equations
	Existence and Uniqueness of the Solution
	Closed-Form Solution to the Approximated System
	Asymptotic Equivalence of the Solutions

	Proof of the Bound (18)
	Proof of Theorem 2
	Case I: > c1/4
	Au =0
	Au = 0

	Case II: < c1/4
	Case III: = c1/4

	Proof of Lemma 3
	Proof of Lemma 4
	Additional Experiments

