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Current progress in artificial intelligence is centered around so-called large language models that consist
of neural networks processing long sequences of high-dimensional vectors called tokens. Statistical physics
provides powerful tools to study the functioning of learning with neural networks and has played a
recognized role in the development of modern machine learning. The statistical physics approach relies on
simplified and analytically tractable models of data. However, simple tractable models for long sequences
of high-dimensional tokens are largely underexplored. Inspired by the crucial role models such as the
single-layer teacher-student perceptron (also known as generalized linear regression) played in the theory
of fully connected neural networks, in this paper, we introduce and study the bilinear sequence regression
(BSR) as one of the most basic models for sequences of tokens. We note that modern architectures naturally
subsume the BSR model due to the skip connections. Building on recent methodological progress, we
compute the Bayes-optimal generalization error for the model in the limit of long sequences of high-
dimensional tokens and provide a message-passing algorithm that matches this performance. We quantify
the improvement that optimal learning brings with respect to vectorizing the sequence of tokens and
learning via simple linear regression. We also unveil surprising properties of the gradient descent

algorithms in the BSR model.

DOI: 10.1103/14p2-vrxt

I. INTRODUCTION

A. Motivation

1. Deep learning and the statistical physics
approach to understand it

We are witnessing unprecedented progress in artificial
intelligence, largely thanks to advances in learning with
large multilayer neural networks, commonly referred to as
deep learning [1]. Milestones such as the classification of
images from the ImageNet dataset [2,3] or superhuman
performance in the game of Go [4] used deep neural
networks based on combinations of fully connected and
convolutional layers that map rather high-dimensional
vectors into vectors of (in general) different, but still high,
dimension. While deep learning is undeniably successful in
practical tasks, the underlying theoretical mechanisms
behind its functioning remain covered with open questions.
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This led to an abundance of theoretical works aiming to
explain the behavior of deep neural networks that are
observed in practice, such as the lack of overfitting in
overparametrized neural networks, the principles thanks to
which gradient-based training dynamics reach configura-
tions with good generalization performance while many
other configurations of equally good training loss exist and
lead to bad generalization, or theoretically grounded prin-
ciples leading to the choice of the best-performing archi-
tecture, algorithms, and hyperparameters, for a given dataset
and task. A subfield of the theory of deep learning stems from
statistical physics, a scientific field that is particularly well
suited to come up with models that are solvable in the high-
dimensional limit and to provide insights into the above
questions [5]. This line of work was initiated decades ago,
with, e.g., Refs. [6-10], and regained broad interest in the
past decade with a number of influential works, e.g.,
Refs. [11-18]. One of the instrumental models in this line
of work is the feacher-student model, where one investigates
whether a neural network can learn from data that were
generated by a teacher neural network whose weights are not
known to the student neural network. This teacher-student
setting was introduced in Ref. [9] and used broadly, including
in most of the above-cited works.

Published by the American Physical Society
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2. Sequence modeling takes the lead

The landscape of research in deep learning reshaped
considerably with the rise of transformer architectures
[19] and subsequent large language models (LLMs), some-
times also called foundation models, such as the GPT family
[20-22], leading to the well-known chatbot ChatGPT by
OpenAl [22,23] that took the field of Al and the whole high-
tech industry by storm. Transformers are types of deep neural
networks that stand behind this progress. They are composed
of combinations of fully connected layers and, crucially, so-
called attention layers. While a fully connected layer maps
vectors into vectors, an attention layer maps sequences of
vectors (called tokens) into sequences of vectors (tokens). In
language modeling, a token would typically be associated
with a word, and each such token is mapped (embedded) into
a relatively high-dimensional (typically, around a 1000-
dimensional) vector. The sequence then corresponds to a
text composed of words or tokens and is also long, corre-
sponding to the number of words in a text. It is fair to say that
the impressive performance of current LLMs was not
anticipated by many. The functioning of LLMs is surrounded
by even more theoretical open questions—including the
emergence of capabilities [24], the neural scaling laws [25],
or in-context learning [26].

In our opinion, the most fundamental theoretical question
underlying transformers is why is it advantageous to present
the data as long sequences of high-dimensional tokens?
More specifically, why is it advantageous for network
architecture to act differently in token space and embedding
space? Indeed, if one vectorized the data into a single large
vector and used a fully connected architecture, the universal
approximation theorem [27,28] would still imply that a
generic set of functions can be represented this way.
There must be a computational advantage in presenting
the data as sequences of tokens that the transformer archi-
tecture exploits. This advantage may be related to the
underlying structure of the data, the reduction of the number
of trainable parameters, or the flexibility with respect to
sequence length. However, the precise reasons are not
understood, and the advantage with respect to learning from
the vectorized data is not quantified theoretically.

One can anticipate that, also in this context of learning
from sequences of tokens, the statistical physics approach,
based on simplified models that capture some of the
intriguing properties and behaviors, will help to clarify
some of the key questions surrounding LLMs, transform-
ers, and learning with attention layers. Indeed, works in this
direction started appearing in the past couple of years. From
those we are aware of, several build interesting simplified
models and then investigate the training of the correspond-
ing toy-transformer architecture numerically or phenom-
enologically [29-31]. Others study the propagation of a
signal through a trained transformer [32,33]. So far, only a
handful of works have been able to analyze the training
of a toy transformer analytically. Concerning works that

analyze the training of a neural network for data consisting
of sequences of tokens, Ref. [34] analyzes an attention
layer learning Gaussian data generated by a model where
the sequence length L is large, but the token dimension d is
small. The authors of Ref. [35] analyze minimizers of the
training loss and corresponding phase transitions for a
teacher-student-like data model where the token dimension
d is large, but the length of the sequence is small L = O(1).
Finally, the authors of Ref. [36] consider a very interesting
case of in-context learning linear regression where both the
token dimension d and the sequence length L (correspond-
ing to the number of samples given in each context in
Ref. [36]) are large, but they analyze only a linear attention
layer, which can be seen as a special case of ridge
regression, limiting the generalizability of their approach
to address a broader set of questions. In practical settings,
such as the GPT architectures, both the length of the
sequence L and the embedding dimension d are large,
typically in thousands [37]. It is, thus, critical to build a
theoretically analyzable model, where the thermodynamic
(or high-dimensional) limit corresponds to both the length
L and the embedding dimension d going to infinity.

Another motivation of this paper stems from the follow-
ing lines. While complex nonlinear neural networks per-
form extremely well in practice, the deep learning
revolution has exposed many fundamental questions even
in basic statistical methods like linear regression. Indeed,
describing training procedures in nonconvex optimization
problems is highly nontrivial even in simple single-layer
neural networks with nonlinear outputs, such as in the
dynamics of gradient descent for phase retrieval problems
[38,39]. Another example of a phenomenon that can be
understood already in linear regression (or its slight varia-
tions) is double descent [40], which has fundamentally
changed our understanding of overfitting and the bias-
variance trade-off, while it has been theoretically explained
within the framework of linear regression [40,41]. It is clear
from these examples that such basic models as linear
regression have been extremely useful in clarifying the
properties of modern deep learning. Therefore, the question
arises: What is the basic model, analogous to perceptron or
generalized linear regression, for sequences of tokens? In
this paper, we introduce such a model and initiate its study,
thus providing a rich theoretical playground to tackle
questions about learning from long sequences of high-
dimensional data.

B. Definition of the bilinear sequence regression model

Motivated by the above questions, the present paper
introduces a prototypical analytically solvable model for
supervised learning from long sequences of high-
dimensional tokens, which we name the bilinear sequence
regression (BSR) model. We consider a supervised regres-
sion task on a dataset of n input-output pairs D, =
{(x#, y) iy with X* € RX*4 being the inputs consisting
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of a sequence of length L of d-dimensional tokens and y € R
the labels. We focus here on regression, as opposed to the
more common next-token prediction, because several theo-
retical studies of neural networks focused on linear regres-
sion; we are, thus, able to leverage the insights gained in the
linear regression literature. Following the statistical physics
studies of the teacher-student setting to analyze learning with
fully connected neural networks, we draw each component of
the input data X’l-‘j independently from a Gaussian distribution
of zero mean and unit variance. The labels are then generated
through the following (teacher) model:

1 L.d r
yﬂNPout<" XZI UT V;a)’ (1)
i 25 2V

where U* € R, V*€R™L, and their components are
taken independent identically distributed (i.i.d.) from a
standard Gaussian and P, is a probabilistic scalar output
channel. The parameter r will be called the width of the
model. Given the dataset D,,, the task is then to learn a
function f:X € R4 — y€R and obtain a good perfor-
mance on a test set.

We consider a Bayesian setting, in which the learner
knows the architecture of Eq. (1), i.e., the form of P, and
the distributions of U* and V*. In this context, the main task
is to recover the values of U* and V*. It is well known that
the optimal performance for this task is reached by the so-
called Bayes-optimal estimator, which corresponds to the
mean of the posterior distribution, as we describe in more
detail in Sec. IL

We think of the inputs X* € RL*? as sequences of tokens
and the outputs y* as labels. As a concrete example, each
row of X* can be thought of as a vector embedding of a
word, so that X* represents a text in some language and y*
may be a sentiment score associated with the text, catego-
rizing its meaning, for example, as uplifting or depressing.
As said above, data in the form of sequences of tokens are
ubiquitous in modern machine learning, including natural
language datasets (where tokens are words and sequences
are phrases) or biological datasets (where tokens are amino
acids and sequences are proteins), yet our understanding of
the performance of learning algorithms on such data is
scarce. In this sense, the model (1) provides a benchmark
dataset where the inputs X* are unstructured (random) and
the function from X € RE*¢ to y €R is parametrized by
ground-truth latent variables U* and V* in a bilinear form
way which is among the simplest functional forms one can
posit when inputs X* are sequences of tokens.

What we perceive as a key property of a simple sequence
model is that in the BSR the factor V* acts on the sequence
elements while U* acts separately on the embedding
dimensions of the data. This is mimicking the way
transformers process data (see Sec. IC for a review).
Indeed, a key aspect of the dot-product attention layer is

that it transforms the representation in the embedding space
in one way (via the key, query, and value matrices) and the
representation in the sequence space in another way (via the
attention matrix). Notice also that the attention layer treats
elements of the sequence in a permutationally invariant
manner (unless positional embeddings are explicitly pro-
vided) and does so as well for the elements of the embedding.

All this is reproduced in our model—the permutational

invariance between elements of the sequence as well as

the transformation of the embedding representation (via the
matrix U* in our model) being different from the trans-

formation of the sequence representation (via the matrix V*

in our model).

In this paper, we show that Eq. (1) is a useful toy model
for supervised learning over sequential data in a similar
way as the teacher-student perceptron for nonsequential
data, which is widely studied in the statistical physics
literature. The key question, then, is how neural networks
learn on such a dataset in order to be able to predict labels
on previously unseen inputs. Additionally, how does the
performance depend on the architecture of the network and
the algorithm used to learn the data?

In the present paper, we address the following questions:
(Q1) What is the performance of the Bayes-optimal

estimator learning from a given number of samples
n of data generated by the model (1) in the limit of d
and L large, proportionally to each other? We
consider the full range of possible values for the
width parameter r, with a specific focus on the
regimes where r is either proportional to d and L or
remains of the order of O(1), as L,d — .

(Q2) Can this Bayes-optimal performance be reached by
efficient algorithms, and which ones?

(Q3) Does the Bayes-optimal performance present sharp
thresholds (phase transitions) in performance as a
function of the number of samples? If yes, at which
sample complexities?

(Q4) How does the Bayes-optimal performance compare
to the performance of linear regression on the
vectorized data?

(Q5) What is the performance of gradient descent min-
imizing a loss that uses an Ansatz for the function
from X to y that matches Eq. (1), and how does it
depend on the parameters of the model, the learning
rate, and the initialization of the algorithm? Unlike
in linear regression, where the most natural loss is
convex, the bilinear nature of the present model
leads to a nonconvex optimization problem with
multiple minima. It is a hard endeavor to understand
the behavior of gradient descent in such cases. This
question is, hence, addressed numerically.

The present paper answers all these questions. In particular,

(Q1) is answered analytically in Sec. IIC, (Q2) via the

generalized approximate message passing-rotationally

invariant estimator (GAMP-RIE) algorithm in Sec. II D,
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FIG. 1. Bayes-optimal test error for the BSR model with noiseless output channel (A = 0) as a function of the sample ratio @ =
n/(dL) (left column) and of the low-width sample ratio @ = n/[r(d + L)] (right column). We plot a different value of the aspect ratio
= max(d,L)/ min(d,L) = 1,5, +oo for each row from top to bottom and in each panel compare several values of the width ratio
p =r/min(d, L) = 0.05, 0.1, 0.2, 0.5, 1, 2 (colored solid lines). In the left column, we also plot for comparison the performance of
optimally regularized linear regression (in this case, 1 — 07) on the vectorized data (it does not depend on p and f3) in the black dashed
line, which corresponds also to the BO error for p — o0. We observe that the BO test error is always better than the linear regression test error
and that it gets better and better as p decreases: The more structure in the distribution of the signal, i.e., the lower the width, the better one can
estimate it. We also observe that the BO test error vanishes at a finite value of a, the so-called strong recovery threshold, and that this
threshold is smaller than one for p < 1. In this regime, there are values of « for which the BO estimator achieves zero test error, while the
linear regression estimator has a nonzero test error. The middle and bottom show the same overall phenomenology as f increases from 1 to
infinity. The right column shows the same curves as a function of the low-width sample ratio @ = n/[r(d + L)], comparing with the already
known low-width BO test error (solid black line) [42]. We observe a clear convergence to the low-width error curve as p — 0, but we
highlight that, e.g., at # = 1, the test error of the BO estimator is still quantitatively better than its low-width counterpart already at p = 0.05.
Notice also that for p — 0 the BO estimator has a weak recovery threshold at @yeq = (1 + A)v/B/(1 + f), i.e., below it has the same
performance as the zero estimator Ky Lero(D) = 0. As soon as p > 0, the weak recovery threshold disappears, allowing for better-than-trivial
performance at all values of &. The weak recovery threshold is marked by a vertical black marker: Notice that for f — oo the weak recovery
threshold is at zero. The Bayes-optimal curves are plotted using Result 2 and Eq. (24) for extensive width and Previous Result 4 for intensive
width. Linear regression is plotted using Previous Result 6.

(Q3) in the discussion in Sec. III B, (Q4) in Sec. III C and C. Bilinear sequence regression as the backbone of a

Figs. 1 and 2, and (Q5) numerically in Sec. IV. transformer and a one-layer MLP mixer
The numerical code used to produce all presented In this section, we describe the connection between the
experiments is available [43]. bilinear sequence regression (BSR) model (1) and modern

021092-4



BILINEAR SEQUENCE REGRESSION: A MODEL FOR ...

PHYS. REV. X 15, 021092 (2025)

— =1 —_— = — (£ =100 === Linear regression, p — oo
— [f=2 — B =10 — f=
p=1

1.00
5 0.75
— N
% 0.50 SN
7 ~
& s

0.25 A \\\

~
~
OOO 1 1 1 1
p=0.2

1.00
5 0.75 1 S~o
= S \\\
£ 0.50 1 Ssq Sso
ﬁ \\ \\
1] \\ \\
= 0.25 4 ~ .~

\\ \\
~ \\
OOO 1 1 1 . 1 1 1 1 .
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
a=mn/dL a=n/dL

FIG. 2. Bayes-optimal test error for the BSR model with noiseless output channel (A = 0) as a function of the sample ratio @ = n/(dL).
We plot a different value of the width ratio p = r/ min(d, L) = 0.05, 0.5, 1, 2 in each panel, and several values of the aspect ratio
B = max(d,L)/ min(d, L) = 1,5, +oo (colored solid lines) in all panels. The black dashed line is the performance of optimally regularized
linear regression on the vectorized data. Again, we observe that the more structured signals (larger  and smaller p), the better the achieved
test errors. The Bayes-optimal curves are plotted using Result 2 and Eq. (24). Linear regression is plotted using Previous Result 6.

neural network architectures that achieve state-of-the-art
performance in vision and natural language processing tasks.

The BSR model can be viewed as a simple, one-layer
instance of the so-called MLP-Mixer architecture (where
MLP stands for multilayer perceptron) [44]. MLP-Mixers
operate on token sequences by alternately applying two types
of MLPs: one applied foken-wise—mixing the embedding
dimensions independently for each token—and one applied
dimension-wise—mixing information across tokens inde-
pendently for each embedding coordinate. These operations
are then repeated across multiple layers.

The BSR model mirrors this structure in a minimal form:
the matrix (U) serves as the weights of a single-layer MLP
applied token-wise, while the matrix (V') corresponds to the
weights of a single-layer MLP applied embedding-coordi-
nate-wise. In this sense, BSR is the simplest variant of an
MLP-Mixer applied to token sequences, analogous to how
generalized linear regression is the simplest variant of an
MLP applied to vectors.

Another way to motivate the form of the bilinear
sequence regression model (1) is as the bare backbone
of a prototypical transformer architecture [19] designed for
a supervised regression task, i.e. where the output is a
continuous scalar. Let us first describe the key components
of such architectures. This part can also serve to readers not
familiar with these types of neural networks, to get a
concise account of their key ingredients.

We consider the following prototypical architecture for a
transformer that acts on sequences of tokens X* € R-*? and
maps them to scalar labels y*. A toy model for a
transformer would typically include a first linear embed-
ding layer, followed by an attention layer, followed by a
fully connected layer with omnipresent skip connections,
followed by a final linear readout. Written mathematically,
the embedding layer implements the linear mapping

U
fembedding: RLXd - RLXd such that

Z,y = [fembedding(X)]ay = Zxaiuiw (2)

with learnable weights U &R, We remark that the
embedding layer usually serves to reduce the dimension-
ality, i.e., d < d. This is because, in language data, d would
correspond to the size of the dictionary, which is typically
much larger than the embedding dimension. The attention
layer with a skip connection implements the mapping

: RE — REX? guch that Z),

= [ attention (Z)]HV

— Z, + biAa,,(Z) <j§d; Zyj(wy) ,y), (3)

f attention
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where wy, € R?*? is a learnable matrix called value and the
dot-product attention is defined as

Ay (X) =softmax {Z (ZI:ZW (wo), )(Zzby wk) )]
(4)

where wy, wx €R?*? are the learnable guery and key
matrices, respectively, and the softmax function maps rows
of matrices into rows of normalized probabilities as

eMab

ST (5)
=1

softmax(M ;) =
A crucial aspect of the attention layer is the fact that it acts
separately in sequence and embedding space. The infor-
mation along the embedding dimension is processed
through the key, query, and value matrices, while the
attention matrix itself acts only on the sequence dimension.
The subsequent one-hidden-layer fully connected network
with a skip connection across the nonlinearity implements
the following mapping:

fMLP . RLXd/ — RLxd/ such that

=7 +G<ZZW W ”) (6)

Zay _fMLP(Z

where wy € R™“ is a learnable matrix of weights and MLP
stands for multilayer perceptron. Finally, for regression
tasks, the natural last mapping is a readout:

RL*d 5 R such that

Z Z ZZ}/ ya> (7)

a=1 y=

f readout +

"
y = f readout Z

where V € R?*L is a learnable matrix.

A realization that is key to motivate the bilinear sequence
regression model (1) is that the skip-only part of this
transformer architecture [essentially setting ¢ =0 and
A =0 in Egs. (3) and (6)] reduces to

L.d d
- Z Xai Z Uiy Vya- (8)
a,i=1 y=1

We are now considering how this transformer architec-
ture aims to learn from the data produced by the BSR model
(1). Notice that if we set the width of the embedding layer
d' to be the width of the BSR model d' = r, the skip-only
part gives an architecture that matches the bilinear sequence
regression model (1) [with Py, (y|y') = 6(y —y') a noise-
less output channel, which is our main focus when applying
our results]. We think of the skip-only part as the bare
backbone of the architecture, i.e., the transformer stripped

of the attention and fully connected layers. We stress that
the skip-only part, thus, acts as a student model that
matches the architecture of the teacher (1).

The case where d' # r is also of interest, particularly
when d' > r, which corresponds to the student model (8)
being overparametrized relative to the target (teacher)
function (1). A detailed analysis of this very rich setting
is deferred to future work, as we focus here on the more
easily analyzable Bayes-optimal case d’' = r.

We also note that transformers such as the ones considered
in Refs. [19,20] actually possess more features than the ones
presented above: For example, they use attention and MLP
layers multiple times, they use positional encoding to
represent the ordering of the sequences, and the attention
layer has multiple so-called “heads,” meaning the size of the
value matrix wy is (d'/h) x (d'/h), with h the number of
heads and the outputs Z’ are concatenated together from all
the heads to get back to dimension d’. The architecture
presented above should be thought of as simplified.

As a matter of fact, the above rationale is valid for any
model with skip connections (not only a transformer)
designed to process sequences of tokens. The BSR would
be the backbone of more general sequence models with
skip connections designed for regression.

D. Related works

As far as we know, the bilinear sequence regression model
(1) was not yet studied in the context of sequence modeling,
neither as a model for synthetic data nor as an analytically
tractable model for learning. It was, however, studied in the
literature under the umbrella of matrix sensing [42,45,46] in
the context of signal processing where U* and V* represent a
hidden signal that is to be recovered.

We note here that other models where the regression
parameters are matrix valued and having structure corre-
sponding to a product of two matrices have been considered
in the literature, e.g., Refs. [47—49]. None of them is exactly
the same as the BSR or the matrix sensing. A more
conceptual difference between such works and ours is that
the models are usually proposed as Ansditze for functions that
are then fitted to the data. Their focus is on regression tasks on
real data, whereas we view the BSR model as a synthetic
probabilistic model to generate data that is theoretically
tractable, allowing us to compute the Bayes-optimal perfor-
mance and to propose a matching algorithm. This is in line
with the statistical physics works on fully connected feedfor-
ward architectures such as the perceptron and its multilayer
version, for which the main contribution of statistical physics
was the analysis of the optimal generalization error, in an
influential line of work [9,10].

Going back to the related work on matrix sensing where
each input matrix X € RE*“ is seen as a random linear
projection operator, the task becomes to retrieve the (some-
times sparse) signals U* and V* from the projections. The
well-known line of work represented by Refs. [45,46]
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proposes and analyzes an algorithm based on a convex
relaxation of the problem, where the nuclear norm (defined
as the sum of singular values) of the matrix $* = U*V*//r
is minimized. Similarly to other convex relaxations, this
algorithm, however, reaches suboptimal performance with
respect to the Bayes-optimal estimator. Another line of
work considered the matrix sensing problem solved via
gradient descent in an overparametrized setting: Their
findings suggested that gradient descent with infinitesimal
initialization could have implicit regularization toward the
minimum nuclear norm [50,51].

The Bayes-optimal performance for matrix sensing, which
is an instance of model (1), was addressed in Ref. [42] using
approximate message-passing algorithms and their state
evolution. Their results provide an exact characterization
of the Bayes-optimal performance in the low-width limit
where L,d - oo with L/d = O(1), n/d= O(1), and
crucially the width remains of the order of r = O(1).
Reference [42] also claims to provide an asymptotically
exact characterization of the case where the width r is
extensive, i.e., r/d = O(1), but this claim is based on
incorrect assumptions, as was later found in the closely
related problem of extensive-rank (the width parameter r
plays the role of the rank) matrix factorization in the line of
work [52-58]. The characterization of the Bayes-optimal
performance for the extensive width r/d = O(1) thus
remained open: This is the first main technical contribution
of the present paper, together with the proposition of an
approximate message-passing algorithm that reaches, in the
studied cases, the optimal performance in polynomial time.

Another model studied in the literature that is technically
related to ours would correspond to the width r = 1, with
each sample X* being a symmetric matrix and U = V7,
Such a model has been studied both for random labels y
[59-61] and with labels generated by a teacher model [62].

On a technical level, our work builds upon the works in
Refs. [55,63]. More specifically, we extend the recent
analysis of Ref. [63], that treats a model that can technically
be seen as a symmetric version of the BSR, where one
imposes U = V! and X,; is a symmetric matrix. Our
derivation further relies on the optimal performance in the
denoising of extensive-rank nonsymmetric matrices [55].

Regarding the dynamics of gradient descent in matrix
sensing, a symmetric version where U* = V* has been
considered in Ref. [64]. There, the authors show that all
minima of the natural square loss for the problem achieve
perfect reconstruction in the high-dimensional limit as long
as the number of samples is of the order of n > C - dr,
where r is the width, but their approach does not have
access to the optimal constant C > 0. A similar model has
also been studied in Ref. [65], where the authors show that
flat minima of a natural loss generalize well if
n > Cr(d+ L), but again they do not have access to the
optimal constant C. In comparison, we consider generic
values of the width, in particular, in Sec. IV the extensive
one r = ©(d), and show by combining the Bayes-optimal

analysis and numerical evidence on gradient descent that an
averaged version of gradient descent generalizes perfectly
as soon as this is information-theoretically possible, i.e., as
soon as the Bayes-optimal estimator generalizes perfectly.
We provide both the scaling n = O(dL) of this threshold,
as well as the constant (see Result 5). Finally, let us mention
that the dynamics of alternate minimization in a related
model has been considered in Ref. [66].

II. MAIN TECHNICAL RESULTS

A. Generalized bilinear sequence regression model

From a technical point of view, it is advantageous to
think about the BSR model (1) in a slightly more general
way. We consider the model

1 L.d
yﬂ ~ Pout('|hﬂ) with W =—— XZiSifa’ (9)
VEd 2

where S* € R™L is a hidden or latent weight matrix,
X# € R for y = 1,...,n are input sequences composed
by L tokens, each a vector in dimension d, and y* € R for
u=1,...,n are the associated scalar labels.

We assume the data to be Gaussian, i.e., X’;i ~N(0,1)
independently for each value of (i, a, i). We believe that this
assumption can be relaxed within the context of Gaussian
universality results (see, e.g., Refs. [67,68]) without altering
the main points of our analysis: We will pursue this
generalization in future works. The labels y* are generated
through a possibly probabilistic output channel P, con-
ditioned on the value of the scalar preactivations 7*.

The BSR model of Eq. (1) corresponds to the specific
case of factorized Gaussian prior on S*, i.e.,

1 r
Sia=72_UiVia: (10)

with U* € R®" and V* € R™! matrices of i.i.d. standard
Gaussian entries. This distribution introduces nontrivial
dependencies between each entry of S*, coupling the token
and embedding dimensions.

Notice that the formulation of the model with structured
S* in Eq. (9) is strictly more general than the BSR and
includes the factorized form of S* in Eq. (1) as a special
case. In particular, all our results on Bayes-optimal learning
in Secs. I and IIT apply directly to the BSR (1) and take into
account fully its factorized structure (through the prior
on S%).

We consider the model (9) in the high-dimensional
setting, where L,d — oo with fixed ratio L = ©(d). In
particular, we define

__max(L,d)

=21
min(L, d)

s
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which remains finite as L, d — oo. / measures the aspect
ratio of the matrices X and S*, irrespective of which among
L and d is bigger. In general, the scaling for the number of
samples 7 in the high-dimensional limit, i.e., the number of
samples needed to at least partially retrieve the signal S*,
depends on the choice of its distribution (and it usually scales
with the total amount of unknowns included in §*).

The main novel results of this paper relate to the so-
called extensive-width limit where the width r is also
proportional to the dimensionality. We, thus, define a
width-related parameter

r
"= min(d, L)

that will remain finite in the high-dimensional limit of the
model. Note that the rank of the matrix S* is constrained to
be at most r, and, generically, when the width r is extensive,
the rank of the matrix S* is also extensive. We, thus, call the
corresponding limit the extensive-width or extensive-rank
case. For p — oo, we expect by the central limit theorem
that the distribution of S* approaches the one of a matrix
with i.i.d. standard Gaussian entries. In the regime where r
scales linearly with d, L, we see that the correct sample
scale to observe nontrivial retrieval of the ground-truth
signal is n = O(dL). We define a as

with @ > 0 finite in the high-dimensional limit. The low-
width limit where p is small down to the width r = O(1) is
considered for comparison in Sec. IIE, building on the
result of Ref. [42].

We stress that our main technical results apply to a much
wider class of distributions for S* (priors), more specifi-
cally, rotationally invariant distributions P, as long they
admit a well-defined limiting spectral density in the high-
dimensional limit. Without loss of generality, we assume
that P, is normalized as

1 L.d
— : _ * \2 __
Q* T d_lgglmﬂESNPo dLL;:l(Sla) - 1' (11)

In informal terms, this ensures that the entries of $* ~ P,
are on average of the order of O(1) in the high-dimensional
limit. Rotational invariance means that Py(S) =
Py(0,S0,) for any pair of rotation matrices O, O, in
dimensions, respectively, d and L, while having a well-
defined limiting (symmetrized) spectral density means that

min(d,L
Zxo

dlLElooz min( d L)
| = us(x), (12)

+ 8[x + 6;(9)]

for some density y5(x), where o;(S) are the singular values

of §/v/dL [the normalization ensures that ¢;(S) remains of
the order of O(1) in the high-dimensional limit].

B. Bayes-optimal estimation

We are interested in predicting the information-theoreti-
cal limits for retrieving the hidden parameters S* from a
typical dataset D,, = {(X*, y*}/,_;. To achieve this goal, we
study the Bayes-optimal (BO) estimator and its perfor-
mance. We are interested in two performance metrics. The
first one is the averaged fest error (also called generaliza-
tion error), which is the error obtained when predicting the
label on a newly sampled (X, y) data pair, and is defined as

gen(*§> ( ) Es [ED|S*

< (3= P (%L—dzﬂ(m)) (13)

where § is a generic estimator [a function mapping the

dataset D to a candidate set of weights S(D)] and by
P (x) we mean the (possibly random) output of the output
channel conditioned on x. Our second metric is the
averaged estimation error, which is the discrepancy
between the estimated weights and the true weights, and
is defined as

1

T s* —8(D)|%. (14)

est(g) [ES* [ED\S*

The BO estimator with respect to either one of the two
performance metrics is defined as the estimator function
§:D — §(D) minimizing the respective metric. It is a very
classical result that the BO estimator with respect to the test
error is given by

Spogen(D) = Esop(sip) Ecx sy X]. (15)

where (X,y) is a newly sampled input-output pair con-
ditioned on a set of weights S and P(S|D) is the posterior
distribution, i.e., the probability that a candidate signal S
has been used to generate the dataset D, which can be
expressed (through Bayes’ theorem) using the prior dis-
tribution and the output channel:

P(S|D)  Py(S HPOM< ‘\/_ZX ) (16)

The BO estimator with respect to the estimation error
instead equals the posterior mean, i.e.,

3‘B»O,est(,Z)) = [ESNP(S\D) [S] (17)
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Both of these expressions are standard (see, for example,
Ref. [69]) and can be recovered by taking the derivative
with respect to the estimator S in the errors’ definitions and
setting it equal to zero.

We remark that for generic P, the two BO estimators
may differ. However, in the case of Gaussian inputs X and
Gaussian label noise [i.e., Gaussian output channel
Py (:|h) = N(h,A), which includes noiseless observa-
tions], one can show that

Egen(s) = Eest(‘§> + A’ (18)

meaning that the estimation and test BO estimators
coincide and that the respective values of the errors differ
only by a constant additive shift quantifying the amount of
label noise. In the following, we focus on this special case,
and for this reason we here restrict our analysis to the BO
estimator with respect to the estimation error. Finally, we
remark that the BO estimation error is also called minimal
mean square error (MMSE) in the literature.

We recall that the estimation error of any estimator Sis
given by

o 1
Eest(S) T [ES* [ED\S*

% Q 2 _ Q) Q
- 5 =3D)? =1+ q(3) —2m(3),

(19)

where we define (using conventions originating in statis-
tical physics [70]) the average “magnetization” m(S) and
“overlap” ¢(S) of the estimator S as

1

m(8) = - s Eoys TH{(5°)7S(D)]  and
4(8) s= - B Eps TS (D)S(D)]. (20)

respectively, and use that the prior is normalized to have
self-overlap O, = 1; see Eq. (11). For the BO estimator,
Nishimori’s identities [70] imply mpg = ggo, from which
we obtain

MMSE = Eest(SBO) =1- 480 (21)

and, moreover, ggo reduces to the overlap between two
independent samples of the posterior distribution P(S|D),
i.e.,

1

qBo = L [ED[ESI,S2~P(S\D)TY(S1TSQ)- (22)

We stress that, in the case of a generic non-Gaussian P,
the BO test error can differ from the BO estimation error.
Yet, it can still be computed as a function of the same order
parameter ggg, Which is the quantity for which we provide

a precise asymptotic analytical treatment in the following
sections.

Finally, we notice that the estimation error for the Gibbs
sampler of the posterior, i.e., the expected estimation error
of a uniform sample of the posterior, satisfies

1
Es:Epjs:Es~p(sip) L |5* = S|?

1
=1-2-7Es Epjs Es-p(sip)Tr[(S*)"S]

! T
+ dL EsEpjs: Es~p(sip)Tr(S"S)

1
=1-2mpo + dL Es EpjsEs~p(sip)Tr(S"S)

= 2(1 - 6]30)7 (23)

where in the last step we use Nishimori’s identities, stating
that a sample from the posterior is statistically equivalent to
the ground truth. Notice the crucial difference between the
BO estimator and a sample of the posterior: In the overlap
term ¢(S), the BO estimator uses the overlap between two
independent samples of the posterior, while the Gibbs
sampler uses the self-overlap of a single sample of the
posterior. This implies that the estimation error of the Gibbs
sampler, on average, is twice the BO estimation error.

C. Optimal error for extensive-width BSR

In this section, we present our novel results concerning
the asymptotic characterisation of the BO estimator and of
the associated optimal estimation error in the high-dimen-
sional limit for all output channels. These results provide
the answer to (Q1) posed in the Introduction. We start with
the general case of arbitrary rotationally invariant priors on
S and follow up with the results for the extensive-width
BSR model as a consequence.

Result 1 (MMSE for generalized BSR)—Consider any
rotationally invariant prior Py(S) such that the empirical
symmetrized singular value density of § = S/v/dL with
S ~ P, converges to a well-defined probability distribution
for d - oo with # = {[max(L, d)]/[min(L, d)]} > 1 finite.
Call iy the symmetrized singular value density of
Y =S+ +/5Z, where Z is a matrix of ii.d. Gaussian
entries N (0, 1/v/dL) and & > 0. Define the sample ratio
as a =n/(dL).

Then, lim,_,,, MMSE = 1 — g, where (g, ) €R? are a
solution to the nonlinear system of equations

1 2 . (ﬁ - 1)2 272 . 5
g=1 —5+Wfdxﬂz(x) {7"‘7/@@) .
.« (0 1oui(2.y59))?
g=2 / Dzdy 2o\ &Y D)7 2
q Low(2, 53 9) @)
where
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dhdh
Iout(z’y;q) = /z—ﬂpout(y|h>

X exp <—]_Tqi12 + (Vagz + h)iil). (25)

The integral over y is intended over the image of P,. The
dashed integral is regularized as specified in Appendix A in
Ref. [55]. In the case where Eq. (24) admits multiple
solutions, one should pick the one maximizing an asso-
ciated free entropy, whose expression we provide in
Appendix B; see Eq. (B49). Notice that for Gaussian
output channels Py (:|h) = N(h,A), the equation for g
simplifies to

a

Avi-g (26)

a:

Result 1 can be obtained by performing a nonrigorous
(hence the phrasing “result” rather than theorem) but exact
computation based on replica theory, detailed in Appendix B.
One writes the partition function associated to the posterior
distribution, computes it through replica theory, and obtains a
saddle-point characterization for the overlap order parameter,
i.e., Eq. (24). The main technical novelty in Result 1 is that,
for rotationally invariant priors with extensive rank, a
standard factorization passage of the computation fails
(contrary to what has been claimed by Ref. [42], where
the authors’ analysis is not correct in the extensive-rank
regime; see the references cited in the Introduction on the
matter). However, we can now overcome this difficulty by
adapting recent results for Bayes optimal extensive-rank
matrix denoising [53,55].

The main difficulty in solving Eq. (24) is the compu-
tation of fiy(x), which for generic rotationally invariant
priors is a priori nontrivial. For the factorized Gaussian
prior on S, corresponding to the BSR model, this difficulty
can be overcome. Details on how to compute efficiently
fty(x) in this specific case can be found in Section III. 3 and
Appendix F in Ref. [55], adapting previous work by
Ref. [71]. The explicit formula for the MMSE for the
BSR model is then as follows.

Result 2 (MMSE for the bilinear sequence regression
model, consequence of Result 1)— For the bilinear
sequence regression model, MMSE =1 — ¢, where ¢
satisfies Eq. (24). The spectral density fiy(x) to use in
Eq. (24) is characterized as follows. Define the Stieltjes
transform of fiy(x) as

_ ﬁg(x)
gy(z) = /dx . (27)
Then,
9y(2) = zgp2(2), (28)

where gy2 is the Stieltjes transform of the asymptotic
spectral density of Y¥T (if d < L) or of Y7Y (if d > L).
Moreover, gy (z%) is the root with largest imaginary part of
the quartic polynomial Y 4_; a,X*, where

ag ==y,
ay =y{l(w — @) +yn(d —w) +yz?)]},
ay = =G —w)* + (o —w)* + w2 (29 — )

— my?z* g,
as = =C2P(2Ly — 20 — 2y + 20 + w22,
a; = (n—9), (29)

where ¢ =p/p, w=p, n=(1+6)Vp, and {= /.
Finally, the symmetrized singular value density can be
recovered as

fiy(x) = ! lim Im gy (x — ie). (30)

T e—0"

We start by highlighting that in this result the factorized
nature of the prior (10) enters explicitly through the
parameters ¢ and y, both dependent on the width parameter
p of the BSR model. Even more, the full form of the
spectral density fiy(x) actually depends on the choice of
prior (10), in the sense that a different prior with the same
width parameter p, but different overall structure, will have,
in general, a different spectral density.

Notice also that, whenever p < 1, the symmetrized
singular value density of S has a delta contribution at
the origin with mass (1 — p), while the nontrivial bulks of
the distribution (positively and negatively supported) each
have mass p/2. Moreover, while the asymptotic spectral
distribution of S is singular due to the delta peak, the one of
its noisy version ¥ = § + V/8Z can be shown to possess a
smooth density for all values of § > 0 [72].

Finally, in the limit of large > 1 (i.e., when L > d or
L < d) and of factorized Gaussian priors [see Eq. (10)], we
are able to simplify Result 1 significantly, bypassing the
computation of the nontrivial limiting spectral density. We
present this result in Appendix C 4.

D. Message-passing algorithm

For general rotationally invariant priors Py, we are also
able to derive an algorithm that, in the high-dimensional
limit, achieves the MMSE (unless computationally hard
phases arise, which we have not observed in the present
problem; see the discussion in the remainder of the section),
giving an efficient implementation of the posterior mean,
an often intractable problem. This provides the answer to
question (Q2) posed in the Introduction. The algorithm we
present is a variant of the well-known generalized approxi-
mate message-passing (GAMP) algorithm [73], with an
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additional matrix denoising step, similarly to the algorithm
designed in Ref. [63].

Result 3 (GAMP-RIE for rotationally invariant priors)—
Consider the same setting as in Result 1. Define

(1) Gou as

1 (dz2(z — w —(z—w) /2VPO z
gout(y’w’ V) :=_f ( —> w)?/2V ( | )
V deé o Pout(y|z)

(31)

fRIE(R = UAV, 5) = Udlag (/11
with iy as defined in Result 1, and

MMSEdenoising(é) =6-

which reduces to g (v, @, V) = (y —@)/(A+ V)
for the Gaussian label noise output channel with
variance A [i.e., Poy(-|h) = N'(h,A)];

(i) frie(-,6) as the BO rectangular matrix Gaussian
denoiser (Results 1 and 2 in Ref. [55]) with noise-
to-signal ratio § and MMSEeygising(5) the corre-
sponding MMSE. Explicitly, if R = UAV is the
singular value decomposition of a matrix R, with
A = diag(4y, ..., 4,), the denoiser acts on each
separate singular value as

VB

e, e

is the associated BO mean square error. The dashed integral is regularized as specified in Appendix A in Ref. [55].

Then, Algorithm 1 achieves at convergence an overlap g =
[1/(dL)|Es Epys Tr[ST(D)S(D)] satisfying Eq. (24) in the
high-dimensional limit. For the specific case of the BSR
model, we can analytically compute the spectral density /iy,
as detailed in Result 2. -

Notice that Algorithm 1 depends explicitly on the width
parameter p and on the full factorized form of the prior of
the BSR model through the spectral density fiy, as detailed
in Result 2.

Algorithm 1.

Letus now justify the last claim of Result 3, concerning the
performance achieved by Algorithm 1. It builds on the
connection between approximate-message-passing algo-
rithms and replica theory, which is a well-established result
in the theory of generalized linear models [70]. This con-
nection stems from the fact that AMP algorithms can be
tracked in high dimension by an iterative update equation for
the order parameters, such as the overlap ¢ and its conjugate
parameter ¢, called state evolution [74]. One can show that
the state evolution equations for Algorithm 1 are

GAMP-RIE for the BSR model with extensive width.

Result: An estimator Syp

Input: Dataset {(X¥, y*)}1_,;

Initialize S,_y ~ Py, set S,_g = S,_o/VdL and ¢,y = 1, w,_g = 1 x [1, ..

Rescale X = X/\/__,

while not converging do
e Estimation of the variance and mean of Tr(STX*);
V,=c, and o = Tr(S]X*) - Gou Vs @, Vi)V

I]T S [RN, Vt:() = 1,

e Variance and mean of S estimated from the channel observations

=2 Z” 1 gout(
° Update of the estimation of S* with the prior information;
S = frie(R;, A) and ¢, = MMSEenoising (A—,)Q
t=t+1;
end
Rescale S'AMP = \7L_d§,.

,@f,V,)? and R, = S, +A\@ZM 1 Gour (Y N AV CH
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(0 Iout 2,5 ‘h))
out Z y QI)

:—/Dd

di+1 = I

2 . B—1)>
it g | P

272

N 1
T3y, <x)2 = 1 = MMSE gepoising (5) ) (34)
t

3

where Y, = S + /1/4,Z, the last equality is justified in Eq. (B46), and

qt = Tr(ﬁfﬁz)- (35)

This is just a particular iterative scheme for Eq. (24),
justifying our claim that Algorithm 1 satisfies Eq. (24) at
convergence.

To derive the state evolution equation (34), one can
follow directly Secs. 6.3 and 6.4 in Ref. [70] (see also
Ref. [63] for a symmetric version of the same GAMP-RIE
algorithm). One considers the relaxed-BP algorithm
(Algorithm 1 in Ref. [70]) with the substitution f, —
Srie and f, = MMSEgisins—notice that in Ref. [70]
these functions are applied coordinatewise on R,;, while
here they are applied directly to the full matrix, as in
Ref. [70] they consider factorized distributions P,. Then,
one can follow independently Sec. VI. 3.2 in Ref. [70] to
derive the GAMP-RIE algorithm (our Algorithm 1) as an
asymptotic approximation of the r-BP algorithm and
Sec. VI.4.1 in Ref. [70] to derive the state evolution
equations for the GAMP-RIE algorithm from the r-BP
algorithm. Both derivations can be followed step by step
with the mentioned substitutions. The first of the state
evolution equations is then found directly. For the second
state evolution equation, one notices that

d 1
RES, +—2Z

t

in distribution, where S, is the ground truth and Z is an i.i.d.
Gaussian noise [both normalized to have O(1) singular
values]. Thus, S,,; is the BO estimate of S,, and the
associated MSE satisfies ¢, = MMSEyepgising(1/4;) =
1 —g'*!, where ¢'*! is the overlap between the iterate
S,H and the ground truth §,, leading to the second,
nontrivial, state evolution equation. A more general treat-
ment of state evolution for GAMP with nonseparable
denoisers is given in Refs. [75,76].

We stress that, depending on the choice of prior and
output channel, Algorithm 1 may not achieve the BO
performance when initialized at zero overlap with the
ground truth. This is usually referred to as a computa-
tional-to-statistical gap [70,73,74], denoting a region where
we have MMSE < 1 (i.e., the BO estimator retrieves some
information about the ground truth), while the AMP
algorithm is stuck at a larger, possibly trivial MMSE.

This can happen if among the solutions of Eq. (24) there are
multiple local maximizers of the associated free entropy
(B49). In that case, GAMP-RIE will find the local
maximizer with smallest value ¢, while the BO perfor-
mance will be given by the global maximizer. A gap arises
if the local maximizer with smallest value ¢ is not the
global maximizer.

For our case study, i.e., the BSR model with Gaussian label
noise, we do not observe any such gap. In Appendix A, we
verify that the free entropy (B49) has a unique local
maximum and that our solver of Eq. (24) finds that
maximum, for a selection of values of f, p, and . While
not an analytical justification, our observations do not
provide any hint to the existence of such a computational-
to-statistical gap, allowing us to conjecture that no hard phase
is present for this specific choice of prior. Other rotationally
invariant priors may still, however, exhibit computational
gaps, but we leave such a study for future work.

We provide numerical experiments on the GAMP-RIE
algorithm in Sec. IIT A, Fig. 3. Notice that to improve the
convergence of the algorithm we use a damped version,
where the iteration for the variance and mean of Tr(S7 X*),
ie., V, and w,, becomes (e.g., for V) V, = (1 —y)c, +
yV,_; for some damping factor 0 < y < 1. We also needed
to fine-tune the scale of the initialization ¢,_q = {, w,_g =

Ex[1,..,1)]TeRN, V,_y = to { ~20 to obtain satisfac-
tory results We discuss how we tuned y and ¢ in
Appendix A.

Notice that Algorithm 1 provides the Bayes-optimal
versions to the class of matrix denoisers considered in
Ref. [77], in which the authors approximate the RIE
denoiser with different suboptimal denoisers.

E. MMSE in the low-width case

We recall here the results of Ref. [42] for the MMSE in
the low-width case with our notations. In Appendix B, we
rederive the result of Ref. [42] in the more general case of
correlated low-width priors. In Appendix C3, we also
derive the large $ limit of this result.

Previous Result 4 (MMSE for low-width BSR model
[42])—Consider the factorized Gaussian prior on S (10) in
the low-width high-dimensional limit, i.e., d - co with
p =max(d, L)/ min(d, L) fixed and r = O(1). Define the
sample ratio as
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A=0 A=0.1
1.00 - — 5=1.0,p=1.0
—— B=20,p=1.0 4
— - 1
g 0.75 — B3=1.0,p=02 .
[«] — —
) +
] 1)
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FIG. 3. Comparison between the BO test error and the test error of GAMP-RIE (Algorithm 1) for two choices of the aspect ratio
f = max(d, L)/ min(d, L) = 1, 2 and the width ratio p = r/ min(d, L) = 0.2, 1 in both the noiseless A = 0 (left) and noisy A = 0.1
(right) cases. Solid lines are the theoretical prediction from Eq. (24). The crosses represent numerical experiments for the test error
measured after iterating GAMP-RIE until convergence, on instances of size min(d, L) = 100, with initialization from the prior
distribution. Each point is a run over a single realization of the data and ground truth. The Bayes-optimal curves are plotted using Result

2 and Eq. (24). The performance of GAMP-RIE is given by Eq. (14) applied to the output of Algorithm 1.

_ n p
a = = a.
r(d+L) p(l+p)
Then, MMSE = 1 — ¢, where ¢ is a solution to the non-
linear system of equations

(37)

q9 = 9192

go BHDP -
B+1)apg+q+1)

PN A i el 2
(B+1)g(pa +q+p)

7 0. 1o (2,y:q))?
fl—g/DZdy( Z Ollt(Z y Q)) ,
q Low(2,¥59)

(38)

with the same /I, as in Result 1.

Notice importantly that the result depends on the number
of samples n and the width r only through the ratio a.
Consequently, the dependence of the MMSE on the width r is
very simple. Compared to this, the MMSE in the extensive-
width regime depends on the widths in a richer way.

Notice that Result 1 (for the extensive-width case) and
Previous Result 4 (for finite width) apply to different scalings
for the number of samples n. In particular, one can see that
nonzero overlap in the low-width case happens on a sample
scale n = O(rd), much smaller than the scale n = O(d?) in
the rotationally invariant, extensive-width case.

Previous Result 4 is derived in the strictly intensive width
regime r = O(1). The extension to all subextensive widths
r < d may be technically nontrivial (see Refs. [78-80] for
related discussion in another model), but it turns out that
Previous Result 4 can be recovered as the limit p — 0
[recall r = pmin(d, L)] of Result 1 (with an appropriately
rescaled sample ratio); see Fig. 1.

We also note here that optimal algorithms based on
message passing for low-width priors have also been
derived and discussed in Ref. [42].

Let us remark that our Result 2 completes the analysis of
all scaling regimes for the BSR model. It turns out that only
three nontrivial scaling regimes are present as a function
of the width scaling, ie., r < O(d), r=0(d), and
r > O(d). Indeed, Fig. 2 shows that in the extensive-width
regime r = O(d), when r/d — 0, the performance reduces
to that of the r < O(d) regime. On the other hand, we show
in Appendix C5 that in the extensive-width regime
r=0(d), when r/d — +o0, the performance reduces to
that of linear regression, which is the Bayes-optimal
estimator for i.i.d. Gaussian priors (to which the factorized
BSR prior converges in the large width limit).

III. CONSEQUENCES OF MAIN RESULTS

In this section, we study the Bayes-optimal test error, i.e.,
the minimum theoretically achievable test error, for the
BSR model and Gaussian label noise, as a function of the
parameters f# = max(d, L)/ min(d, L) (the sequence length
to embedding dimension ratio), p = r/min(d,L) (the
width ratio—note that a lower p corresponds to a more
structured prior), @ = n/(dL) (the number of samples
ratio), and A (the label noise). We identify the correspond-
ing phase transitions in the performance, thus answering
question (Q3) from the Introduction.

We also compare the BO estimator to some other baseline
algorithms. Importantly, in Sec. IIl C, we compare with the
linear regression on the vectorized sequence of tokens, thus
quantifying the advantage of an estimator specializing in
sequences of tokens over basic linear regression, which
answers question (Q4) from the Introduction.
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Again, notice that the factorized nature of the prior (10)
enters explicitly in all our results, typically through the
dependence on the width parameter p of the BSR model.

A. General phenomenology of the
Bayes-optimal performance

Figures 1 and 2 show the BO test error as a function of
the sample complexity a, for several values of f and width
p, and in the noiseless setting A = 0. We observe that
lower values of p and larger values of S (i.e., larger
structure in the prior) lead to lower test error. We also
observe that the BO estimator can achieve zero test error at
a finite value agp < 1, defining a threshold called the
strong recovery threshold that we discuss in detail in
Sec. III B.

We provide analogous data for A > 0 in Appendix A.
The overall phenomenology is similar, with the important
difference that we observe no strong recovery at finite a,
and the test error in the noisy case to be a continuous and
differentiable function of the parameters.

In Fig. 1, right column, we highlight the convergence of
the extensive-width test error to the low-width result for
p — 0, after appropriately rescaling the sample ratio « to
a={p/[p(1 + p)]}a. We observe quantitative differences
from the low-width result for width ratios as low as 0.05,
stressing the fact that the extensive-width analysis is
relevant in finite-size applications, where p may be small
but not strictly vanishing.

Figure 3 shows numerical experiments on GAMP-RIE
with max(d,L) = 100 forf = 1,2,p = 0.2, 1,and A = 0,
0.1, comparing it with the MMSE obtained by solving
Eq. (24). We observe a very nice agreement already at these
moderate system sizes.

Result 2, combined with Previous Result 4, provide the
full picture for the Bayes-optimal test error in the BSR
model, completely solving question (Q1). Additionally,
Figs. 1 and 2 showcase the phenomenology for the noise-
less observation channel. We have also answered positively
to question (Q2), as the GAMP-RIE algorithm efficiently
achieves the BO error in the high-dimensional limit.

B. Strong and weak recovery thresholds

In the noiseless output channel, we can provide an
explicit characterization of the strong recovery threshold,
i.e., the value of apg such that, for all @ > apg, zero test
error is achieved.

Result 5 (BO strong recovery threshold)—Consider the
same setting as in Result 1, and specify it to the BSR model
(10) and noiseless output channel. Then, in the high-
dimensional limit, the strong recovery threshold satisfies

The derivation of the threshold is performed in
Appendix C2 and involves expanding Result 1 in the
limit ¢ — 17 and § = +o00. We recall that, for nonzero
label noise A, the strong recovery threshold is at infinity.

For comparison, the strong recovery threshold in the
low-width limit equals lim,_,, ago = 0, and in the more
appropriate low-width sample scaling

. . p
limagy = lim————app = 1, 40
p=0 BO /)—>0p(1 +ﬂ) BO ( )

which can be derived either by taking the limit of Eq. (39)
or independently by taking Previous Result 4 and solving
the corresponding equations, as we do in Appendix C 1.

We remark that the strong recovery threshold can be
guessed (but not properly justified) also through a counting
argument where we compare the number of observations
with the number of degrees of freedom (see also Ref. [77]).
The spectrum of S* accounts for a number O(d) of degrees
of freedom. The singular vectors of S* are a set of r
orthonormal vectors in dimension d and one in dimension
L. It is known that the set of 1 < r < d orthonormal vectors
in dimension d, as a manifold (called the Stiefel manifold),
has dimension [81]

1
dim(r, d) = dr — r(’; )

(41)
Thus, by a dimensional argument, the number of samples
needed to learn such bases for r < min(d, L) (i.e.,, p < 1)
should equal

r(r+1) r(r+1)

:dT—T+LV—T+O(d)

:(d+L)r—r(r+1)+(’)(d)~%(1+ﬂ—p)dL. (42)

This counting argument recovers the analytically derived
threshold (39) and hints to the fact that this threshold will
be universal to a larger subset of rotationally invariant
priors with rank constraint, not limited to the BSR model
for which our derivation of Eq. (39) holds.

We now turn to the weak recovery threshold. Recall that
yeax 18 the largest a such that the performance of the BO
estimator is the same as the performance of randomly
sampling the prior. In the extensive-width case, the weak
recovery threshold @, is trivial. In other words, a,e =0
for p >0, and for any « > 0 nontrivial recovery is
achieved. Instead, in the low-width case, a nontrivial weak
recovery threshold arises (also for positive label noise A) at

VP

Ci g (43)

(_xwea.k = (1 + A)

We derive this threshold in Appendix C 1.

021092-14



BILINEAR SEQUENCE REGRESSION: A MODEL FOR ...

PHYS. REV. X 15, 021092 (2025)

This section gives a clear answer to question (Q3). For
noiseless output channels, the BO test error has a sharp
threshold, corresponding to a second-order phase transi-
tion, between a region of positive error (at a small number
of samples) and a region of zero error (at a large number of
samples). Result 5 pinpoints the sample complexity « of the
transition analytically. This, together with previous results
for the low-width case, provides a full picture of the
transition in the noiseless BSR model.

Notice that our result for the BO strong recovery
threshold agrees with lower bounds discussed in
Appendix 4.3 in Ref. [77] and originally shown in
Ref. [82] in a related context of matrix denoising. This,
along with Algorithm 1, settles the question posed by
Ref. [77] whether an AMP algorithm can reach the naive
dimensional lower bound for the strong recovery threshold.
We answer positively and provide an AMP which not only
achieves optimal recovery threshold, but that is also
optimal at all sampling ratios a.

C. Comparison with linear regression
on the vectorized data

As a crucial baseline motivating this work, we consider
here the performance of linear regression performed on the
vectorized input data. In the context of learning sequences
of tokens, this amounts to flattening the data matrix
X € R*4 into an Ld-dimensional vector, thus losing
the semantic separation between token space and embed-
ding space. The performance of such a procedure is
quantified below.

Comparing this baseline to the Bayes-optimal perfor-
mance of the BSR model quantifies the gain one can get
when performing learning using a specialized sequence
model as opposed to vectorizing the data and using fully
connected neural networks (of which linear regression is
the simplest example), effectively discarding some prior
information.

Previous Result 6 (performance of ridge regression for
Gaussian output channels and arbitrary priors)—Consider
the ridge regression estimator

S |1 -1/2 2
Sridge(D> = arg Smln |:5 zﬂ:(y,, - (Ld) / Tr(STX”))

+ %Tr(STS)] , (44)

and a dataset D generated by Eq. (9) with Gaussian label
output channel with variance A and arbitrary prior P
normalized such that Q, = 1. Define the sample ratio as
a = n/(dL). Then, the optimal value of the regularization
is Agpy = A, and the mean square estimation error of the
optimally regularized ridge regression estimator equals (in
the large-dimensional limit)

l+a+A—\/(a+A+1)?-4a
2 b

MSE[¥ = (45)

which reduces to MSEL¥® | = max (1 —a,0) in the noiseless
case.

The analysis of empirical risk minimizers for convex
losses, and, in particular, for ridge regression, is standard; see
Ref. [17], for example, for a very generic derivation. We point
out here only that the prior, arbitrarily complicated and with
extensive width, enters this performance only through its
second moment Q, = 1 due to the choice of £, regulariza-
tion. This can also be seen directly by the explicit solution of
the ridge regression problem, which notably depends only on
the second-order statistics of the data and labels.

Figure 1 shows the BO test error as a function of « for
several values of f and p and compares with the perfor-
mance of linear regression (which is independent on p and
p in the scaling we chose). We see that, in all cases, larger
values of # and smaller p lead to more significant gains in
using the prior-aware BO estimator compared with the
simple ridge estimator, in both noiseless (A = 0) and noisy
(A > 0; see Appendix A) cases. _

Notice that in the noiseless case we see that MSE[} s° | = 0
at a = 1, recovering the trivial fact that an invertible linear
system of p equations in p unknowns has a unique solution.
More generally, the strong recovery threshold for ridge
regression with noiseless data is given by ayge = 1.
Whenever p < 1, there exists a full range of sample ratios
apo < @ < ayigge Where the BO estimator achieves zero test
error, while the ridge estimator does not.

As p — o0, S converges to a matrix with i.i.d. standard
Gaussian entries: The problem is effectively vectorized, as
there remain no correlations between the token and
embedding dimensions L and d. In this limit, we expect
that optimally regularized ridge regression will achieve the
BO performance, as the loss and regularization choice
matches the distribution on S and the generative process for
the labels. This is indeed the case, as we show in
Appendix C5 by explicitly computing the large-p limit
of Eq. (24) for the BSR model.

This answers question (Q4) from the Introduction:
Vectorizing data and learning it with linear regression is
suboptimal for any finite p. For 0 < p < 1, the suboptimality
is particularly striking, as there exists a full region of sample
ratio agp < @ < 1in which linear regression has nonzero test
error, while the BO estimator achieves zero error.

D. Comparison with a minimal nuclear norm estimator

As discussed in the Introduction, previous works
explored algorithms based on nuclear norm minimization
to solve the matrix sensing and denoising problem
[45,46,82]. It is instructive to compare the performance
of this algorithm to the optimal estimator. The minimal
nuclear norm estimator (MNNE) is defined as
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Synng = arg min ||S||,,. = arg min Tr(\/ SST)
| Ld
such that y* = —— X! -Sian 46
y m; ai (40)

where we recall that the nuclear norm is just the sum of the
singular values of a given matrix. This algorithm is the
convex relaxation of the minimum rank estimator, where
one seeks a matrix with minimal rank fitting the dataset. It
has been observed [46,82] that the MNNE can achieve zero
estimation error, provided that the ground-truth matrix S$*
has constrained rank (i.e., 0 < p < 1) and that the number
of samples # is large enough. The authors are also able to
characterize the corresponding strong recovery threshold
avinng and provide an explicit asymptotic value, which we
report here for completeness.

M(A;p, ) = p(1 4+ =p) + (B=p) |[pA* 4 (1 =

for 0 <p <1 and § > 1, with

y=—. (50)
Then, the strong recovery threshold of the MNNE satisfies

OMNNE = OsAISr}gl(p’ﬂ)M(A;P’ﬂ)- (51)

The minimum can be computed numerically by solving the
zero-derivative condition dM/dA =0 on the interval

(0,74), ie.,

Previous Result 7 (strong recovery threshold for the
MNNE [46,82])—Consider the Mar¢enko-Pastur distribu-
tion defined by

1

- 2yt (ry =0t =r-) Ly _p (1), (47)

p,(1)

where y, = (1 +,/7)%, and define its complementary
incomplete moments as

P, (x:k) = / " (1)dt. (48)
Let
p)(P,(A%1) = 2AP, (A2; %) + A?P,(A%; 0))} , (49)
I
P, <A2;%) — A - P,(A%0) :%. (52)

This can be done by a bisection algorithm.

In Fig. 4, we plot the theoretical prediction of aynng
from Refs. [46,82] and compare it with the BO threshold
ago that we derive in Sec. III B for different values of . We
observe that for all values of 0 < p < 1 and f > 1 the two
thresholds are different, and, in particular, agg < yNNE-
This highlights an intrinsic suboptimality of the MNNE,
which for an extended range of values apg < @ < ayNNE
fails to achieve the BO performance.

™
Il
S R

FIG. 4. Comparison between the BO strong recovery threshold (Result 5, solid lines) and the MNNE strong recovery threshold

(Previous Result 7, dashed lines) for # = max(d, L)/ min(d,L) = 1,

2, 10 as a function of the width ratio p = r/ min(d, L). On the left,

we plot the strong recovery thresholds in the scaling @ = n/(dL), natural in the extensive-width case p > 0. On the right, we plot the
same data in the low-width sample scaling @ = n/[r(d + L)], highlighting the strong suboptimality of MNNE at low ranks and widths.
The colored markers on the vertical axis highlight the finite p — 0 limit of the strong recovery threshold of MNNE, as given in Eq. (53).
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In the low-rank regime p — 0, Ref. [46] provides the
following asymptotic value for the strong recovery thresh-
old of the MNNE:

AMNNE = }E}%ﬁaMNNE = 2<1 + %) (53)

while for the BO strong recovery threshold we have
lim,_,ago = 1. We, thus, see that also in the low-rank
limit (with the appropriately rescaled sample ratio) the
MNNE recovery threshold remains suboptimal. This is akin
to what happens in the compressed sensing problem when
we compare the Bayes-optimal performance to the perfor-
mance of the convex relaxation via L; regularization [83].
In Appendix A, we provide numerical experiments com-
paring the performance of the MNNE estimator with the
BO test error, with GAMP-RIE, and with the prediction for
the strong recovery threshold (Previous Result 7).

IV. BEHAVIOR OF GRADIENT DESCENT

Arguably, the most interesting algorithm to study in the
context of the BSR model is gradient descent (GD), since
its variants are the driving horse of state-of-the-art appli-
cations of machine learning. We consider here the BSR
model with Gaussian additive noise channel and assume the
width parameter r is known. For this case, the most natural
choice of loss function is

n L.d r

1 1 :
—_ M H V.
LUV=32 <y Va2 2 UV) oY

u=1

where U € R and V € R™L. The loss is then minimized
over the factors U and V using the following gradient
descent iterations:

Ul =U' =V L(U', V") and VH =V =V, L(U', V")
(55)

with 7 > 0 being the learning rate. Unlike in linear
regression, the loss (54) is nonconvex, and, thus, keeping
particular attention to the initialization, learning rate, and
the stopping criterion is required to properly understand the
properties of the GD estimator. In general nonconvex
settings, the generalization performance of the GD algo-
rithms is mostly a widely open question that is actively
studied.

In this section, we initiate the understanding the perfor-
mance of the GD in the BSR model and investigate how the
choice of initialization and learning rate influence the
performance of the algorithm, thus providing some answers
to (Q5) from the Introduction. We argue that the BSR
model is a simple yet very interesting model to further the
understanding of the broad set of questions behind the

functioning of the GD algorithm. Without exhaustively
mapping the possible choices of initialization, learning rate,
and stopping time, we identify two remarkable properties
and discuss them further below:

(1) GD can reach the Bayes-optimal performance—For
the noiseless BSR model, we find that, for well-
chosen learning rate and factors initialized in the
prior distribution, GD behaves as if it was sampling
uniformly the space of global minimizers, and an
averaged version of GD [defined in Eq. (56)] reaches
the Bayes-optimal generalization error. We stress
that there is no a priori reason for GD being able to
sample the minimizers; this observations is, thus,
very surprising. When noise is present, the behavior
is more complex, and GD does not seem to sample
the minimizers anymore. Numerical evidence is
given in Fig. 5. Note that similar properties were
observed for a related model in Ref. [63].

(i1) Implicit regularization of GD, but not with respect to
the minimum nuclear norm—We find that many
choices of the learning rate and initialization lead to
a generalization performance that is better than the
one of a randomly chosen global minimizer. An
interesting existing line of work proposed that in
some settings the implicit regularization may be
related to the nuclear norm [50]. We, thus, ask
whether this would be the case in the BSR model.
Our numerical investigation suggests that in the BSR
model, even with small learning rate and small
amplitude initialization, GD does not minimize
the nuclear norm. This is evidenced in Fig. 6.

More work is needed to fully characterize the behavior of
the GD algorithm in the BSR model, and this characteri-
zation is a prerequisite for further understanding of learning
dynamics in more complex sequence models.

A. GD and the Bayes-optimal performance

In Fig. 5, we initialize both U and V as i.i.d. Gaussian
matrices, with each entry having mean zero and unit
variance, i.e., from the same distribution as in the BSR
model (1). Figure 5, left, shows that GD run on the BSR
model without noise reaches very small training loss if the
learning rate 7 is properly tuned and a test error equal to the
one of a uniformly sampled global minimum of the loss
[this is usually called a Gibbs sampler for the posterior
distribution and has test error equal to twice the BO test
error as we show in Eq. (23)]. This prompts us to speculate
that runs of GD with independent initialization may be
close to sampling the space of global minimizers of the loss
(as a Gibbs sampler would do). Notice that GD can
converge only to the boundary of the set of global
minimizers and that in high dimension the uniform measure
over such set is plausibly concentrated on the boundary,
provided that the set of global minimizers is not patho-
logical. This observation, plus the numerical observation
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FIG.5. Comparison between the test error achieved by GD and AGD initialised in the prior and of the BO test error for f = 1, p = 0.2,
and A = 0, 0.5 (left and right, respectively). In the noisy case, we depict the test error minus the variance of the noise A. Solid lines are
the BO test error; dashed lines are twice the BO test error corresponding to the error of the Gibbs sampler. Orange crosses are numerical
experiments for the test errors at the end of the run of GD for d = L = 100, maximum number of steps z = 50000, and runs are
averaged over 16 instances of the data. Blue squares are numerical experiments for the test errors at the end of the run of AGD (averaged
over 32 initial conditions), and they are averaged over two instances of the data (eight in the right up to @ = 0.6). The error bars denoting
standard error on the mean are negligible. In both cases, a fine-tuned value of the learning rate 57(a) must be used, dependent on the
sample ratio . We provide the values used to generate this plot in Appendix A. The green crosses mark the value of the training loss at
the end of the training for GD. The gray vertical line in the right-hand side marks where the number of samples equals the number of
degrees of freedom. Finally, red dots are numerical experiments for GAMP-RIE, with a single random instance of d = L = 100. We
observe that, in the noiseless case A = 0 (left), GD achieves a test error compatible with the error of the Gibbs sampler and that AGD
achieves a test error compatible with the BO test error. Instead, for A = 0.5 (right), we observe that AGD does not reach the BO error,
and, moreover, it trivializes (namely, all differently initialized runs of GD converge to the same estimator) for « large enough, roughly
around a ~ 1 here. We show qualitatively similar comparisons at # = 2 in Appendix A. The Bayes-optimal curves are plotted using
Result 2 and Eq. (24). The performance of GAMP-RIE, GD, and AGD are given by Eq. (13) applied to the output of the respective
algorithm.
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FIG. 6. Left: comparison between the test error achieved by GD initialized with small norm (blue crosses, d = L = 50, maximum
iterations 7 = 10, learning rate # = 0.2, initialization norm &> = 10™*) and its early stopped version (blue dots) averaged over 16
instances, the test error of the MNNE (orange squares, d = L = 50) and of the BO test error (solid black line; dashed lines are twice the
BO error corresponding to the error of the Gibbs sampler) for f = 1, p = 0.2, and A = 0. We observe that the MNNE performs slightly
better than GD with small initialization up to roughly the BO strong recovery thresholds, while for larger & GD becomes better and
notably has a better strong recovery threshold than MNNE. Right: comparison between the MNNE and several runs of GD with small
initialization (maximum iterations z = 20 000), all on the same instance of the data and ground truth with d = L = 50, p = 0.2, and
A = 0. We perform this comparison at @« = 0.45, where the left suggests that GD will achieve zero error, while MNNE does not. We run
GD from two different initialization magnitudes > = 1073, 10~* (orange and blue curves, respectively; thick curves mark the average),
and we also run GD from the MNNE initialisation (see the main text for a precise definition). We observe that in all cases GD
outperforms MNNE at convergence. The Bayes-optimal curves are plotted using Result 2 and Eq. (24). The performance of MNNE and
GD are given by Eq. (13) applied to the output of the respective algorithm.
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that the test error matches the Gibbs sampler, justifies our
speculation.

The Bayes-optimal estimator in the noiseless case is
given by averaging over the global minimizers of the loss.
Given our hypothesis above that GD samples uniformly the
set of global minimizers, we are prompted to average J GD
runs to construct a novel estimator. If our hypothesis is
correct, then this averaged estimator should achieve close
to BO performance. Thus, we sample J different pairs of
initial matrices (U9,V9) and iterate GD for 7 iterations

obtaining (U7, V7) to compute the estimator of S as

. 1L U5Vs
SGD,avg:jZ \/; . (56)

J=1

We call this the averaged GD (AGD) algorithm. Figure 5
shows that this AGD estimator indeed reaches the Bayes-
optimal test error. This observation holds for different
values of f.

Figure 5, right, shows experiments in the same setting
but with label noise A = 0.5. We observe here a different
phenomenology, in particular, with AGD not reaching the
BO test error. We notice also that the training error equals
zero before the naive interpolation threshold where the
number of samples equals the number of degree of freedom
(@ = apo in the BSR model). At the interpolation thresh-
old, AGD has a trace of what may be an interpolation peak,
which does not appear in the simple GD. More work is
needed to fully understand whether there is a way to tune
the parameters of the AGD algorithm to reach the BO error
also in the noisy case.

B. Implicit regularization of GD, comparison to the
minimum nuclear norm

The data reported in Fig. 5 depend strongly on the choice
of the initialization and the learning rate. We consider
initialization where the component of matrices U° and V°
are still i.i.d. Gaussian random variables of zero mean but
this time with variance ¢>. Figure 5 is for ¢ = 1, but
initializing with small ¢° is considered more interesting,
one reason being that the BO estimator at a = 0 is simply 0.
In Fig. 6, left, we show that GD initialized with small norm
6> =103 or 107 reaches a test error which is slightly
larger than the BO one but still significantly smaller than
initializing at 6> = 1 (where nonaveraged GD reaches the
Gibbs sampling error). When GD leads to a better test error
than a random global minimizer, the machine learning
literature often refers to so-called implicit regularization of
gradient descent [50,51,84,85]. What we observe in Fig. 6
is a clear sign of implicit regularization. In this case, the
role of the learning rate is less influential, as long as it is
kept small enough (see Fig. 11 in Appendix A). We also
find that for small initialization early stopping can be
advantageous, as also reported in the figure.

It is natural to compare GD with small initialization to
the MNNE, as it was suggested that in some settings (in
particular, overparametrized ones) gradient flow with
vanishing norm at initialization has an implicit bias toward
minimizing the nuclear norm [50]. Later work then
questioned this conjecture and disproved it in a constructed
special case [51]. In the BSR model, we find numerically
that GD starting with small initialization does not go to the
minimizer corresponding to the smallest nuclear norm.
Evidence for this is reported in Fig. 6. In particular, the
most striking difference between GD and the MNNE is at
values of sample complexity a slightly above the BO strong
recovery threshold but below the MNNE strong recovery
threshold, where we see that GD already reaches strong
recovery and the MNNE does not.

In Fig. 6, right, we show a numerical experiment on a
single instance of the data and ground truth, comparing the
test error during training for GD with small initialization and
small learning rate (6> = 1073, 10~*) and GD initialized in
the MNNE solution with the MNNE error. To initialize GD in
the MNNE solution, we consider the singular value decom-
pOSitiOH of the MNNE SMNNE = UMNNEDMNNE VMNNE’ and

we take U° = UypneV/ Dy and similar for V, where
Dynng is the truncated version of Dy to the leading r
singular values. We plot this comparison at « = 0.45, where
we observe GD to achieve zero error and MNNE to not
achieve zero error from the averaged comparison in Fig. 6,
left. We clearly see that at a single instance GD outperforms
the MNNE estimator and that the MNNE estimator is not
even a stable minimum of the GD landscape.

V. DISCUSSION AND FUTURE DIRECTIONS

We introduced the bilinear sequence regression as a basic
model for learning from long sequences of high-dimen-
sional tokens. In this paper, we addressed and answered
questions (Q1)—(Q4) posed in the Introduction. Our analy-
sis involved techniques of statistical physics that are, in
general, not mathematically rigorous, and the rigorous
establishment of our results is a clear avenue for future
work. Concerning question (Q5) about gradient descent, we
investigated the behavior of this algorithm numerically, and
it is clear that, already for this rather simple model, there is
a very rich behavior of gradient descent that can be observed.
Our experiments reveal some of the intriguing properties of
GD in the BSR model. A clear avenue for future work is to
analyze the behavior of gradient descent in the large size
limit, e.g., via dynamical mean field theory [86], and aim to
explain our numerical observation theoretically.

The need for a detailed understanding of the properties of
the optimizer is also emphasized by a set of experiments
that we performed using the toy transformer architecture
presented in Sec. I C on the data from the BSR model. We
observed that the performance is comparable to what we
report for gradient descent in Sec. IV. The transformer
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model seems able to figure out that the attention part of the
architecture is not useful and only the skip connection is.
However, again the performance depended strongly on the
optimizer used, and, thus, it seems to us that attempts to
quantify the cases where the attention layer is advantageous
need to be preceded by a more complete understanding of
the gradient descent and its variants.

Since sequence models are behind the recent progress of
artificial intelligence, having a basic model for studying
learning from sequences of tokens opens the avenue to
address many of the questions underlying these systems.
For this, future work will need to generalize the BSR model
in several directions.

(1) Structured input data and more general tasks—So
far, we considered Gaussian i.i.d. input data X and a
task defined by Eq. (1). One should generalize the
model to add nontrivial structure in the input X to
mimic correlations present, e.g., in natural language.
A step toward this that is technically achievable may
be done in a similar manner as in the hidden manifold
model in Ref. [15] or in the general Gaussian
covariance model treated in Ref. [17]. For sequences
of token, the correlation can be added both between
different tokens and among the different embedding
dimensions, two cases which are of interest.

(i) Learning with other architectures (in particular,
those involving attention layers)—In this paper, we
start with the analysis of the Bayes-optimal perfor-
mance for data generated by the BSR model. We
then consider gradient descent for the model (8) that
matches the BSR model, d' =r. The next step
would be to study in detail the mismatched case
where the learning model uses a different width than
the data generative model d’' # r. The landscape of
the corresponding loss (54) is of interest as well as
the behavior of the GD algorithm. Future work
should also study models that include attention
layers and clarify how their use is related to the
structure in the data or task.

(iii) Training algorithms—In this work, we studied the
Bayes-optimal estimation and a related message-
passing algorithm. Understanding the behavior and
properties of gradient descent theoretically is more
challenging and is left for future work. Gradient
descent should also be analyzed in more general,
e.g., overparametrized d' > r settings. Studying the
behavior and properties of other algorithms such as
stochastic gradient descent, variants with momen-
tum, and adaptive learning rates are also of interest.
Investigation of an algorithm that would eventually
lead to better learning than the currently existing
variant of gradient descent would be immensely
important.

Of course, the investigation of the above three directions
cannot be done separately, because the right architecture

will depend on the structure of the data and the task and on
the fact that the used training algorithm needs to run
efficiently. The three ingredients—the data or task struc-
ture; the architecture or estimator; and the algorithm—
interplay in ways that need to be understood better. The
present paper initiates this study for sequence models and
opens a natural program for future research along these
directions, in terms of both more realistic models and
avenues for developing the methodological toolbox to
study learning in high dimensions.
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APPENDIX A: ADDITIONAL PLOTS

In this section, we provide additional details on the plots
we presented in the main text, as well as additional plots for
different values of the parameters.

(1) In Fig. 7, we verify for # = 1,2 and p = 0.5, 1 that
the free entropy as a function of ¢ is maximized at a
unique nontrivial ¢ < 1 solution for all values of
a < agg. We cannot check all values of alpha. We
check a selection and claim that by regularity of the
free entropy no hard phase (i.e., no maximality of the
trivial solution of the state evolution equations
g = 1) is expected up to the largest value of alpha
we checked, which is numerically very close to the
predicted strong recovery threshold for all values of
p and p shown.

(i) Figures 8 and 9 are the noisy versions, with A = 0.1,
of the main text Figs. 2 and 1, respectively.

(iii) In Fig. 3, left, for a < agg we use { =20 and
y = 0.5, while for a > agg we use { =20 and
y =0.8. In Fig. 3, right, we use { =20 and
y = 0.5. In all cases, the tolerance used to determine
convergence is € = 107® on the MSE between
successive iterates. Around the transition apg in
the noiseless case, more iterates are needed, and for
this reason we use a lower tolerance € = 1078,

(iv) In Fig. 12, we plot the MSE of the MNNE as a
function of « obtained through finite-size numerical
simulations [max(d,L) =20, 50 using CVXPY
[87,88]] for p =1, 2 and p = 0.2, 0.5. We observe
that, somewhat surprisingly, for 0 < a S ago the
performance of the MNNE is quantitatively very
close to the BO performance, while for agg < a <
avnng the MNNE performs sizably worse than the
BO estimator. A theoretical prediction of the MSE of
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FIG.7. Freeentropy (B49) for f = 1,2 and p = 0.5, 1 as a function of g. We highlight that the free entropy has only a single maximum
in 0 < g < 1 in all these cases.
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FIG. 8. The same as Fig. 2, only with A = 0.1.
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FIG. 9. The same as Fig. 1, only with A =0.1.

the MNNE in the high-dimensional limit is, as far as (vi) Tables I and II list all learning rates used to
we know, not readily available. produce Fig. 5.

(v) Figure 10 is the rectangular version f =2 of (vii) In Fig. 11 we probe the effect of the learning rate on
Fig. 5, and Table III indicates the learning rates the test error. We can see that if we initialize with small

used. norm, we need the learning rate to be small enough for

20 TN~
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—
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é X\o GAMP-RIE
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OO T T T T —
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FIG. 10. The same as Fig. 5, only with g = 2.
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FIG. 11. Test error as a function of the learning rate for GD initialized with small norm (left) or in the prior (right). Here, D = 50,
p=1,p=0.2,and a = 0.44. In this regime, we expect GAMP-RIE to achieve zero error. We can see how choosing the right learning
rate influences the performance of the model rather drastically.
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FIG. 12. Comparison between of the test error of the MNNE estimator and the BO test error for p = r/ min(d, L) = 0.2, 0.5 and
f = max(d,L)/ min(d, L) = 1. Dots are numerical experiments for MNNE at max(d, L) = 20, 50 averaged over 16 independent
instances of the data and ground truth, and error bars denote the standard error on the mean. Solid lines denote the BO test error, dots and
crosses the predicted asymptotic strong recovery threshold for the MNNE estimator (Previous Result 7), and red dots the performance of
AMP (same parameters as in Fig. 3). We observe two qualitatively different behaviors. For &  apo, the MNNE estimator achieves a test
error very close to the BO one. For agg $ @ < aynng instead, the BO error is precisely zero, while the MNNE error is nonzero. Finally,
our numerical experiments are compatible with the theoretical prediction for the strong recovery threshold of MNNE (Previous Result
7). We show qualitatively similar comparisons at f = 2 in the second row.
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TABLE 1. Learning rate as a function of sample complexity for Fig. 5, right.
Sample ratio a = n/(dL) 0.05 0.1 0.15 0.2 0.25 0.3-0.45 0.5-0.6
Learning rate 0.7 0.75 0.65 0.58 0.53 0.5 0.45
Sample ratio a = n/(dL) 0.65 0.7 0.75-0.8 0.85-0.9 0.95-1.1 1.15-1.25
Learning rate 5 0.4 0.35 0.3 0.25 0.2 0.15
TABLEIL Learning rate as a function of sample complexity for ~ rotationally invariant priors. To obtain the associated results
Fig. 5, left. set p = 1.
Sample ratio a = n/(dL) 0.05 0.1-0.33 0.45-0.5
Learning rate 5 0.5 0.7 0.3 2. Preliminaries

TABLE III. Learning rate as a function of sample complexity
for Fig. 10.

Sample ratio « = n/(dL) 0.05 0.1 0.15 0.2 0.23 0.35
Learning rate 5 0.85 0.75 0.7 0.65 0.65 0.25

GD to perform well, while if we initialize in the prior,
we need to carefully tune our parameters.

APPENDIX B: REPLICA COMPUTATION FOR
THE BAYES-OPTIMAL CASE

In this appendix, we derive Result 1, and we rederive
Previous Result 4 under more general priors, through the
replica method. We study both the intensive and extensive-
width BSR model using a common framework. We then
specialize to the extensive case in Appendix B 10 and to the
intensive case in Appendix B 11.

1. A word on scalings

In the following derivation, we consider the sample ratio
a =n[r(d+ L)|, where the number of samples scales
proportionally to the number of unknown scalars in the
ground-truth signal. This allows to treat the low-width case
r<d and the extensive-width case r = O(d) within a
unique framework. This choice dictates also the overall
scaling for the free entropy (defined below) to be
O[r(d+ L)]. In the extensive-width case, one recovers
the results in term of the ratio @ = n/(dL) through the
rescaling

. n B
a_r(d—i—L)_p(l—i-ﬁ)a. (BD)

The scaling @ makes sense only for factorized priors, where
r exists. Our computation holds also for nonfactorized but

We start by recalling the definition of the posterior
distribution and the associated partition function. The
posterior distribution P(S|D) is the probability that, given
an observed dataset D, = {(X*,y"},_,, the dataset has
been generated from a given set of weights S. By the Bayes
rule, we have

P(Dy|S)Po(S)

P(S|D,) = )

2
>

\/_.Tr STX/‘)) (B2)

where P(D,) is interpreted as the normalization factor for
the distribution (as it is independent on D,)) and for this
reason is thought of as a partition function. As usual in the
statistical mechanics of disordered systems and in its
applications in inference, we expect the free entropy ®p =
{1/[r(d + L)]} log P(D,) to concentrate both with respect
to the variable S and the quenched disorder D in the high-
dimensional limit. For this reason, we study the averaged
free entropy ® = Ep®p, and we do so using the replica
method.

3. Replica trick

The first step is to study the integer moments of the
partition function EpP(D, )", from which the averaged free
entropy can be recovered (using a carefully chosen analytic
continuation in u) as

1
=——FEplog P(D
r(d—l—L) p 108 ( n)

1 E u_
_ im DP<Dn> 1 )
I”(d + L) u—0 u

(B3)

The averaged replicated partition function is (we call S, the
ground truth S, to highlight the fact that it behaves
identically to other replicas)
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u n 1
EP(D,)" = Ex,.s / dS,Po(Sa) | | Pou (y"‘ fTr(SZX")>
Y90 ‘]11 E Of dL

u n 1
= ExEs,Eyx.s / dS,Py(Sa) | | Pou ()’”' TY(SZX”)>
0oy 0 al;! H \/LTE

pu=1

n 1 u n 1
=E /dSP S dy'P (”’ Tr(X*S >/ dS,Py(S, P <” ——Tr SgX”)
X 0 0( 0)1:[ Y Eout| Y \/d_L ( 0) !;11: 0( )Ig out | Y \/d_L ( )
= dS PO [EX" / dyﬂpou[< Tr STX”)>
J1 it
dh* di A 1
= dS,Py(S,)Exs /dy ——7— Pou (y"|h””> exp [ih"” (h"” - Tr(SaTX”))]
/ ﬂ)ﬂ X m)Nr T VdL
IR A 1 =«
= dS Po(S)Exu [ dy*dh*“ Py | y*, i ) exp| —i —==h""Tr(STX*) |, B4
where we define
N A dh R
Poy(y, h) = 2_”P0ut(y|h) explihh]. (BS)
For the Gaussian noise channel P, (y|h) = N(y;h, A), we have
N ~ dh 2 2 .2 dx 2 .2 1 .2 22
P h) = —[(y=h)?/2A]+ihh _ lhy/ —(x*/2A)—ihx _— ___ ,ihy—A/2h B
(- 1) / 2rv/27h ) v ¢ ’ (B6)

which reduces to the noiseless case for A = 0. Notice also that by normalization [ dyP,(y|h) = 1, implying

N ~ dh A dh . ~
/ dyPon(y. ) = / dy " p (e / i = (). (B7)
2r 2

4. Disorder average

We can now perform the average over the data X*. We have

1 u_ 1 d u_o
Ex«exp| —i nTr(X*S,) | = Exuexp| —i X/ h”“Sa,-->
X p< \/_dL; ( )> * p( wL;; =S
= exp > “h"”ZZSa iSbi
2dL a2 ==
= exp (-— >R Q(S,, Sb)) (B8)
a,b=0
where we introduce the overlaps
Sa’Sh dizzsallsblj (S Sh) (Bg)
i=1 j=1

This allows us to rewrite the replicated partition function as
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EP(D,)" = / ds ,dy* di {HP()(Sa)Hi’om (yu/wﬂ exp (——Zhﬂ“h”” (S sb>>
a pa

uab
an an T ua A ~ua
vtz ASadyt it [HPO(SJHPM (y"lh” )]
( ”) a Ha
1 P . A r(d+L N
X exp <‘§Zh" W Quy + ir(d + L)Y QuyQus — z%zguﬂr(&f Sb)>
uab a<b a<b
. anbanb . A A ~a 1 fath n
= /7(2][)“(”1)/2 exp<zr(d+L);Qaanb> [/ dydh® P,y (y|h )exp<—5%;h o,
x [ / dSaPO(Sa)exp< rd+1L) T ;QabTr (S S,))] (B10)

5. Replica symmetric Ansatz

Itis well known that, in the BO case, the replica symmetric Ansarz is correct due to Nishimori’s identities [70]. Then, we

can take QOO - QO’ QOa m, Qaa Q and Qab =dq and lQOO - QO» lQOa - = A’ lQaa Q and lQab - _q
Nishimori’s identities additionally imply m = ¢ and Qy, = Q, and similarly for the hat variables. Using these
simplifications, we can perform the following rewritings. The algebraic term becomes

~ A 1 A
i 0uQu = (+1)00 - =44 = (1+1)Q0 -3 4+ O(). (B11)

a<b

The output channel term can be treated by a standard decoupling trick involving an Hubbard-Stratonovich transformation.
One has first the rewriting

Zh“thab - QZ ()2 +qY hh" = (0 —q)> _(h*)* + q(Ziz“>2 (B12)

a#b

and then the Hubbard-Stratonovich decoupling
q ra 2 ra
exp <_§ (g:h ) ) x /Dzexp(ﬁzza:zh ) (B13)
where Dz denotes integration against a standard Gaussian measure, from which
d apb _ 25 . 0-q4, A\
ydh" Poy (y|A*) exp Zh W Qu ) = [ Dzdy| | dhPou(y|h)exp( —=>—h* + /qzih
= /Dzdylout(z7 y)u+1

= [ Dotz +u [ Dadvtin(z. ) ogl(zy) + 002). (B14)

where

lan(z09) = [ diPaliyes (=700 4 it ). (B15)

A similar procedure can be repeated for the prior term. We start by
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=iy O Tr(SISy) = =0 Tr(SIS,) + ¢ > Tr(SLS,)

a<b a a<b
A q T q T
_<Q +§> za:Tr(SaSa) —i—E;TF(SaSb)v (B16)

and then

ot (55 (59)) - fora(-rorm e in(r () o

where Y is a d x L matrix with standard Gaussian entries. This gives

/dS“PO(S“)exp<—l rd+L) ZQabTr (S Sb))

a<b

_/DY[/dSPo(S)exp( %<Q+ >Tr(STS)+ %ﬂﬁ(ﬂs))]uﬂ

:/DYIO(Y)““
LHO/DYIO(Y) +u/DYIO(Y) log I(Y) + O(u?), (B18)
where
Ih(Y) = / dSPO(S)exp< %(Q%— )Tr(STS) N%EL)\/EH(YTS)) (B19)

6. Zero replicas: Q and Q equations

For u = 0, we need to recover the trivial result EP(D,,)° = 1. The replicated partition function in that case equals

EP(D,)’ = /%e p( (d+L)QQ+nlog/Dzdonut(z,y) —Hog/DYIO(Y)), (B20)

where [using Eq. (B7)]

/ Dzdyl,y(z,y) = / Dzdydhb o, (y]h) exp (-%iﬂ + \/zjziiz) —1 (B21)

and

DYI,(Y) = o(S) ex LQ:r(STSH \/TYTS
/YI(Y) /DYdSP(S)ep( (“)( q) d+L )

d
_ / dSPy(S) exp (- % (Q + %) Tr(S7S) + %gTr(STSO
= / dSPy(S) exp (— % QTr(sTS)> . (B22)

Taking a saddle-point approximation on the scale r(d + L) gives two equations for Q and 0, namely, 0 =0 and
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| JasPy(S)exp (—QTr(STS)> EETISTS)
0= Hd+ L) =7 / dSPy(S)Tr(STS) = Q,. (B23)
[ dSPy(S) exp (—QTr(STS)> 0=0

This, in turn, implies that at the saddle point

/ DYI,(Y) = / dSP,(S) = 1. (B24)

7. Free entropy

At the first nontrivial order in u — 0, the replicated partition function reads (using the above results for Q and O and
dropping irrelevant constant factors)

1
EP(D,)" « /dqdc}exp {ur(d+L)<—2qq+&log/DYIO(Y) log I4(Y)

1
+7r(d+L) log/Dzdylout(z,y) loglout(z,y))], (B25)

from which we get

1 1 _
O = extry, <—§qq +m/DYIo(Y) log Iy(Y) +a/DZdy10ut<Z’y) loglout(zvy)>' (B26)

8. Equation with respect to ¢
Taking the derivative with respect to g gives

<

= 2a0, / Dzdyl (2, y) log oy (2. y)

— 2 / Dzdy(1 + log Iu(2. )3, Tou (2. y)- (B27)

Now, using Eq. (19) in Ref. [42], we get

aqlout(zv y) = aq / th(h, \/C_]Z; 0. - Q>P0ut (y|h>

612/2

24 0, |:€_Zz/zaz / d”l./\/(h, \/az; 0. - Q>Pout (y|h>:|
eZ —22/2
- 2q aZ [e azlout(z’ y)]’ (BZS)

giving

021092-28



BILINEAR SEQUENCE REGRESSION: A MODEL FOR ... PHYS. REV. X 15, 021092 (2025)

q= 2&/Dzdy<1 +10g Lo (2. ¥)) 0yl ow (2. ¥)

e?/?
= -2a / Dzdy(1 +log Ioy(z,)) 2 0. [@‘Zz/zazlom(z,y)}

= q \/— dzdy(1 +10glom(z,y))0z{e‘zz/zazlout(z,y)}

=, \/ﬂ dzdyo, (1 4 log Ioy(z. y))[e‘zz/zazlom(z’y)}

= 2
e

which matches Egs. (60) and (76) in Ref. [42] modulo a different definition of the sample ratio @. For the Gaussian noise
channel, we have

dh A+
Iout(ZvY) :/zﬂ_exp< # (\/_Z+y)lh>

- 1 oxo( — (vVaz+y)*
2r(A+ 0 —9q) p< 2<A+Q—q))’ (B30)

from which

- /Dzdyw
IOU[(Z’ y)

(&/fQﬂq ( (Vaz +y)? )

\/ZJT(A—l——Qq 28+0-4)

_ DZ)’

_ T ( ? )
«/27r(A+Q q 2(A+0—q)
A+Q*—61 (B30

We also have, for the free entropy term and Gaussian output channel,
(V/az+y) (V/az+y)?
eXp (‘ 2(Af+Q—q)> exp (‘ Z(A\/;Q—q)>
Dzdy log
V2r(A+0-q) \/22(A+0Q-q)

oo(-1)
Dtlog

V2r(A+0—q)
/Dt(—g——log (27(A+0Q - 61))>

1 1
= _E_EIOg (2z(A+Q—-q))

/ Dzdylout(z9 y) log Ioul(L y) =

:—%log(A—i-Q—q)—l----, (B32)

where we change variable y — (y + /qz)/+/A 4+ O — ¢ = t and keep only the order-parameter-dependent terms in the last
passage.

021092-29



VITTORIO ERBA et al.

PHYS. REV. X 15, 021092 (2025)

9. Equation with respect to § and a denoising
subproblem

The nontrivial part of the free entropy, involving g, is

1
r(dm/ DYIy(Y)log I(Y), (B33)
where (recall that f = L/d)
Io(Y) = / dSPy(S) exp (—r(dziLL)E]%Tr(STS)
r(d+L)q

We recognize that this quantity is proportional to the
entropy H(Y) = —Eylog P(Y) of the observation Y in
the denoising problem

r(d+L)g

Y =
dL

S.+Z (B35)

with prior S~ Py and additive i.i.d. standard Gaussian
noise Z, by the identification /(¥Y) = P(Y) [notice that we
show in Eq. (B24) that [, is properly normalized]. Thus, g
plays the role of a rescaled signal-to-noise ratio. Moreover,
we have that by the -MMSE theorem the derivative with
respect to g of the denoising observation entropy will be
related to the MMSE of the same denoising problem.

Thus, to proceed we need to solve the asymptotics of this
denoising free entropy for the prior (10) and, in particular, of
the associated MMSE. This requires different approaches
based on the scaling of r. If r < d, the computation is already
in the literature [42], but we reproduce it here for convenience
and generalize it to correlated priors. If r = O(d), the
computation for the denoiser has been carried out in
Ref. [55], but its application to our problem is novel.

10. Equation with respect to ¢ in the
extensive-width case

In the regime where r = p min(L, d) with constant p, we
use the results from Ref. [55] (which more generally apply
to all rotationally invariant priors). Again, in this subsec-
tion, we assume that d < L, understanding that the general
case is retrieved by substituting d — min(L, d). It is best to
rescale the various quantities to match those in Ref. [55] to
easily adapt their results. We define

(B36)
We want to compute
1

1T =——— [ DYIy(Y)logly(Y B37

g | PYeee (). (837

where

Io(Y) = / dSPy(S) exp (-%n(sfs) + \/gTr(yTs)). (B38)
We perform the change of variable ¥ = Xm/\/g, S = §m, and S, = §*m and get
1 ~ VLd
Lo [ dvas.ps. oo/ VEQ e (— Ly - s - &)])
log [ dSPy(s) 2o/ VI exp (— gty - sy7(y - 5)1)
N/ , . | Ld, 2%
TR / AYAS. Po(S. N $..6/VLATH(YTY) 4y =olos T2 (B39)

where Py is the rescaled prior, still normalized and such that its samples have O(1) spectral density. Notice that after the
rescaling we have the denoising problem ¥ = S + 1/8(q)Z. The second term can be simplified to
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i [ s By (SN (5 5.0/ VEQTHYY) = “BW [ as.rus ><6F T TH(STS, ))

2p(1 + p)éd R,
:%v (B40)
s0 that
_peHQ) B 2w
20(1+ 85 20(1+p) ©VLd
+m/deS Py(S.)(278/V/Ld) Ld/zexp<—%T (Y -58,)" (X_S*)]>
x log / dSP(S) exp(— Tr[(X—ﬁ)T(X—g)]). (B41)

We now recognize that the third term is proportional to Eq. (15) in Ref. [55], which is the free entropy of the denoising
problem with noise-to-signal ratio /8. We just need to be careful of a factor 3, as in Ref. [55] the free entropy is normalized
by 1/Ld and not by 1/d* Thus, we can use directly Eq. (18) in Ref. [55] to get (one needs to set = f3)

_p+0.) B 218 B ) 1
S+ 55 20011 5) VL p(1 1) [CO St(f. Bo) - ZU‘Y] /\[ﬂy] (B42)

where iy is the symmetrized singular value density of a matrix distributed as Y in the high-dimensional limit and

2[ny] = ][dxdymxm(y)log x—y| and Alay] = ][dXﬁg(X)log I (B43)

regularized as in Appendix A in Ref. [55]. Thus, translating this back into a function of g, we get, dropping all ¢
independent terms,

0.9 p

p-—L s p-1. .
7= > mlog(Q)_m [BZUJEJ“/@Z]—’_TAM&F\/%Z]} (B44)

Then, taking the derivative with respect to ¢, we obtain the second state equation

_ p 2 1. B
R A T, 65[52[;4&@} 5 A[/mf ]]

5=p/p(1+5)q

= 0.~ 3@+ [ didy. i, 0) {(’;in 3‘;’2/2 By (B45)

where the derivative of the spectral term was computed using Egs. (35), (70), and (71) in Ref. [55].
We also notice that

0— MMSEdenomn (6)
[ﬂsz} ,B A[/'{Y]:| aéq)denommg(é) 252 s ’ (B46)

where we use Eq. (14) in Ref. [55], so that the state equation can be rewritten as
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6(q) — MMSE, enoisin, o(q
q=0,-8q) +5q)* @) 5(5,;2 ¢[6(4)]

=0, - MMSEdcnoising [5(6)} (B47)

The only nontrivial ingredient needed to solve the state equations is the symmetrized singular value density of Y. This can
be computed numerically efficiently, as detailed in Sec. III. 3 and Appendix F in Ref. [55], setting R; = 3, R, = p and
A = §(g) for the factorized Gaussian prior. For generic rotationally invariant priors, this spectral density may be difficult to
compute accurately.

It is also useful to write the associated free entropy. One gets, discarding all terms that are not dependent on the order
parameters (and using Q = Q, = 1),

a a(1-q) _ plog(@)
(I)N—Elog(A—l—l—q)—i- 5 _Zp(l—l-ﬁ)_ +,3 [ﬂ [MSJF\/—Z}

Notice also that by substituting back a = {f/[p(1 + f)]}a and rescaling g — g{p/[p(1 + p)]} we get

(1+5) g(1-q) log(q) [1.. p—1, .
P ﬁ_®z—glog(A+l—q)+‘1 : q) 2‘1 _[ﬁZ%* I/QZ}JFTA[”& Wg]]. (B49)

Wi

A[ﬂs+ )]]. (B48)

In the case of Gaussian label noise, we get § = /(1 — g + A) so that (again discarding all terms not dependent on the
order parameter ¢, the only one left now)

p1+p)  a—1 = gA
ﬂ e~ 2 1 q 7 |:ﬂ [ﬂS-‘r l/Z ALMS_,_ 1/4 Z]:| (BSO)

11. Equation with respect to ¢ in the low-width case

In the regime where r <« d, we rederive results from matrix compressed sensing [42]. We assume without loss of
generality d < L. Not assuming this is equivalent to substituting d — min(L, d) everywhere in this subsection. We want to
compute

1
where (recall that f = L/d)
Iy(Y) = /dSPO(S) exp (—m—ﬁ'B)EI;;Tr(STS) + m—ﬁ'ﬁ)EI;Tr(YTS)) (B52)

We consider factorized priors S = ABT /\/r with A € RE*" and B € R¥*", where the priors on A and B are row-factorized
but arbitrarily correlated along the width r through distributions G4 and Gp. A special case is that of fully factorized prior,
already treated in Ref. [42], among which one finds the i.i.d. Gaussian priors in which we are interested in the main text. To
start, we have

1

rdL
1

" rdL

12(0) = [ES~P0Tr(STS)

[EA,BZAikBjkAille
ikl

1
=- Z[EA [A4A|Ep[B B,
"

1
- ZZ?ZZEZ’ (B53)
kl
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where 4% are the column covariances of A and B in R”. To compute Z and deal with the logarithm, we need to replicate
again. We replicate s times, so that we need to compute Z = lim,_,(Z, — 1)/s with

T, :/DYIO(Y)S+1
:/ <HdSaP0(Sa)> exp< Hﬂq“ZT STS,) )/DYexp( %;;ZYUZS@
- / <1:[dsapo(sa)> exp GH%ZH(SZS,,)) (B54)

a<b

Then, we use the prior
dS,Py(S,) = dA,dB,P,(A,)Pg(B,) (B55)

to get

Tr(S7S,) = Zsasb = ZA“B“ AbBY = - Z<ZA?,(AZ> (ZB;,(B?,), (B56)
i J

ijkl
where the terms we highlighted inside the parentheses are summed over an extensive coordinate i, j and have two free

indices k, [ that run up to r, which are intensive quantities. Thus, we can introduce two overlaps (call them g instead of ¢ to
avoid confusion with the overlaps of the original problem)

1 d
géb,kl = Pl ZA?kAibl’
i=1

1L
ggb,kl = ZzBﬁB?I’ (BS7)
J=1
giving
ETr (S&S) ﬂdZQAb «(A)9ap 1 (B)- (B58)

Thus, we have

_ / <1;[dSaP0(Sa)> exp ( d( J;),ﬂ qZT STSb)

a<b
= / < H dgﬁb,kldgfh,kld@gb,kldggh.kl)
a<b.kl
X exp <d(1 +5)q Z Zgﬁb,kzggb,kl —id Z Gav sa8las 1 = 1P Z ggb‘”ggb'kl)
P a<b.kl a<b.kl
x/ <HdAadBaPA( J)Ps(B ) exp ( Z gAb k,ZA,kAbz +i Z ao. klZBthZ> (B59)
; a<b.kl a<b.kl

We take notice that for s = 0 the argument of the exp vanishes, and Z,_;, = 1 as it should. Now we can perform the replica
symmetric Ansatz, with no diagonal as that simplified away and using Nishimori’s identities to avoid having to single out
the zeroth replica, to get
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/ <Hdg/21d9k1dg/31d9k1)

xexp( (14+p)q

ot - ZgA,gA, ap Y ng, 7
/ (HdA dB,P,(A,)Pg(B )exp (ZgA,Z > AgAl Z klZZB?ka?l). (B60)

i a<b i a<b

Now we use the assumption that the priors on A, B are row-factorized, call the prior on a row G (it is a distribution over R’,
so intensive), and get

-/ (H dghdg? dgA]dgkl)
<o (a0 49701 ng,gB, ng‘,gﬂ apte ) ZgB,gk,)

U (H da,G,(a, ) exp (ZQAZZakal>]

a<b

x [/ (HdbaGB( )exp <ng12b“b”>} , (B61)

a<b

where a and b are rows of the respective matrices. Finally, we need to decouple the replicas. We use

exp <ngl;b b ) ~exp (;gg BE; - %Z] bzbﬁ’>
— exp <_§%:§f,za:bﬁa7) exp ( Z <za:ba)gk, (;bl“»
= exp (_%;gg,za:bgbo / dzN (2,0, 95)) exp (Z@Z%)

+1

/dz/\/(z 0,9%) [exp( nglbkb1+2zkbk)] : (B62)

where N (x, 1, X) to denote the Gaussian density with given mean y and covariance X, so that

/ (Hdgﬁ,dgk,dgf*,dgk,>

xexp< (14+p)q

T/ ZQAZQAZ dap s2+1 Znggk1>

X [/ dzN (z,0,) {/ daG(a exp< 2Zk1 klaka[+Zkaak>:|‘+1:|
x [ / dzN (2.0, 5%,) { / dbGp(b exp( ZgBlbkb,+szbk)]S+l]dﬂ. (B63)

Now we take s — 0 and get
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/dzN(z,O, ) {/ daG,(a eXP( Zg/‘lakal + sz"kﬂ
— /dz/\/(z,o,g;j,) [/ daG ,(a)exp <—E%:§2,aka, + Zk:zkakﬂ
x [1 + slog / daG ,(a) exp (—%;gﬁ,aka, +Zk:zkak) +}
=1+ s/dzN(z,O,@‘,?l) [/ daG,(a) exp (—%Z@Qlakal + Ek:Zkak>:|
x log [ / daG(a exp< Zg’,ﬁlaka,Jrszakﬂ

=1+ s5D,(0") +

(B64)

where @4 (") is related to an r-dimensional vector denoising problem with Gaussian noise and prior G4. More importantly,

it is just an r-dimensional integral and r < d. Thus, we get

/ <Hd9121d9£1d9121d9k1> eXp Sd( L+h) Zgll?l kl — Zgll?lgll?l - ngflﬁfl
kl kl
£ 0,(0) 4 ou(a) + ) ).

from which

1 g(l+
1= r(14p) gAsgcggB [M ;gﬁ,gﬁ Zgﬁl ki~ 4 ngzgkz + D () + PPgr (gkl)] ;

where for any (symmetric, positive semidefinite) r x r matrix § we define
@;(9) = /dzN(z,O, 9) [/ daG(a)exp <—nglakal + szak)]
X IOg |:/ daG exp <——nglakal + szak>}

The extremization conditions for Z lead to the equations

gy =a(l+B)gg
R 1 +ﬁ
Iy =a—— 9
9’1?1 = Zagf[q)A(gA),
iy = 205 Pp(3").

At the extremizer of Z, the state equation for the overlap of the original problem reads

1
q= ;29?1951-
kI

(B65)

(B66)

(B67)

(B68)

(B69)

In the special case of factorized priors, Ref. [42] showed that one can take the order parameters g and § to be diagonal and

with all diagonal elements equal. In that case, one can show by explicit computation that
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qm_r/Dm%a%n%L/mmmnm(—;www¢&+m@0}

([ daG(a)aN

a,2//3.1/9))?

|~

MQAQIV@/W [ daG(a)N

where now all g and ¢ are scalars and which leads to
Egs. (76)—(78) in Ref. [42]. Notice that in the extremization
conditions an additional factor » comes out due to the sums
for k, [ in 7 trivializing. Finally, for Gaussian priors one can
solve all integrals in closed form, obtaining the equations

q=g"g",
Fy=a(1+p)gs.
. L+ p
gZ:q—g—ﬁ,

#=7
kil 1_~_§A’
~B

g
9y R (B71)

which can be solved explicitly to

P ARV
B+1DaBg+q+1)
B _ B+1)0°¢ -p
B+1Da(Bg+q+p)
q=yg'q".
Notice that g does not depend on r in this case, so that all

low-rank problems have the same MMSE. This is due to
fact that the priors over the factors are i.i.d.

(B72)

APPENDIX C: CONSEQUENCES
OF THE MAIN RESULTS

In this appendix, we derive various consequences of
Result 1 and Previous Result 4. In particular,

(1) In Appendix C 1, we derive the weak and strong
recovery thresholds for the BSR model in the
intensive width regime, as presented in Sec. III B.

(i) In Appendix C2, we derive the strong recovery
threshold for the BSR model in the extensive-width
regime, as presented in Result 5.

(iii) In Appendix C 3, we derive the large # limit of the
BO error for the BSR model in the intensive width
regime.

(iv) In Appendix C 4, we derive the large f limit of the
BO error for the BSR model in the extensive-width
regime.

a.z/\g.1/9)

(B70)

(v) In Appendix C 5, we derive the large p limit of the
BO error for the BSR model and show that it equals
the error of optimally regularized ridge regression.

1. Weak and strong recovery thresholds in the intensive
width BSR model without noise

The state equations are Eqs. (B31) and (B72), i.e.,

gA: (ﬂ+1)22]2_ﬂ
B+1)apg+q+1)

s (BT -p
B+1)aBg+q+p)

9

q=yg"g",

q_lfq. 1)
The strong recovery threshold agg is such that

figo = Jim 41~ ¢(@)] = 1. ()

as can be seen by explicitly computing the limit. In the
main text scaling n = adL, this translates to

p(1+p)
B

as for r << d then p — 0. This highlights the importance of
the scaling r(d + L) to study both intensive and extensive
width in a common scaling.

The weak recovery threshold, i.e., the value &g, at
which ¢ = 0, can be found by imposing ¢ = 0, which gives
either ¢* =0 or ¢ =0, implying (+ 1)?°¢> —p = 0.
Combined with the equation for g, this gives

Gyear = (1+4)g = (1 +A>1\f_’ﬂ.

Notice that the weak threshold is nontrivial also in the
noiseless case.

=0, (C3)

Ao =

(C4)

2. Strong recovery threshold in the extensive width BSR
model without noise

We have MMSE = 1 — ¢ with the state equations (B31)
and (B47), i.e.,
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p 1-q

p(l+p) @
q:1—5+52/dxﬁ§+\/gz(x)

B-1*  4z* 5

[ﬂ3/2x2 +3ﬂ3/2/‘§+\/5g(x) (CS)
Strong recovery happens for agg such that MMSE = 0,
i.e., for ¢ — 1 and 6 — 0. Rearranging the equations, we
have

o B 1-4(9)
o= Mo+ p o
p B )
“p(1+p) p(1+5) }51385/ dxfis. /57(¥)
p—1)7  4r .
(ﬁ3/72xZ i MLM”SWS;(W} :

X

(Co)

Thus, we need to study the second equation in the limit of
0 — 0 and specifically look whether the integral terms
develop divergencies at 6 — 0.

Notice that, assuming that the last limit-integral term is
finite as we verify later, ¢ = 1, § = 0 is a solution of these
equations for all values of @. This is kind of a trivial
solution, and we expect that it is not the only solution for
low enough values of a. Thus, to find the strong recovery
threshold, which can be seen as the bifurcation point at
which the nontrivial, low-a solution of the equations
merges with the trivial one, we assume that ¢ < 1 and 6 >
0 and take the limit g — 1~ and 6 — 0%, effectively moving
along the nontrivial solution toward the bifurcation point.

Intuitively, for § — 0, the spectral density fig, /s, (x) will

be composed either by a single bulk [if the width parameter
does not constrain the rank of S, i.e., if p > min(1, #)] or by
two bulks [if the width parameter constrains the rank of S,
i.e., 0 < p < min(l,p)], one gapped away from zero and
the other close to zero. This is due to the fact that the
|

spectrum of S is either composed by a bulk gapped away
from zero or diverging at zero or by a bulk gapped away
from zero and an additional delta accounting for the rank
deficiency. Gaussian noise with vanishingly small variance
alters this picture only perturbatively.

Then, if no rank deficiency is present [0 < p < min(1, §)]
and assuming that ungapped bulks are not problematic, the
integrals will have no divergence and

_ s

T p)

Otherwise, the first integral will develop a divergence due to
the interplay of the noised delta peak of the spectrum of S and
the 1/x? factor in the integral, leading to a nontrivial @,.

To follow this intuition, we perform the change of
variable x = v/5z in the integrals, so that

o 5o A
0= i i gy 45V

B-1)72  4r°
ﬁ3/2Z2 +3ﬁ3/2

(€7)

<\/5ﬁ§+mw3z>>2] (8)

The scaling v/ can be guessed, as it allows one to identify
an expression which depends on & only through the

rescaled density V/3fi. 5,(v/8z), which we now study.
As shown in Ref. [71] (but we follow the notations and
definitions of Ref. [55]), the Stieltjes transform of Y =
S+ \/SZ satisfies
gy (%) = zgyyr (%), (C9)
where  gyyr (x?) is a root of the polynomial p(G) =

>4, ar(x?,8)G*. We plug in the equation x = 1/5z, take
the scaling Ansatz G = H/§, and expand everything at
leading order for § — 0, obtaining (after simplifying an
overall factor of 6)

H(Zz):\/ﬁz4_2\/ﬁz2(ﬁ_2p+1)+(ﬂ_1)2+\/ﬁz2_ﬁ+1

(the other solutions have either the wrong sign in front of
the square root or no square root). Here, we define p =
p/min(1,p) for simplicity. Now, recall that u is the
discontinuity at branch cuts over the real axes of H. Thus,
only the square root term will contribute and only when its
argument is negative. The roots of the argument of the
square roots are

. _E2Vp-Dp-B+F-2p+1
+ — \/B 5

(C11)

2 (C10)
[
giving the distribution
£(2) =~ Tim T [(x = ie)H((x — )
_ VB - -2) (C12)

2rz

We can check using Mathematica that
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z/ dzf(z) = (1=p),

2/z+ dzf(z)? :3\/_#”2—@2’
2/1_Z+ dzf(z)z™2 :%. (C13)

The normalization is correct, as we are in a scaling limit
where only the noisy version of the (1 — p)d, contribution
to the non-noisy measure. Notice that all this derivation
holds only for0 < p < 1,as 0 < z_ < z, holds only in this
case. For p > 1, the square root never develops a branch
cut, so that the function f(z) is identically zero.

Thus, we get for p > 1

50 ::Effééfﬁ’ (C14)
as expected, and for 0 < p < 1
S B (1=p)B-p)
d1+5) p0h P
i =€)

For p — 0, the threshold reduces to a, =1, as found
explicitly in the low-width case [Eq. (C2)].
In the main text scaling n = adL, this translates to

21 +p— 0<p<l,
aBoz{ﬂ( B=r) P (C16)

p> 1.

3. Large g limit for the intensive width BSR model
The state equations are Egs. (B31) and (B72), i.e.,

B+1)°3 - p

=G Daa D

s BH1P-p
B+1)aPa+q+p)

q=g"g",

A a

Q—m- (C17)

For large 5, assuming that ¢ remains finite, we have

ﬁ2q2
gAN,\ AN 1o

Ba(Bq)
R

BaBg+p) 14§’
g~ q

1+q’

a

g=—"—. Cl18
a l-g+A (C18)

The equations can be solved explicitly to

1
q:5(1+A+a—V@—1V+xa+wA+Aﬁ,

(C19)
which reduces to
(C20)

g = min(1,a),

in the noiseless case A = 0.

4. Large f limit for the extensive-width BSR model
We have the state equations (B31) and (B47), i.e.,

l—g+A
NEEYESS
o
g=1 —6+52/dxﬁs+ﬁz(x)
(=12 4n*
[ﬂyzxz 3ﬁ3/z/‘§+¢5;<x)2 (e

where we rescale a and ¢ = 1/6 to match the scaling @ =
n/(dL) of the main text with respect to Appendix B.
We show below that

(C22)

flw) = ﬁILI?O\A/E/A‘§+\/SZ<\4/BW>

for a finite and compactly supported function f(w) fully
independent on f. This implies that
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. p-1)?* 4>
g=1 —5+52/dx,u§+\/gg(x) {—/)’3/%2 +—ﬂ3/2'“§+\/3§(x)2

~1_5+52/dw{‘//§ﬁ§+ﬁ;<<fw>[ 3 \/ﬂs+\/’z<\/_ ) }
~1—5+52/de(W)[1 ﬁzf( )]

1—5+52/dev;), (C23)
w
where we change variable x = /fw and use that

/ dwf(w)? < +oo, (C24)

as f(w) is finite and compactly supported. We now need to compute f and show that it is indeed well behaved.
Recall that the Stieltjes transform of fig s, satisfies [55,71]

QX(Z) = ZGYTX(ZZ) (C25)

so that

Wﬁgz(z) (Wﬂw> = W\//;GXTX<\/BW2>- (C26)

Now, recall that GXTX(Z) satisfies a quartic polynomial equation. By rescaling z = v/pw and G = H/+/f and considering
the leading order in S, one obtains the simplified quadratic equation

H*(§—w?) + H[l +pw? = (1 +8)p] —p =0, (C27)

which solves to

V(=8p+pwr —p+1)2 +4p(5—w?) +p—pw? +p—1

wH(w) =w 26— ) , (C28)
leading by the standard inversion formula to the associated measure
J0) = g (e =002 ), (€29)
supported on
b_<w?<b, (C30)
and on the symmetric interval, where we define
bjt—1+5+1ii (C31)
PP

This confirms that f is finite and compactly supported, as t < b_ < b, for all 6 and p. We can also verify that
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/dwf(w) = 2— \/\é_ ww V(bs _WVZQE(;VZ —b)
(f -
27r
271 if p <1,
27:{ 2z otherwise,
= min(p, 1), (C32)

where we use ¢ = w?. This is the correct normalization for
the bulk of the distribution, excluding the rank-deficiency-
induced spike in zero of mass max(0, 1 — p).

Now, we need to compute

/ f

/W Vo =W b))

s w2 (w? = 6)
_ (b —1)(1=b_)
“2n ), 1(1=3)
_ V14+p(p=2+25+(2+8)dp)—dp+p—1
26 ’

(C33)

where we use t = w?. Thus, we obtain the equations

5. Large p limit for the extensive-width BSR model
We have the state equations (B31) and (B47), i.e.,

l-g+A
" ;

q—1—5+52/dxﬁ§+\/gz(x)

(B-1)*  Ar*
{ﬂ3/2x2 sphseizl®) |

5:

(C35)

where we rescale a and ¢ = 1/6 to match the scaling a =
n/(dL) of the main text with respect to Appendix B

We want to compute the p — oo limit of the equations.
Recall that the Stieltjes transform of fg, 5, satisfies

[55,71]

(C36)

and that Gyry(z) satisfies a quartic polynomial equation.

One obtains the simplified quadratic equation in the large p
limit:

1-— A
sol-ath
a
1 -242 2 -1 2(146 1+6)(f—-1
2 VB VP
(C34)
to be solved for g. which solves to
x/ﬁ<\/— HAEEE | PR 1 24 z2> —BE+ 1) +5+1
2G(?) =z 5 , (C38)
2(6+ 1)z
leading by the standard inversion formula to the associated I1+6
Y by = (V1) ——. (C41)
VP
flz) = 1{5 P (b, 2 )2 —b.) . (C39) We can verify that
nz
by
supported on 2/ dzf(z) = (C42)
b_
b_<z><b, (C40)

and on the symmetric interval, where we define

This is the correct normalization for the bulk of the
distribution. We also have
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b I VB
2 dzf(z2) 5 =7 C43
[0z -goery @
and
b 3P
2| dif(2} =51, C44
/, USRS (C44)
from which one gets the equations
1- A
solzata
a
_ ! (C45)
=155
whose solution gives
1 A— A+1)2—4
+a+A—/la+A+1) « )

2

This coincides with the overlap achieved by optimally
regularized ridge regression Previous Result 6.
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