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Abstract

In this paper, we study the gradient descent dynamics for jointly training both layers of a one-
hidden-layer ReLU network to fit a linear target function. Concretely, we consider a realizable
setting where inputs are drawn i.i.d. from a Gaussian distribution and labels follow a planted linear
model. This stylized framework captures salient features of end-to-end training in inverse prob-
lems and certain auto-encoder models. Despite its apparent simplicity, the dynamics remain poorly
understood, in part because the loss landscape contains multiple non-strict saddle points, making
it unclear why gradient descent from random initialization reliably escapes bad stationary regions.
We provide a detailed characterization of the optimization landscape and prove that gradient de-
scent from a moderately small random initialization-simultaneously training both layers-converges
to a global minimizer at a linear rate with order-wise optimal sample complexity. Our analysis
tracks the trajectory through three phases: an alignment phase in which hidden weights progres-
sively align with the planted direction while the output weights maintain the correct sign pattern; a
growth phase in which the norms of both layers increase while preserving alignment; and a local re-
finement phase in which the aligned neurons rapidly converge to the planted direction, yielding fast
local convergence. To rigorously show that GD avoids non-strict saddles, we develop trajectory-
level control arguments for the end-to-end dynamics. In addition, we establish novel uniform con-
centration results that hold along the entire trajectory, and are essential for obtaining order-wise
optimal sample complexity. We corroborate our theory with extensive experiments across a range
of configurations.

Keywords: ReLU networks, gradient descent, learning theory, linear functions

1. Introduction
1.1. Motivation

End-to-end training of neural networks (NNs) via Gradient Descent (GD) has recently achieved re-
markable success on many tasks. Of particular interest, these models have been adopted to solve
inverse problems by taking the measurements as input and mapping them directly to the desired
signal with successful scientific applications in computer vision (Ledig et al., 2017; Wang et al.,
2018), MRI reconstruction (Sriram et al., 2020; Fabian et al., 2022), sparse-view computed tomog-
raphy (CT) (Jin et al., 2017b), and phase retrieval (Hand et al., 2018). These models not only fit
the training data but also appear to capture useful features and nuanced priors that enable them to
generalize to unseen test examples. Despite this empirical success, the reasons behind the success
of NN for end-to-end training and how they can extract useful features from data remain unclear.
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Perhaps the most classical form of end-to-end training is that arising in autoencoder type prob-
lems, where the goal is to teach a neural network to learn a linear mapping (e.g., identity for autoen-
coders). Surprisingly, the dynamics of training such a model are not well understood for nonlinear
models. For linear networks, a classical result by Baldi and Hornik (1989) provided a complete
characterization, showing how gradient descent recovers the principal components of the data. In
contrast, understanding the dynamics of non-linear encoders has remained an open and challenging
problem, even for simple target functions. In this paper, we aim to take a step towards a systematic
understanding of the training dynamics of such problems by addressing the following question:

How do the dynamics of training ReLU neural networks with gradient descent starting from
random initialization facilitate learning simple priors and structures such as linear target
functions?

Understanding this question requires reasoning not only about the final solution reached by
GD, but about the entire trajectory of the optimization process. Recent empirical work suggests
that several phenomena observed during neural network training, including grokking (or delayed
generalization) (Power et al., 2022), are closely tied to the temporal evolution of gradient descent.
In such settings, models may fit the training data well before exhibiting improved generalization,
indicating that learning can unfold through distinct stages over the course of optimization. This
perspective motivates a careful, trajectory-level analysis even in simple problem settings.

Despite significant recent progress in understanding neural networks (especially shallow net-
works) (Chizat et al., 2019; Soltanolkotabi et al., 2018; Jacot et al., 2018; Du et al., 2018; Ongie
etal., 2019)!, many aspects of the dynamics of GD and how it facilitates learning remain mysterious
even in seemingly simple settings. A particularly simple one involves learning linear target func-
tions via GD, that is, teaching a one-hidden-layer network to mimic the output of a simple linear
model. Surprisingly, understanding the dynamics of GD in this simple setting has remained elusive.
Although there are many results on learning specific target functions such as ReLLUs (Xu and Du,
2023; Soltanolkotabi, 2017) and polynomials (Damian et al., 2022), these results typically exclude
linear function classes. In fact, many of the existing papers use a pre-processing step or alter the
early optimization trajectory to avoid complications arising from the dynamics of learning linear
functions or genuinely training both layers (Damian et al., 2022). This is in part due to the fact that
the optimization landscape of learning linear target functions contains multiple non-strict saddle
points (i.e. where the gradient vanishes and the Hessian is PSD but has a 0 eigenvalue) requiring a
subtle trajectory analysis to ensure GD avoid these bad points (See Section 2 for further details). We
note that despite the simple formulation, quite a few interesting scenarios, including autoencoder
training dynamics, are captured in this framework.

Our main contributions are as follows:

* We present one of the first works that analyzes training dynamics of learning both layers in a
one-hidden-layer ReLU network in a practical regime. That is, we do not use pre-processing
or alter the early optimization trajectory to avoid complications that arise from non-linear
training dynamics of optimizing both layers.

1. Due to space constraints, we refer the reader to Appendix F for in-depth discussion on related work.
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* We develop a theory for running GD on the NN with moderately small initialization, demon-
strating exact convergence to the ground truth at a linear rate and with an optimal sample
complexity that scales linearly in the number of parameters. That is, we show that the inner
weights of the NN recover the target directions exactly, while the outer layer maintains the
correct sign pattern.

* As detailed further in Section 2 the training landscape studied in this paper contains mul-
tiple non-strict saddles. To prove that the trajectory of GD from moderately small random
initialization avoids these bad stationary points, we develop new techniques to control the
GD trajectory which we combine with intricate uniform concentration bounds. In particular,
our refined analysis tracks the trajectory through three phases (alignment, growth, and local
refinement phases). We believe our refined trajectory analysis may have broader implications
for the analysis of non-convex optimization problems involving non-strict saddles.

» Since gradient descent repeatedly reuses the same finite dataset across all phases, the iter-
ates become statistically dependent on the samples. We address this by proving new uniform
concentration bounds for the gradient along the entire optimization trajectory, holding simul-
taneously for all iterates encountered by GD. A key component of our uniform concentra-
tion result is that the accuracy of the concentration increases as we get closer and closer to
the global optima. These refined bounds are a key technical ingredient for achieving order-
optimal sample complexity.

* We further corroborate our results with various experimental investigations.

1.2. Problem Formulation

We first state the general family of problems of interest in this paper.

Data Model — We assume there are n pairs of training data consisting of input features x; € R?
and corresponding targets y; € R. As mentioned before, we consider the class of linear models
where the relationship between x; and y; is given by the equation: y; = a” x; where a € R? is
the labeling vector. Conceptually, a is the target direction that our predictor should learn. For our
theoretical analysis we assume the data points x; are drawn 1.i.d. according to a standard normal
distribution (0, I,).

Network Model — We consider one-hidden-layer neural networks of the form f (v, W,x) :=
vT¢ (Wx) as our predictor. Here k denotes the number of hidden-units, v € R* is the outer layer
of the neural network, W € R¥*? is the inner layer of the neural network, and ¢ (z) is the activation
function. We refer to individual rows of v/W as v;/w; respectively, In this paper, we specifically
consider neural networks with ReLU activation functions i.e. ¢ (z) = ReLU (z) = max (0, z),
where max is applied to the input vector z element-wise. Furthermore, we focus on the ex-
act parametrized setting, i.e. kK = 2, as a step towards understanding the behavior of the over-
specified/parameterized setting with £ > 2 neurons.



TINAZ XIE SOLTANOLKOTABI

Training Loss — We minimize the squared loss between the target and the prediction

N 1 — 2

LoW)=-> (v/¢ (W) - y) (1)
i=1

using gradient descent. For part of our theoretical analysis of GD, we also consider the population

loss (i.e. infinite data asymptotics as n — 0o) with & drawn randomly from an isotropic Gaussian

distribution  ~ N (0, I7). Concretely, the population loss is given by

& 2
L(v,W)= %Em (Z v (wlx) — a,Tx) ) (2)

i=1

2. Landscape Analysis: Why is learning linear functions with ReLLUs challenging?
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Figure 1: GD trajectories and population loss landscape. We run gradient descent on the pop-
ulation loss for a one-hidden-layer ReLLU network with two hidden units and fixed output weights
v = [1, —1}T. Panels (a) and (b) use two different initializations of w§°) and wéo). To visualize
the dynamics in 2D, we plot each neuron in the plane spanned by a (black arrows indicate +a) and
a randomly chosen direction orthogonal to a (y-axis). In (a), a small initialization near the origin
converges to the global optimum. In (b), initializing near 1.5a leads GD to (w,w2) = (a,2a), a
non-strict saddle of (2). Finally, (c) plots the population landscape in the reduced slice w; = o a,

wo = aoa.

Despite the simplicity of the target function, the gradient descent dynamics in this setting are
surprisingly subtle. The difficulty is that the loss landscape is riddled with non-strict saddle points.
Indeed, infinitely many of them——creating large flat directions where naive intuition about descent
can fail. The next theorem makes this phenomenon precise for the population loss.

Theorem 1 (Landscape Characterization) For vy, vy > 0, the stationary points of the population
loss (2) are either

1. global optima: viwy = @,  vywy = —a,

2. or non-strict saddles: viw; = (¢ + 1) a, vowa = ca, wherec > 0orc< —1.
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We provide the proof of Theorem 1 in Appendix D.1.

Theorem 1 above shows that, beyond the global minima, the population loss contains a con-
tinuum of stationary points forming non-strict saddle manifolds parameterized by c. In particular,
for every ¢ > 0 and every ¢ < —1, the equations vyw; = (¢ + 1)a and vowy = ca define a
stationary point with flat directions in the loss. Thus the landscape is highly degenerate: instead
of isolated critical points, there are infinitely many saddle regions that gradient descent can enter
and move along without encountering negative curvature. This proliferation of flat saddles is the
primary geometric obstruction to analyzing the global behavior of gradient descent.

In Figure 1, we illustrate how the initialization determines whether GD converges to a global
optimum or drifts toward a non-strict saddle. Figure 1(a) shows a trajectory that converging to the
global optimum, while Figure 1(b) shows a trajectory that stalls near a saddle. To further visualize
the landscape, Figure 1(c) fixes v; = v = 1 and plots the loss in the reduced two-dimensional slice
w] = a1a, wy = asza. In this slice, the gradient vanishes along the oy — as = 1 valley, even
though the loss remains strictly positive.

3. Main Result: Convergence of the Gradient Descent Trajectory

We now present our main result, which characterizes the training dynamics when both layers of a
ReLU network are trained in the practical empirical regime.

Theorem 2 (Convergence of GD Trajectory) Suppose we have n feature vectors {x1,--- ,xn}
that are sampled i.i.d. according to a Gaussian distribution x; ~ N (0, I;). We assume the corre-
sponding outputs are generated according to a linear target function of the form y; = a' x;, where
a € R? is an arbitrary weight vector. To learn this linear function, we fit a one-hidden-layer ReLU
network with two hidden nodes

x — v ReLUW ) = viReLU(wT x) — voReLU(wi ).

by minimizing the empirical loss

n
~

L(v,W)= % Z (UTRELU(W:I)Z') - aT:z:i)2 )
i=1

-

T T . . . .
overv = [Ul, —UQ] and W = [wl, ’wg] € R?*? ysing gradient descent with step size |1 :=
with i < ro

W) — WO _ Vo 2™ WD), o) = o) — v, Fe™, W)

la

Assume the initialization
o
Vid

with o < og+/|al, X% a chi-squared distribution with d degrees of freedom, and define W* =
[a,—a]T. As long as the number of training samples satisfies n. > Cd, then with probability at

w§0),w§°) ~ N(O, %Id>, v§°),v§°) ~—=£ &~y
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llall
g

least 1 — Ce=°® there exists T > c’% In <

()
diag ([v%ﬂ]> w _ w*
Uy

Here, g, 00, c, ¢, c,C are fixed numerical constants independent of any problem dimensions.

> such that for all iterations T > T,

2 2

(T)
<é(l-— Cﬂ)(-rfT) diag ([Z%T)]> w@ _ w*
2

F F

This theorem shows that gradient descent can provably train a fully end-to-end one-hidden-
layer ReLU network to learn a linear target from finitely many samples, despite the highly degen-
erate and saddle-rich optimization landscape. In particular, the result gives a global convergence
guarantee for simultaneous optimization of the hidden and output weights; going beyond analy-
ses that rely on effectively fixed features or only local perturbations around initialization. Starting
from a small random initialization with the standard o/+/d scaling—consistent with common “de-
fault” initializations used in practice—the two student neurons w; and ws rapidly align with the
U1
V2
rically to the planted solution. This linear-rate convergence kicks in after only a short burn-in

ground-truth direction a, after which the effective parameters diag ([ ]) W converge geomet-

period of T > ¢/ % In (L'fl”> iterations and requires only n > C'd samples, which is information-

theoretically optimal.

We note that the same finite dataset is reused across all iterations of gradient descent. Control-
ling the resulting dependence between the iterates and the samples requires uniform concentration
arguments that hold along the entire trajectory, i.e., controlling population—empirical deviations
simultaneously for all iterates visited by GD rather than at a fixed parameter value. Finally, the x2-
based initialization for the output weights is used for technical convenience. One can alternatively
initialize v, and vo as Gaussians with variance o2 /2; the same qualitative convergence behavior per-
sists, but the success probability degrades to a fixed constant, rather than 1 — C'e~°?. This constant
failure with Gaussian initialization is unavoidable for £ = 2. For large k, scaling the initialization
with %2 yields failure probability decaying as e ~*. We therefore use a slight non-Gaussian modi-
fication in the initialization to demonstrate that except for this k& = 2 artifact our result holds with
much higher probability.

4. Experiments

We run experiments on various output dimension (denoted with » = 1 vs. > 1), and initialization
scale (small vs large). In this section we show experimental results for single output » = 1 case and
refer the reader to Appendix E.1 for multi-output » > 1 results. We use PyTorch for experiments
and unless mentioned otherwise, network weights are initialized with Xavier Normal initialization
(for a matrix W € R™IW,; ~ N (O, H%l)).

In order to change the initialization scale, we multiply the default initialization with a positive
scalar o. For small initialization experiments, we use o = 1078, otherwise it is set to o = 1. We
set d = 100 and u = 0.1. All experiments are run on a server with an Intel Xeon Gold 5220R CPU.
We would like to stress that even though the visualizations in this paper are based on a single trial,
we ran these experiments for different random seeds and the behavior of the visualizations did not
change.
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In experiments w.l.0.g. we choose a = e; where e; is the first standard basis in R<. This does
not effect the results due to the rotational symmetry of isotropic Gaussian distribution of which x
are drawn from. Note that this implies ||a|| = 1 in our experiments. Finally, in this section we focus
our experiments on the population loss. Similar results continue to hold in the empirical case with
moderate sample sizes i.e. when n > crd with c¢ a sufficiently large constant.

When the model is exactly parameterized with two hidden nodes (k = 2), we empirically
see that the model cannot converge to the global optima consistently. When it does, v(>) indeed
becomes +1 and w%oo) and wgoo) recover £a exactly. For the remaining time, the GD iterates
converge to one of the many stationary points of this problem similar to the depiction in Figure 1
(part b). We further observe that iterates get stuck only when Ugo) and vgo) both have the same signs
which happens with probability % This is also the reason for why we fix the correct sign pattern at
initialization in Theorem 2.

When k£ > 2, the probability of all v;’s having the same sign decreases rapidly. Therefore,
iterates typically converge to the global optima. However, in this case global minima is not unique
anymore. To demonstrate this, consider the case where there are four hidden units (k = 4) instead

of two. The trajectory of the inner weights across GD iterations is depicted in Figure 2.
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(a) Trajectory of neurons when k = 2. (b) Trajectory of neurons when k > 2.

Figure 2: Trajectory of neurons for different values of k. We run gradient descent updates on
the population loss. A randomly selected orthogonal direction to a is shown for the y-axis in order
to visualize the neurons in 2D. Black arrows indicate +a direction. We use colors red and blue to
indicate whether v; corresponding to w; is positive or negative respectively. Points at the end of
each trajectory denotes the final weight GD converges to.

We observe that while no individual w; align itself with +a direction, grouping hidden units
based on their corresponding signs in v and summing them recovers +a exactly (purple and
points in Figure 2). Although not depicted here, we have tried various values for £ > 2 and the
observation that grouping weights recover +a was consistent. This suggests that combining node
aggregation technique from (Li et al., 2024) with our proof strategy may extend our results for the
k > 2 setting. We leave this to future work.

5. Overview and Key Ideas of the Proof

In this section, we outline the main ideas underlying our analysis. As mentioned previously, a major
challenge is that the optimization landscape is riddled with non-strict saddle points that gradient
descent can get stuck in. Thus, our analysis requires a very refined control of the trajectory to
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guarantee that the iterates escape these saddle regions. We will show that the trajectory of full-batch
gradient descent partitions into three distinct phases discussed below. Figure 3 illustrates the three
phases and their interaction.

Alignment phase Growth phase Local refinement phase
10° 4 I I
f -3 I ,C('U, W)
1 [lw|
B === U1

1071 E —"
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1072 E <

] -2
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Figure 3: Phases of GD Trajectory. We run gradient descent updates on the population loss with
small initialization o = 10~%. We track the population loss £ (blue), norms vy, ||w]| and

), and the 6 — i.e. angle between w;, wy — (red). For visualization purposes € uses the right
vertical axis. vy and ||ws|| behave similarly but omitted for clarity.

(1) Alignment phase (Section 5.4). Starting from a small random initialization, we show that the
hidden weights progressively align with the planted direction while the output weights main-
tain the correct sign pattern.

(2) Growth phase (Section 5.5). Once sufficient alignment has been established, we prove that the
norms of both the hidden and output layers grow in a coordinated fashion while preserving
this alignment. This phase drives the effective parameters toward the correct scale and pushes
the iterates away from flat saddle regions of the loss landscape. A key technical challenge
here is to show that gradient descent does not drift into spurious stationary points despite the
non-strict nature of these saddles.

(3) Local refinement phase (Section 5.6). After the alignment and growth phases we enter a well-
behaved region of the planted solution, where the dynamics become locally well-conditioned.
In this phase, We show that the aligned neurons then converge rapidly to the ground-truth
direction, and the effective parameters enjoy a linear rate of convergence to the global mini-
mizer.

Throughout all three phases, the same finite dataset is reused across iterations. To control the re-
sulting dependence between the iterates and the samples, we establish new trajectory-level uniform
concentration bounds that hold simultaneously for all points visited by gradient descent. These re-
sults are crucial for obtaining order-wise optimal sample complexity. We give an overview of these
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uniform concentration results in Section 5.7. Before we detail the specific phases of the trajectory,
we also need to establish two sets of key identities. The first set demonstrates a specific property
of balancedness between the inner and outer weights (Section 5.2). The second set concerns the
stability of our training dynamics, ensuring that the evolution is monotonic in the sense that once
the iterates enter a new phase, they do not revert to a previous one (Section 5.3). We begin with
some quick notation used throughout our proofs.

5.1. Notation

In this section we gather some simple notation used in our proofs. As a reminder we use Land £
to denote the empirical and population losses, respectively. We use

AG = (vwlf —vwlc) and  AGy = (vw22 —vw2£>

2 2
U1 V2
to denote the scaled difference between the empirical and population gradients. Finally, we use 6 to
denote the angle between w; and ws. We also define 6, to be the angle between w1 and a, 65 to be
the angle between w3 and —a. We note that all lemmas stated in this proof overview our under the
assumptions of the main theorem, we avoid repeating these assumptions repeatedly for readability.

5.2. Controlling the imbalance term

A crucial identity used throughout our proofs is that from moderately small initialization the norms
of the inner and outer weights remain close to each other. Concretely, we define the imbalance term

as bg‘r) = Hwy) g (vy))Q and bg) = ngﬂ g (v57)>2. A constant bound for the absolute
value of these terms is required to prove that the norms remain bounded throughout the training
process (see Lemma 5).

While the imbalance is invariant in gradient flow (Ji and Telgarsky, 2019), the discretization in
gradient descent introduces a small drift given by:

B+ =p{7) 4 2 (vaIZHQ - (vv12)2> .

A simple constant bound on this drift is insufficient for our analysis, as the errors could accumulate
to infinity over an infinite number of iterations.
To address this, we prove a stronger result: the drift in each step is bounded by the distance

between the effective weights diag ({Zﬂ) W and the planted solution. Since diag <{Zl]> w
2 2

converges to the planted solution exponentially fast in Phase 3, the total accumulated drift remains
finite even as 7 — oo. Concretely, we prove the following lemma.

Lemma 3 (Imbalance bound) Assume that v\, v\ > 0. For any i € {1,2}, we have

< ()" el ) (707 407 )

Here, we set the constant as cg = 6.

b(T"rl) . b(T)

i 7

This lemma is proven in Section C.1.
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5.3. Stability of Training Dynamics

In this section, we establish two key stability properties that serve as the foundation for our proof.
These results ensuring that the evolution is monotonic in the sense that once the iterates enter a new
phase, they do not revert to a previous phase. The first lemma ensures that once the angle becomes
small (at the end of the first phase) it continues to remain sufficiently small.

Lemma 4 (Angle stays small) Assume that i < 7°%:. For any iteration T such that 0 < UET), UgT) <

llal
e/llall. 07,07 < ea, [o07] o8] < v llall ana || ag{” |, | agl”

, we have

<cslla

)

9§T+1)7 6§T+1) <

Here, we set the constants as ¢y < %, c2=2,c5 = 5—10, C4= 55,7 = i,
This lemma is proven in Section C.2. The second result ensures the norms remain bounded.

Lemma 5 (Norms remain bounded) Assume that p < ﬁ Forany 0 < B < L and itera-

1
tion T such that $+\/|la| < v@,vgﬂ < eo+/||a], OY),@gT) < ey, bgT) ,)bg)
|agi”]- acz”

< 7llall and

< ¢5 ||al|, we have

By all < o\ oY < o /]all.

Here, we set the constants as cy < %,02 =2,c5 = %704 =95 = 1

1

This lemma is proven in Section C.3.

5.4. Overview of Alignment Phase

The primary objective of Phase 1 is to demonstrate that w; becomes approximately aligned with
a (and wy with —a) within a constant number of steps, which is crucial for Phases 2 and 3. By
symmetry, we focus on wj.

Our key observation is that the gradient update is dominated by the signal direction. Specifically,
the update can be decomposed as:

wi™ = w4y (%a + C(T)) .

where the remainder term ¢(7) consists of terms involving the weights and the empirical noise.
Since we use small initialization, these weight-dependent terms are much smaller than the signal
term. This implies that the projection of w; onto the signal direction a grows much faster than
its projection onto the orthogonal subspace. Specifically, we have the following lemma proven in
Section C.4:

Lemma 6 (Angle alignment) Assume that p < HCTOH’ o < oop+/||a||. After Th = Uﬁz‘ﬂ iterations,
it holds that

o™ o) < ¢,

10
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with probability at least 1 — C'e=*. Moreover; this alignment is achieved while maintaining that:

(1) , (Tv) (T1) (1)
e300 vy vy Y Zcav/all, |0y by | < caolal]-
Here, we set the constants as cg < 1,cq4 = Z.cg = -4 o =2 ¢35 = 1. Witha = -8 we
’ 0= 1,064 200 “9 tancy’ 2 ) €3 4 tancy’
1 1
have c10 = 735,00 = g.2a-

5.5. Overview of Growth Phase

U1

In Phase 3, we show that the effective weights diag < [v W converge to the planted solution at
2

an exponential rate. A key ingredient is a Polyak—Lojasiewicz (PL) inequality for the population
loss (Lemma 8), which lower-bounds the squared gradient norm in terms of the suboptimality gap.
Importantly, the PL constant depends on the magnitudes of v; and vs.

At the end of Phase 1, |v1| and |v2| remain at their initialization scale, so the PL inequality only
yields a weak contraction and therefore a slow convergence rate. The main goal of Phase 2 is to
grow v1 and v9 to a sufficiently large scale, thereby strengthening the PL constant and enabling fast
linear convergence in Phase 3.

< co — cg llall : _
Lemma 7 (Norm growth) Assume that j1 < o ln(m)‘ After Ty (uHaH In ( — || itera
tions, we have
o eryTall, (o] | < e all

Here, we set the constants as cy < ﬁ, cr = i, g =32,c11 = %'

This lemma is proven in Section C.5.
5.6. Overview of the local Refinement Phase

()
In the final local refinement phase, we show that the effective weights diag ( [v%ﬂ] ) W) con-
Y2

verge to the planted solution W* = [a, —a]’. Rather than tracking parameters directly, we first
prove that along empirical gradient descent the population loss decreases rapidly, and then convert
this decay into the stated parameter convergence. The full argument (Proof of Theorem 2 in Section
D.2) is technical: it couples a population-level gradient-descent analysis with trajectory-uniform
concentration bounds (next section). For clarity, we sketch only the population argument here. This
population reduction is essential because the empirical loss is not smooth and as discussed below,
even the population loss is not uniformly smooth. The proof proceeds in two parts.

Part 1 (PL inequality) In this step we will show the following PL inequality proven in Section
B.2.

Lemma 8 (PL Inequality for the population loss) For vi,vs > 0,
[Vaws £ (0, W) |2 + ([ Vo, £ (v, W)|[* > @min (o7, 03) £ (v, W)

holds with o = 0.05 as long as 0 > 3.

11
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To prove this PL inequality we first show that it can be deduced by establishing the PL inequality
when v; = v2 = 1 via a clever reduction argument. To prove the latter we define

h(wi, w2,a) = [V, £ (W)|]* + || Ve, £ (W) — aL (W) 3)

Note that since we set v; = vy = 1 the loss is now only a function of w; and ws. Also note that

to prove the PL inequality it sufficies to show that h is always positive. To do this, in our proof

we show that h (w1, w2) = minh (w1, ws, a) is always positive. The way we establish this is by
a

showing that Wﬁ (w1, w2) is only a function of @ (the angle between w; and ws) and Hg;”

[[w1]]
w

as long as ¢ > 7. The latter holds at the end of the grci‘thh” phase and continues to remain large
utilizing the stability of the dynamics established in Section 5.3 (concretely, Lemma 4 shows the
angles with planted directions remain small which implies the angle between the weight vectors
remain large).

Part 2 (Gradient smoothness) — While the population loss is not smooth in the entire domain, we
show that in the region of the local refinement phase it is indeed smooth. Leaving the growth phase,
we have lower/upper bounds on vy, ve, ||[w ||, [[w2||. Additionally, due to the stability analysis in
Section 5.3 we continue to have lower/upper bounds on these quantities. In the next lemma we show
that assuming such lower/upper bounds the population loss is indeed smooth. This lemma is proven

in Section B.3.

Since this is now only a function of two variables 6 and it is easy to establish non-negativity

Lemma 9 (Smoothness of the population loss) HV2£ (v, W)]| r < Llal|| holds for all v €
R2, W € R?*4 such that c1+/||a]| < v1,ve, ||wi],||wz| < cov/|lal holds. Here c1,c2, L are

fixed constants.

Showing geometric decrease of the population loss under a PL inequality and smoothness is a
classical optimization result. Our setting is more delicate because we run empirical gradient descent
rather than its population counterpart. See the proof of Theorem 2 in Section D.2 for how we
combine the trajectory-uniform concentration bounds (next section) with the PL and smoothness
properties of the population loss stated above to obtain a geometric decrease in the population loss.

5.7. Uniform Concentration

In this section, we provide an overview of the novel uniform concentration result that we have
established which is key to our near optimal sample complexity. In particular, the concentration
holds along the entire trajectory of GD and is used across the three phases. We provide the setup

next. Let x1,...,x, S (0, I) in R, For w,w* € S! define
* 1 . T
M(w, w ) = E Z ﬂ{(mi,ﬂﬁzo}ﬂ{(%,w*)ZO}mimi . (4)
=1

We prove a high-probability bound on

sup [[M (w, w*) — B [M(w, w")]].

w,w*eSd—1

12
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Lemma 10 (Uniform Concentration) Fix 0 € (0,1/2). There exist universal constants C,c > 0
such that the following holds. If

&)

then with probability at least 1 — 3e~°¢,

sup || M (w, w") — E[M(w,w")]| < 6.

w,w*eSd—1

This lemma is proven in Section C.6. Notably, this lemma allows us to establish separate high-
probability bounds for the deviations of the gradient components with respect to w; and ws. Con-
cretely, it allows us to show the following lemma proven in Section C.7.

Lemma 11 (Component-wise Gradient Deviation Bounds) Fix 6 € (0,1/2). Define the error
2
vectors h1 = viwy — a and hy = vowsy + a. Under the sample complexityn > C'd bgé%y with

probability at least 1 — 3¢, the following bounds hold simultaneously:

valf—vwle < v18(||hy | + |hal)), ©)

|V = Vana £ < w20 + ). ™

This lemma highlights a particularly favorable self-regularizing property of the dynamics: the
empirical-population gradient deviation scales linearly with the current error ||h1|| + ||h2|. As
the iterates approach the global optimum and the errors shrink, the concentration bounds automati-
cally tighten, yielding increasingly accurate gradient estimates along the trajectory. In other words,
concentration improves precisely when it is most needed in the local refinement regime, enabling
stable geometric convergence in this region.
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Appendix A. Useful Calculations

In this section we provide the derivation of several useful identities.

A.1l. Population Loss

Let a, b € R? be two arbitrary vectors. Define

f(a,b) =E, |:[CLT:B]+ [bT:c]J

a) 1
D Yl bl (51 (Ba0) + (7 — fap) cos (0a0)) )

N

where 0 = cos ™! <%), expectation is over  ~ A (0, I;) and inequality (a) follows from
the Table 1 in (Daniely et al., 2016).

Using these we calculate the closed form for the population loss (2) as:

2

k
£(0) = 3B || S vi6 (wle) — o'z
i=1
LA k
= — Z Z v;v;Eg [gf) (w;‘ra:) ) (w;‘ra:)] — Z viaTE, [qb (w,T:I:) az] + —E, [aT:c:L'Ta]
i=1 j=1 i=1
ISy S |
= 3 Z Z v;v;Eg [gb (wlTa:) 10) (w]Tac)] — Z vlaTEm [¢ (wZTx) :U] + >
i=1 j=1 i=1
BERONN vl r ol
= fZszvjf(w“wj) - Zv,a Ez [¢ (wi z) z] + 5
=1 j=1 =1
01y~ "~ al 7oy o ol
=3 ZZva]f (w;, wy) sza Ez [Vao (wi )] + 5
i=1 j=1 i=1
LNy s ' (wTa)] 5 1ol
=5 ZZvlvjf(wz,wj) - Zvia w;E, [gb ('wz :c)] + 5
i=1 j=1 i=1
O LSS ) - 23 a1 12
2 i=1 j=1 vivf (i 2 i=1 Z 2
Lyhy BN )
= E Z Zvil}j ||'w1|| ||'wj|| (Sineij + (7‘(‘ — 0”) COSeij) — 5 ZUZ'GT’wi + 7 (9)
i=1 j=1 i=1

where equation (a) follows from the definition of f (a, b), (b) follows from the Stein’s Lemma, and
finally (c) follows from the fact that derivative of ReL.U activation is the step function and 'wiT:I: >0
with probability 3.
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We also write this in a more compact matrix form as follows:

1UT@M@y+@m¢_@yamue»u— TWTy + & 5 llall

£(8) = 4

where w; = ||w;||, u = diag (w) v, and 6;; is the angle between w; and w;.

A.2. Population Gradient
Gradient w.r.t. W: Let us define,

g(a.b)= 5 f(a.b)

1 a - b
- o (bl Gana+ (r— 0ot (a= 0 B )
2 “ ¢ lall b]]
_ vl . BPERY
(sin (fap) @+ (7 — 0ap) ) .
27
Taking the derivative of (9) with respect to w;, we get
1 . 1
Vauw, L (0) = iv?wi + z;ving (w;, wj) — Jvia

]:
i#]

i 1
Z v;v;g (Wi, wj) — 5via

1 . ~ . .
~or Zvivj lw;l| (sin O;w; + (7 — 0;5) W) — 5vid
Jj=1
In matrix form:

VL (6) :%diag (v) (117 — ©) diag (u) + diag (sin (©) w)) W %'vaT

where w; = ||w;||, and u = diag (w) v

Gradient w.r.t. v: Taking the derivative of (9) with respect to v;, we get

K
1
Vwﬁ(e)ZvﬁTwuu%V+§:Uﬂ%wnuﬁl—§aTwi
=1
i#]

1
T
= E v f (w;, wj) fa w;

k
1 . .
=5 Zlvj llws]| ||w;|| (sin6;; 4+ (7 — 6;5) cos b;5) — iaT’wi
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In matrix form:
1 1
Vo Loss :2—diag (w) (sin® + cos ©® ® (7TIH]_T — 0)) diag (w)v — EWa (12)
T

where w; = ||w;||. Finally, we note that the gradient w.r.t w; and v; are related with the following
simple identity:

W] Vo, L(0) = v;V,. L (0) . (13)

A.3. Population Hessian

The Hessian consists of four blocks (3 unique) due to interaction of v and W terms. We provide

these individual blocks below and calculations in the following subsections. Define w; = ﬁ,
P,wlj_ = (I — 'u‘;l'u_)lT), and wy ,,,. = P, wy. Then we have,
V2,0 L(0) = |“"|2|7|T“’m” ((m = Og,m) €08 Op 1 + SI0Op 1y ) (14)
V2 W L(6) = {W +3 % ((7‘7 — 0“2 w! +sinbpwl) (=m |
I 22 (7 — Op) W+ sin by w},) (+m
ST+ e SR g il sin (61,:) PL+% t=m
V2 o L(0) = el == Py
o (W’U_’ﬁ,u + Wy, 1+ (1= ) T (#m

A.3.1. CALCULATING THE v, v BLOCK

We have,

Vil (0) = Ea |(f (6:2) — a"@) V2., [ (B:) + Vo, (6:2) Vo, f (B:)
= E; [V 0:2) V., f (0:2)" ]

= Eq [0 (wi @) 6 (wpe)]
_ lwell ]

5 ((m = BOp.m) cos Oy + sin by )

where the last step follows from the Table 1 in (Daniely et al., 2016).

A.3.2. CALCULATING THE v, VECT (W) BLOCK

We have,
V2w £(0) =Ea | (f (0:2) — ") V2, f (65) + Vo, f (8:@) V. f (8 2)"
for calculation of individual terms refer down below.
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Calculating the E_, [wa (0;2) Vy,, f(6; m)T} term: We have,

By | Vo f (0:) Va, [ (0:2)" | = Bz [6 (w] ) v/ (w],2) 2]
= v ]| B [ (@] @) ¢ (w]2) ]
Y v e Eg [V (© (wfz) ¢/ (wh))]
= v |lwe|| Be [¢ (@] x) ¢ (wp,2) 0] + ¢ (w] ) § (wy,x) @y,

Yl () wf + B [0 (0] ) 6 (wha) wh) )

where equation (a) follows from Stein’s Lemma, and (b) follows from the dual activation of a step
function. The handle the remaining expectation, we first define g = w?,x ~ A (0, 1). Then,

s [0 (w]'2) 8 ()] = Eq [0 (] Py o+ w109 ()]

1
= —FK [ (wTP cc)} Delta integration
m X ¢ l wl ( g )
B L
(u~ N (0,1))
27r
Sin Oe.m (E tation of rectified Gaussian fs(0) = — )
= xpectation of rectified Gaussian = —|.
27 P ¥ V27

Combining everything:

m || W _ . _
Ee [wa (0;2) Vo, f(6; a:)T] =7 2||7r el (7 = Opm) W, + sin by ,,r,) -

Calculating the E,. [(f (6;z) —a’2) V3, ,, f(6;x)] term: Note that
Ve wnf (0x) =1{{=m}¢ (wx)z".

Hence we focus only on £ = m case.

Ez [(f(6;2) —a :c) V2é w,f (0;2)] =Eg [r(x) ¢ (’lDZ:B) mT]
= Eg [er (z)¢' (wiz) +7(x)é (0] =) w] ]

22



WHEN BOTH LAYERS LEARN: TRAINING DYNAMICS OF REPRESENTING LINEAR MODELS VIA RELU NETWORKS

where (a) follows from the Stein’s identity, and (b) follows from the dual activation of step function.
To handle the remaining expectation term, define g = ’LI)?:L' ~ N (0,1). Then,

Eq [r (@) 6 (07 2)] = Bq [r (P +109) 6 (9)]

1 . .
= EEm [r (Pw L w)] (Delta integration)
L
= — v E [ (wTP m)}
m; ! 2 ¢ [ wé
L
= — v; || P, w;|| E U u~ N (0,1
\/ﬁ; i || Pt wil| B [6 (w)] - ( (0,1))
k
-1 Zv |lw;|| sin (0 ;) Expectation of rectified Gaussian f5(0) = L
o - i i X p T o

Combining everything,

k
B, (£ (8:2) — a'2) V2, £ (0:2)] =3 00 (2 g, ]+ siny ] - L

: 27
=1
when ¢ = m. Otherwise, this term is O.

A.3.3. CALCULATING THE VECT (W), VECT (W) BLOCK
We have,

2
vwé ;Wm

£(6) =Bq (£ (6;2) — aT@) V3, 10, f (65) + Vau, f (6:2) Vau,, f (652)" |
for calculation of individual terms refer down below.
Calculating the E,, [VW £(8:2) Ve f (6; m)T] term: We have,
E. [Vw[f (0;2) Vy,, f(6; w)T] =E, [qubl (w?w) zxl ¢ (w,z;a:) vm]
= v E, (¢ (W] z) ¢ (whx) za”]
)

To tackle the expectation term, we use second order Stein’s Lemma, E,, |g(x :c:z:T} =E, [V?E g (a:)} +

Eqe g (z)] 1.
E. [¢' (w] z) ¢ (wlx) zx”] =y [V2 (¢ (wiz) ¢ (whz))] +Ex [¢ (wiz) ¢ (wha)] I
First term is:

By [V3 (¢ (w/ ) ¢ (w

33
E
|
=
8
"
S~
g
SN
E
S
g
3
8
g
~
g
S
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These terms can be grouped in two.

e (8 (] 2) o (w52)] = Eay [§ () (w5, Pyyp + g

_ _%ME b (whPyz)| (@) f (@)= ~F (0)8(x))
cos (0¢.m) cos (0¢.m)
- _271- prfme =~ " 9rsin (Oe,m)

and the other one is
Ex [0 (0] ©) 8 (6,2)] = Bag [0 (9)6 (0, Py @+ ®ibeg ) |
1 1

Therefore we get:

I AT——— T AT——
_ _ WyWw;,, + Wy, W cos (0¢.m) (Wew; + wWpw,,
Bz [Va (¢ (@i @) ¢ (wn,2))] = 27 sin (0p.,) oo 27r(sin (éfm) :

Second term is:

Es [¢' (w] z) ¢ (wl )] I = <7T—2iem> I  (Dual activation of step function)

Combining everything:

00y, + Wy t0] — 05 (Orm) (W] + By, Ot
E. [ngf (9,%) Vwmf(O;:v)T] — v, (’llwwm Wpw, COS( ¢, )(’UJ[UJZ w wm) N <7T 0. )I

27 sin (0, 27

or alternatively (by substituting cos (6; ;) = W} w;):

Eo [V f (0:2) Vas, [ (0:2)"] = 20 (i

wgngj_ + 'lbm'lI)ZmJ_ + (7'(' — 9€7m) I)

Calculating the E,, [(f (0;x) — a”x) V2,

Wy, Wm

f (6; )] term: Note that
quuz,wmf (6; ) = diag (v © ¢" (Ww))é,m zxT.

This expectation is O when £ # m. Define g = w; x ~ N (0, 1).

E. [(f (0;x) — aTa:) V2

Wy, Wy

f(e; a:)] =E. [r (x) ved (ngw) a:ch]
= &Ew [ (x) 6 (’lf)gT:lf) :L':L'T]

[[we]|

v T
= ”Ti”E%g |:T (Ple_ZL' + ’l.l_Jlg) d(9) (Ple_LL' + u‘ug) (Ple_ZB + ’u_)lg> :|

vy T

24
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To tackle the expectation term, we use second order Stein’s Lemma, E, [g(z)zaxT]| = E, [VZg (x)]+
Eg [g ()] 1.

E,. [r (Pwlmv> acacT} =E; [Vir (owa:)} + E, [7“ <Pwllx>] I
First term is:
{VQ ( L.’IJ)] =E, |V2 (g v (w;‘FPwle)>] (a” z vanishes.)
_ gwEm [vi¢ (wiT Pwlla:ﬂ
= gviEm {5 (wiTPwlL :1:) P,wlL wiwiTPwlL}

k

=Y 2B, [ (u)] Py ww! Py,
=1 HPle_’LU,L ¢ l

‘ T ) )
- P, wyw; P, Delta integrat
V2r anz—nsin(ez,i) wi Wiy Py (Delta integration)

} : v; ||wi| .
\/7 sin (0 ;) P wiw; Py
Second term is:

B (Puge)] = Yoo [o (wl Pue)
— Z v;

lw,

Eul¢(w)]  (u~N(0,1))

1 1
= — v; ||w;|| sin (6y 4 Expectation of rectified Gaussian 0) =
mg ol sin 01)(Bxp 0= )

Combining both terms we get

Eg [7‘ <Pwle> me} = \/12? Zk:vi [lw;]| <sin (0e) I +
i=1

P, 0] Py
sin (9571')
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Finally we plug this back to get:

-7
2 ) =—2t p v; |lw;|| | sin ~ o 3
By [1 () Vi, f (0; )] = o H'LUEH (Z il ( (00 T+ sin (0y;) >> Py

(] (] 97/P w.‘
= 2l Z"’ i <Sm( ) P+ )

s P wwlP
Uy ) LW A
= S vl sin (8) [ Py + o
’LUl (3

Appendix B. Proof of Key Lemmas in the Population Setting
(1) (1)

For the simplicity of notation, let w1 = w, ', wy = wy, .

B.1. Proof of Gradient Smoothness Towards the Global Optima in the Population Case
(Lemma 12)

To establish the imbalance bound (Lemma 3), we first introduce a key lemma that characterizes the
gradient smoothness toward the global optima in the population case. This result relates the norm
of the population gradient to the relative distance between the current parameters and the global
optima:

Lemma 12 Under the constraint vi = vy = 1, the following inequality holds for all w, w, € R%:
[Vaun £ + Vs 1 < 5 (J0r — al* + ooz + a]?)

Proof
We begin by demonstrating that:

||sin 0 ||wal|| w1 + (7 — 0) wa|| < 7 ||wy + wal| . (15)

Note that 0 < 0 < 7 since it is the angle between w; and ws. We proceed by case analysis on
the value of #. When 0 < 6 < 7, we have

(a)
[sin 6 [[wa]| w1 + (7 — ) wa|| < [[sind [|wa]| wi| + |[(7 — 0) w|
=sinf [|ws|| + (7 — 6) [|Jwa|
< [Jwa|
(o)
< ||'LU1 +w2|| .

In Inequality (a) we use the triangle inequality. Inequality (b) follows from the fact that sin 6 < 6
when 6 > 0. Inequality (c) follows from the fact that 6 < 7.
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When 6 > 7, we observe that

(a)
[[sin 6 [|ws || w1 + (7 — 0) we| < [|sin @ [lwa[| wi]| + [|(7 — 0) wy|

=sin 6 [lwal| + (7 — 6) [|wa]|

—0
- <1+ ”,) sin 6 [|ws|
sin 0

—0
<1 + 7T) ||lwy + wol|

sin 6

—
N

—
N

™
(1 + 5) w1 + wa|

d
< ||lw; + wa|.

—
=

In Inequality (a) we use the triangle inequality. Inequality (b) follows from the fact that w; + w>
has a component with magnitude sin € || ws|| perpendicular to w;. Inequality (c) follows since ;Ti;z
attains its maximum at 6 = 7 when restricted to the range 6 > 7. Finally, (d) follows because
1 < 7. This finishes the proof of Ineq. 15. Note that due to symmetry we get the following as a

corollary:

sin 6 ||w: || @2 + (1 — 0) w1 || < 7 |Jwi + wsl|. (16)

Under the constraint v;1 = we = 1, the partial gradients with respect to w; and ws are given
separately by:

1
Vuw L= ey (rwy — sin @ ||ws|| w1 — (7 — 0) wy)
2 27

vwﬁ:g (7 — 0) wy + sin @ |ws || w2 — 7ws).

1
27
Using Ineq. 15, we can write
2

a 1 . _
IVwJM2=H—2+2wﬁwn—$nﬂqum—%ﬂ—9Nm)

— 1
=L 2 (Gin 0 ||ws|| w1 + (7 — 0) ws)
2 27

2

2
w1 —a

2

2
1
§2H —{—QH%(sin9||w2||u_71+(7r—0)'w2)

IN

1 1
B lwy — al|” + 5 lwy + w2 |
1 2 1 2
= 5 llwi = al? + 5wy — a+a+w
3
< 5 llwy = af® + [|wz + af*.
Similarly, using Eq. 16 on the gradient for w», we get

Ve £I* < 5 s + alf” + [lwi —al*.

N W
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Combining these, we obtain

(Ilwr = all® + |ws + al?) .

N | Ot

IV LI + [ Vo £I|* <

This completes the proof of Lemma 12. |

B.2. Proof of the PL Inequality in the Population Case (Lemma 8)

First, we show it is sufficient to analyze v; = vy = 1. For v1, v3 > 0, we define w; = v;w;. Then,

L(0) =E, [(leeLU ('wlTaz) — vaReLU (wgaz) — aT:c)Q] =Eg [(ReLU (1271T:c) — ReLU ('uf)g:z:) — aTaz) 2} :

Let us focus on squared gradient norms:

Ve 17 + Ve 21> = 01V £1 + 02V, £
> min (v}, 3) (¥, £IP + |V £11)

This suggests that proving ||V, £]|* 4 || Vas, £]|* > L when v; = vy = 1 implies that
[ Vao £I> + | Voo £]]> > min (v],03) oL
for arbitrary v, v9 > 0. Now, we assume v; = vo = 1. We define
h (w1, w2, a) = |V, £]* + |V, £]|* — aL.

Using the gradient calculations in (11), we can write it equivalently as

Y i . . 2
h(w17w27a) _ % (1 o (7'(' 9) +2(7T 0) SIHGCOSG"’_ (Slne) ) <||w1H2 + Hw2H2>

7T2
w1 [lw2

T—0 sin 0 _
- ( i1 —a) ol - ||w2||) &la
T v

T—0 sin 0 B
( f1- a) Jeoall - ||w1||) wla
T v

B (1 a) (m—6)cosf +sinf
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where b and c are defined by the following terms for brevity,

1 T—20 sin 6
a=—3 +1—a [lw] - [|wa||
v s
1 T—0 sin 0
az=+3 +1—a ||lwa - [|w1]]
v T

1 T—0)%+2 (7 — 0)sinfcos 6 + (sin 6)*

¢
4 w2

B (1_ g) (m —0)cosf + sind
2
b= ajwi + asws

[ ]| [[ws]]

Noting that the expression above is quadratic in a, we compute A (w1, wy) = min h (wy, wy, a).
a

The choice of a that minimizes the expression is a = — %. Plugging this in back we get,

= 6] a? + 2a1a9 cos 0 + o
h = — = —
(Wi wy) = e =55 = ¢ 2(1—a)

Taking the norm out: Note that we are only interested in the positivity of h, therefore dividing it

by ||wa||? does not change the sign. Denote Hz;H = r. Then we still have
h (w1, ws) el a? + 2aqa9 cos ) + a3
| 2(1—-a)

1 (1—a+ (w—9)2+2(w—9)sin00089+(sin0)2> (r2+1) B (1_g) (7r—9)cos0+sin9r

w2 T

We note that the expression is of the form C} (7”2 + 1) + Car. Without changing the sign, we can
take out 7 outside. Then we notice that the minima is achieved at » = 1. Therefore, it is sufficient
for us to check the positivity of the expression at » = 1. That is, we draw:

. (I—COSG)&
- (1-«a)

2

- 1<7r—c9—sin9 )
a=—-——+1—-a,
2 T
1
2

2 : N2 .
(1_a+(7r 0)° +2(m—6)sinfcos + (sin ) )_(1_()4) (m 0)008‘9+Sln9.

w2 2 T
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— f,/|W2|2
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0>

M
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Figure 4: ||V, £||* + ||Vw2£H — oL is non-negative. We set o = 0.05 and draw ” A h(wy, wy)

for 6 € [0, w]. We show that h (w, ws) is non-negative inside the shaded region (6 > 7).

Hw [

fz(wl,wz)
[[wa|?
r=1

6 € [0, 7]. The plot demonstrates that h is non-negative for 6 > 7. This finishes the proof.

To complete the proof, in Figure 4, we set & = 0.05 and draw as a 1D plot for

B.3. Bound on the Smoothness of the Population Loss (Lemma 9)

We bound the population Hessian V2L (v, W) in the local refinement phase. That is, we assume
a1/ |lall < vi, v, [|Jwi]], ||lwe|| < c24/||al|. By the sub-additivity properties of the spectral norm,
we have

2 2 2
Hv L (U’ W)HQ < va,v v, W HQ +2 HV’U vect W)‘C (U7 W)H2 + vaect(W),Vect(W)E (Uv W)H2 :
We bound each term separately below.

V32 oL (0) term:  We have

2 2
HV%’,U,C (0)H2 Z Z Uivvm ’ :

=1 m—1
where,
‘V%Mmﬁ (0)‘ = Hw€H2|7|Tme ((m — Op.m) cos Op p, + sin by 1)
<C%2‘:” ((m — Opm) €08 Op 1y + sin Op 1)
§c§2\:|| (m+1)
<Gal *-"
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Then,
2 2
VoL@, <> > Vi, L(0)]
/=1 m=1
+
<4 al ”:@+)éwu
Vivect(w)ﬁ (0) term: We have

92 @), <3 3 V2w 0]

f=1 m=1
For ¢ # m, we have

Um waH ((7T

V2, 0 £(0)] = _eg,m>wz+sme@,mwg)u
U, ||wp _ ) _
=“ﬂL”n«w—wmww+amwmwmm
v wy _ . _
<O O ) ]+ s )
Um”wf”
< -7 1
. (m+1)
1+7
<&l 12T
For ¢ = m, we have
2
\V&: L£(0 M M —0,)w! ind, wl
H Ve, Wi ( )H* 2 +Z o ((” bi) W; + sin E,z’we)
=1
2
loawell  lal ot ] o
< B + 7 +Z # ((7‘&'*9(72') 'sz+SlIl0&i’wg)
2
Vpw a () w
s”f“ﬂ”+23””w (= 005) ]| + [sin O30

Slall  al| < Eal 1 /3 1
<=2 e D=(=+(2+=)¢ :
S + 5 + 1 5 (m+1) (2+<2+7r>c2 llall
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v%ect(W),vect(W)ﬁ (0) term: We have

2 2
[V meaem £O)], <D0 3 V2, £0)]

/=1 m=1

For ¢ # m, we have

[\

(A o _
vae,wm HQ = - (w[wiél +wm'ng 1 +(7r—0€m)I)H2
g
= Z m ngngL—i—wmwgmL—i—(w—Hgm IH
Ug’l) o _
. 27rm (ngwg';éL 2+mew&mL 2+||(7T_H€’m)IH2)
VoUm
< 1+1
S5 (I+1+m)
247
—U[Umi%r
247
<2
Allal =5
For ¢ = m, we have
9 U? Vg 2 P J_'lf)i’lIJTP wit
\V4 L(0 ==+ — ; |lsin(0,;) | P
H Wy, Wm ( )HQ 2 +2ﬂ_”wz”;m”wzHSIH( gﬂ) wll—l— HP ;. 5
- i
2
2 2 P, J"UJ'UJ P L
v Vy . 7
<1 _— ; ; 0o;) | P
2 2+27TH'U’EH; vi el sin 371) sz—i_ HP b
- T
2 2 w;Ww; P L
v Ve . J— i
<||Zr B Naw: 0, HP
<2, * oy 2 el st ) | [P |+ T
1=1 PwlL’le

2

c; ||all C2 2 2 1 2c
<2070 72 (9 — =2
<25+ 2 2 al) = Slall (5 + 2 )

Combining both inequalities, we have

2 2
)‘vzect(VV),vect(W)‘C (0)H2 < Z Z Hv?ug,wm[’ (G)H

2+7T 1 2c
<2(@llal 27 + A al (5 + 22 1)
2

2 402
< + = +> AR
s TC1
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Combining the terms

Putting everything together
W)HQ < Hv%ﬂ’ ’U W HQ +2 va vect W)E (’U W H + vaect(W vect(W)‘C(v W)H
3
<2+ )%HMH2<1+<4+ﬁ)%>Wﬂ+<2+W+)%Hﬂ

HV2£ v
10 4
= <2 + <12 +—+ 02> c%) |lall
=L ||al| .
This completes the proof of Lemma 9
5. We have

B.4. Population Loss Lower Bound (Lemma 13)
Lemma 13 (Population Loss Lower Bound) For vi,vy > 0 and 6 >
1w — al? + [[vows + al* < 20L (v, W)

Proof Define w; = v;w;. For v1,vy > 0, both ||[viw; — al|” + ||vews + a||” and L (v, W)
only functions of wy, wo. Next, we define
B (i1, B2, @) = £ (i1,12) ~ G (|l — al]” + || + af]*)

) cos +sinf _
‘ EATEN
T

We can write it equivalently as

|
- —a

h(’uNJth,a) = <4
(5=
—(=—-2a

2

) (1P + fzal?) - ¢
)a" (@ )+ (-2 )

Noting that the expression above is quadratic in a, we compute h (W1, Ww2) = min h (W1, W2, a)

6) cosf + sin 6
a1 | [|we|

The choice of a that minimizes the expression is a = *15%2, Plugging this in back we get

- 1 ~ ~
(i ws) = (5 &) (o] + aoo]?) — ¢
4 27
1 &
- (8 - 3) [y — 2|
1 a 4+ 2a) — 0) cosf + sind
= (5-5) (1onl? + ) - B2 20 | s
Taking the norm out: Note that we are only interested in the positivity of h, therefore dividing it
by || ||” does not change the sign. Denote H fH = r. Then,
h (1, o) _ (1« (r2+1) B (7 (5 +2a) —0) cosﬁ—i—siner
8§ 2 27
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We note that the expression is of the form Cy (r? + 1) 4 Car. Note that the minima of this expres-
sion is achieved at r = 1. Therefore, it is sufficient for us to check the positivity of the expression
at r = 1. To this aim we draw

(1 (w(%+2d)—0)cos€+sin0
—<4—a>— 2

h(wi,w2)
TP
[[w2]]
r=1

To complete the proof, in Figure 5, we set @ = 0.05 and draw as a 1D plot for

| =— B, |?

- g=CI

ISERNT]

0.02 4 6>

T L T

0.0 0.5 1.0 15 2.0 2.5 3.0

Figure 5: £ (v, W) — & (||vlw1 —a|® + [lvows + a|]2> is non-negative. We set @ = 0.05 and

draw Wﬁ (w1, ws) for § € [0,7]. We show that Wﬁ (w1, w2) is non-negative inside the
2 2

shaded region (6 > 7).

0 € [0,7]. The plot demonstrates that % is non-negative for 6 > 5. This finishes the proof of

Lemma 13. [ |
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Appendix C. Proof of Key Lemmas in the Empirical Setting
C.1. Bound for Imbalance Term (Lemma 3)

By symmetry, it suffices to prove the bound for bY“) — bgT). We first evaluate the per-step change
in the imbalance term bY) . By the update rule of gradient descent, we have

bg‘r+1) _ “w§7+1)“2 B (UYH))?
12 N 2
o (-9
= w1 - 2uw1TVw1£A+ 1 HVWEAHQ - (v% — 2,u1)1VU12+ ©? (VU12)2>
D2~ 2 42 [Fan ] — 1 (T2

|2 o 2
=b”) + 2 <va1£H — (VL) ) 7
where (a) follows from Eq. 13. It follows that

’bgT—H) . bgT) :Mg

(et
<u2 (valEH2+ (VU12>2> . (17)

To bound the drift, we decompose the empirical gradients into their population counterparts and
the associated estimation errors:

(92) "+ [ ]

w1

= (Vo L+ VL - vvlc)z + valc VL — vwlﬁuz

<2(Vy, L) +2(vv1£ vm.c) 42|V, £])2 +2va1£ vwch

2 ((Vo, £) +||vwl,c|y)+2(vm£ Vmﬁ) +2va1£ vwch

(
2(vv1£ +HVw1L’HQ>+2<wllef—?vwﬁ) +2va12—vw1£H2
(

<2 ((Vo, L) +||le£|!2>+ il val? H HHVWZ_V“”EHQ
—o ((vvlz)Q n ||v,,,1£|12) 42 (1 n ”“’1” ) valz vwch (18)

Regarding the population component, note that by considering a reparameterized set of weights
U1 = U9 = 1, W = viwy, Wo = vows, wWe can leverage the smoothness properties of the population
loss (Lemma 12):

IVa, LI + Ve, £ <

DN | Ut

(Ilor — all® + 1o + al?) .
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Given vy, vz > 0, it holds that V3, £ = ivwlﬁ. It then follows that:

2 2 wlT ? 2
(erc) +||Vw1£H - Tlvwl‘c +Hv'w1£”

2 2
MV £]
— 2

1
= (Ihwr]]* +2) Vs, £1

+ |V, £

D [\ ~ -
< (wtl? + 7)) - 3 (o1 — all® + a2 + a1
5
== (Il +93) (lorwr = al* + vsws +af?) . (19)

As for the second term, Lemma 11 provides the following concentration bound:
Vi = Y £f| < 010 (Jurws - a] + lezws + al)),

where § < % is a constant. Squaring both sides and applying Jensen’s inequality leads to:

~ 2
Vs = V]| <0362 (Jorwr = all + [vzw: + al])?

<2029 (Hvlwl — a|? + |Jvsws —i—aH2>. (20)
Substituting the bounds from (19) and (20) into (18), we obtain that

(VL) + [V ]

2
[[wn ]

<2 ((Vo, £ + |V, LI ) +2 <1+ ) valf—vwlﬁHQ

2
U1

5
<222 (w1 + o7 (Jorwn - al? + Joaws + a?)

2
w
+2 (1 + H v12’ ) - 20i6? (Hv1w1 - aH2 + ||Jvews + a,HQ)
= (5+46%) (llwt]]* + 03) (Jlorwr - al® + vzws + alf) -

Putting the above inequality into (17), we complete the proof of the lemma with the constant
Ce = 6.

C.2. Proof of the Stability of Angles (Lemma 4)

=

We prove the lemma with the following constants: ¢y < %, co=2,c5 = %, Ccy = 2”—0, v =
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By symmetry, it suffices to prove the bound for HYH). By the update rule of gradient descent,
we have
(7+1)
1
=wi — Ve, L

V2 v1 sinf v 0
— (1= ) oy |+ B ol )y + B (1= 2 ) vows +a— AG ).
2 2 s 2 71'

2 2
Given that v1,v3 > Oand 1 — 51 > 1 — %2

nonnegative linear combination of w; and the vector

> 0, the update vector wy; — uvwlf is a

0
q .= <1 — 7r> vows + a — AGy.

Recall that the angle of a positive linear combination with a reference vector a is bounded by the
maximum angle of its components. Since we assume Z(wi,a) < ¢y, it suffices to show that
Z(q,a) < ¢4 to conclude the proof.

Geometrically, to ensure this angle constraint on g, we need to bound the perturbation magnitude
||AG1|| by the Euclidean distance to the cone boundary. Specifically, under the assumption that

0 < vy < c24/]al| and ’b(;) , it follows that ||vowsz|| < c24/c3 + v ||a||. This implies
that the condition:

a 2c409+/C2 + .
HAglns%naus( ol 2aeevs 7||au>sm<2c4>

< vla

2cos ¢y

is sufficient to guarantee Z(q,a) < c4. Numerical verification confirms that the chosen constants

2 =2,¢4 = 55, C5 = %, and v = % satisfy the required inequality. Consequently, we have

Z(ngH), a) < ¢4, which completes the proof.

C.3. Proof of the Stability of Norms (Lemma 5)

IN

We prove the lemma with the following constants: co = 2, ¢y < %, c4 < 15,65 < %, 5

By symmetry, it suffices to prove the bound for UY-H). We first show that U§T+l) < 2¢/|al.

Applying the gradient descent update rule, the partial derivative with respect to vy is bounded as

1
5.
2
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follows:
~ 1 7 —0)cosb + sin b
Vol = (ol - = iz | el — wf'a + wTAG,)
1 (m—6)cosf +sinb
> 3 (o - vz ] ozl — ol = [l 1G]
[|w|] (m —0)cosf + sind
= Lol o oy - o2 awal] — llall - | AG |
T
1 1
> Il (ol = 3 - hal - 3
5

In the penultimate line, we use the assumption |AG; || < ¢5 [|a|| < % ||a| and the fact that

T —0)cosf + sind 2¢4) cos(m — 2¢4) + sin(m — 2¢
(m—9) 1 | < (262)€08( = 2€4) +sinr — 2c4)

/&1 lall < < Jal.
T T -3

To establish the bound, we consider the following two cases based on the magnitude of v;:

* Casel: v; > 2/|all.
Since ‘||w1\|2 — v%‘ = |b1| < ~v]la|| < ||a||, we have ||w1]|| > +/||al||. Thus, we have

—~ w )
V2> 9 (o = 5 )
Jus] (5 g
> L (2 el - /Tall - 2 Jal

>0

— Y

which means UETH) = v — puVy L < v1 < 2¢/][a].

* Case2: v < 3+/|al.
We have

~ w )
e G )

> 2 Jlawy | [lal]
[ 6 1 9

which means

~

UY_H) =v1 — uVy, L
<2 /Tall + 2l 1l
=3 i
<2/l
Here we use the fact that p ||w1 || /[|a] < cor/c3 +v < % V5 <

(ST
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Next, we establish the lower bound UYH) > (3+/]|al|. By the update rule of gradient descent,
we have

6) cos  + sin 6

~ 1 ™ —
VoL = (un fun - ¢ o e~ wla + w] 56,

1
<5 (vl ]® = wla+ Jwi | |AG:]))

il
2

[ | b 1
<0 -z -
< (vllwill = llal + 3 lla]

1
S G

In the penultimate line, we use the assumption ||AG:|| < ¢ [la|| < % lall and 61 < c4 < {5 <
arccos (2).
To establish the bound, we consider the following two cases based on the magnitude of vy ||w1||:

(v1 [Jwi][ = cos b1 [lal| + |AG: )

« Case 1: vy |wi]| < 3 [|al.
we have

~  lw 1
LTI

0,

IN

which means UYH) = v — uVy, L > 8/]a].

* Case 2: vy |wi]| > 3 [|al.
Since ‘Ilwlll2 —v?‘ = [b1] < vllall < §llall, we have v; > 3+/[la]l and [wi]] < /[a].
Thus, we have

» wl 1
Vi, £ < vt [lwall = 5 llall

It follows that UETH) = — Mvulf >y — kulal >

; < c < 1
use the assumption g < Tall < Tal

v1 > +v/[la]| = Bv/||a]|. Here we

D=

This concludes the proof of Lemma 5.

C.4. Proof of Phase 1 (Lemma 6)

64

We prove the lemma with the following constants: ¢ < 1,¢4 < F,09 = > e

65
tancy ®

Cy — 2,63 =

1 1 1
2, C10 = 720,00 = gza> where o =
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For notational simplicity, we assume without loss of generality that ||a|| = 1. Recall that our
initialization scheme is given by

g
w§0)7w§0) ~ /\/<07 %Id>, vgo),vg)) ~ ﬁf, & ~ X5

where 0 < 0¢+/||a]| and x? denotes the chi-squared distribution with d degrees of freedom.
(0}

2
By definition, both the squared scalar (vi and the squared vector norm szgo) H follow the

same Chi-squared distribution. By standard concentration inequalities, both variables concentrate

sharply around the value o2 with probability at least 1 — O(e~°?). Furthermore, the projection

aTwZ(O) follows a Gaussian distribution A/(0, "72 la||?), which concentrates around 0 with magni-

tude O(1/+/d).

Specifically, applying the Laurent-Massart concentration bounds for the Chi-squared distribu-
tion and standard Gaussian tail bounds, we have that with probability at least 1 -8 exp (— min (%, %4
the following inequalities hold simultaneously:

1 1
R S

1
50 < U§0),Ué0) < 20

aT'wgo) > —é4v§0),aT'w£0) > —641150).

where ¢4 is a fixed positive constant.

ptancy

Assume that ¢cg < 1,¢4 < 7 and T} = { 64 —‘ We aim to establish the following properties
for all iterations 7 < 1" via induction:

T 1 T 1
vg ) > ivgo),vg ) > 52}50) 2n
angT) > —é4v§0), aTwéT) > —é4vé0) (22)
T T ~ 1
o |l < 200+ )0l < e50® < = (23)
Cs
T T A 1
of7 |wf” || < 200+ )l < e <
Cs

with constant ¢4 = i, 3 = C5 = 2e%, 009 = 83% where oo = ta?1504'

We prove (21), (22), (23) by induction. At initialization it is true with probability at least
1 — Ce % ag explained above. Assuming these hypotheses hold for some 7 < 7', we proceed to
show they remain valid for iteration 7 + 1. By symmetry, we focus on v; and w;. For the sake of
notation simplicity, we suppress the superscript (7) where the context is clear.

We start with bound for a”w;. Specifically, the update rule for the alignment term yields

1
angT-i- )

=aTw;, — uaTleﬁ

v 0 sin 6
=a’w; + gvl — % (vlaTwl — <1 — 7r) voal wy — - va ||wal| a'w, + aTAgl> .
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WHEN BOTH LAYERS LEARN: TRAINING DYNAMICS OF REPRESENTING LINEAR MODELS VIA RELU NETWORKS

By Lemma 11, with probability at least 1 — 3e=°?, we have ||G || < C% ||al|. It follows that
5

™

0 sin 6
viawy — (1 — ) voal wy — - vg ||wa|| a’w; + a’ AG,

<oy |wi ]| + vz [Jws]| + vz [lws|| + [|a” AG |

4 1
<5 <5
Cs 2

Combining the above bounds, the term inside the parenthesis is bounded by % in absolute value.
Consequently, the update satisfies

3
aTwl + %vl < aTwYH) < aTw1 + Z'uvl. 24)

(0)

Tw, > —C€4v, ’, we conclude

It follows that angTH) > a’w;, By the inductive hypothesis a
that (22) holds for iteration 7 + 1.

Next, we bound the orthogonal component H (I — aaT)wYH) H Observe that:

(I - aaT)ngH)

(I — aa®)w; — u(I — aa’)Vy, Loss

0 in 6
(I - aaT)w1 - ,uﬂ(I — aaT) (vl'wl - <1 — W) VoW — Sl; v ||lwe|| W1 —a + Ag1> )

2
Since (I — aaT) a = 0, the update simplifies to:

(I — aaT)wYH)

:(I — aaT)'w1 — ,u%([ — aaT) <7)1’LU1 — <1 — 9) Vw9 —
™

sin 6

2 oo 51 +Agl).

Applying the triangle inequality and substituting the bounds for ||w||, ||we||, and || AG; ||, we have

|

(25

H(I — aaT)w:(lTH)H

sin 0

0
< H(I — aaT)le + u HU;(I - aaT) (vlwl - (1 — 7'[') VoWg — v ||wa|| Wy + Agl>

s

v
< (I = aaywi| + EE (01 flwi | + 202 |lws]| + 1AG )

2uvq
/\2 M
5

< H(I - aaT)le +
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Combining the upper bound for CLT'w1 (from inequality (24)) and the bound in (25), we

derive the upper bound for le H as follows:
2 2 2
() e
3u 2 2
< <aTw1 + v1> (H - aa,T)w1H + cz/wg()))
5

3 2 3 2 2 2
guw1||2+2(fv1+ 2 )|w1|y+ (fm) T (CQMm)
5 5

3# 2 0 2
< (trll+ 2o+ Syl
C5

7,,(0)

(7) ET) (14 p)"v; ’, along with

Taking the square root and using the inductive hypothesis v; 7, H'w

the fact that c% < %, we conclude ngTH) H <2(14 M)Tﬂv%o), which establishes the upper bound

for ||w || in (23) for iteration 7 + 1.
We now turn to the evolution of v;. the update for v; is given by:
(7+1)
U1
=v1 — 1V, Loss
T
w
=v] — u—lvwlLoss
U1

0 sin 6
=1 — Hw{ <v1w1 — (1 — 7r> VW9 — - ) H’wQHW1 —a + Agl>

2
wop W 0 T sin 0

—u1 + Eaw; — Ewlwiv, — Ew! AG + fvz I — = Jwjwy + — [|w]| [Jwe] ).
2 2 2 T T

By triangle inequalities, we have

6 in 0
ot~ ot a6+ e ((1- 2wl + 22 )

f 2 0 0
<5 lwilPor+ 5 A 502 lwil lwell + Sz [lw] w2

IN

% 42,00,

For the upper bound, we have

(TH) <+ ';LaT'w + = 4%2}50)
Cs

<o+ gaTw + §v§0)
< (1 + g + g) 21 + ) ol

=2(1+ u)TJrlU%O),
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which shows the bound of v; in (23) for iteration 7 + 1.
For the lower bound, we have

¢
UY-H) > v1 + % (—64’09))) - g -46—31)%0)
5

L (0

ZU1—42TU1 .
1

This implies that v; decrease at most one half in the first 77 iterations, which shows (21) for iteration
7 + 1. Here we use the fact that ¢4 + 4% < ﬁ <1.
5
Resuming the proof of Lemma 6. Inequalities (21) and (23) directly imply that at iteration 77 :

T 1 (o 1
'U:(L 1 2 Q'U:E ) 2 ZU,
and
1
o™ < = <2y/[q]
Cs

Additionally, (23) yields an upper bound on the norm of the imbalance term ’bng)

== i

T 2
‘bg 1)

)
C5

Next, we estimate the alignment angle 9§T1). Summing the updates in (24) and (25) over T itera-

tions, we have

angTl) > aT'wEO) + %vgo) T,
> 7641}%0) + %ngo)
and
H(I - aaT)ng)H < H(I - aaT)’wﬁo)H + %uvgo) T
5

96
< 2v§0) + guTwio).
5

It follows that aT'ng) tancy > H (I — aaT)'ng)

, which confirms
07" = 2w, a) < cx.

Here we use the fact that uT’ (W’Tc‘* — 20%) > ¢4 tan cq + 2. By symmetry, identical bounds hold

for v§) b (™)
64
tancy’

. This completes the proof of Lemma 6 with constants ¢y < 1,¢4 < 7,c9 =
65
tancy”

1 1 1
cy =2,c3 = 1> C10 = 722a,00 = @,Wherea:
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C.5. Proof of Phase 2 (Lemma 7)

We prove the lemma with the following constants: ¢y < ﬁ, cr = %, cg =32,¢c11 = %.

We first show that for any iteration 7 € [T1, T} + T3], the following bounds hold:

0<o{” {7 < 2¢/]la] (26
T T ™

ag),eé)SC4§E &7
7] 8] < exo llall + (7 = Tullal® < e Jal @8

We proceed by induction. According to Lemma 6, equations (26), (27) and (28) hold for 7 = T}
with probability at least 1 — Ce~°. Now assume that we have (26), (27) and (28) for 7 = T} + ¢
with t € [0, T2 — 1]. For 7 = T + t + 1, observe that

b7 |68 < cwolall + e llal® < 7l

)

By invoking Lemma 4, Lemma 5 with 8 = 0, we establish that (26) and (27) hold for 7 = T7 +t+1.
To prove (28), we apply the Lemma 3 with the constant cg = 6, which yields:

ot () ) (10t = 87 o)

< con® (ol + 5 Jal) ( (215 +1)" alP + (25 -+ 1) al*

< 330042 [la]®.

T+1 T
7 =l

2 2
< (o) 4o <
2 2
4+ cn)llall < 5all, ||wd” H < (vgﬂ) + 57 < (44 en) |la]| < 5|all. Substituting these
into the recursive relation for b; and using the Inequality (28) for 7 = T} + t we have:

’b§7+1)‘ < ’by)

Here, we use the assumptions vy), vg) < 2/||a|| and the fact that HwY)

<ecpllal| + (r+1=11)- 330062 ||la|® < c11 |all-

T4+1 T
L

Here we use the assumption that 7 + 1 — 77 < Th = [uﬁzll In < Ja”>] and p < Ciom
lajn(+L=1)
1 1

By substituting the constants cg = 32, cjg < ﬁ, €11 = 55 and ¢y < 108> One can verify that the

requirement for ¢y is satisfied. By symmetry, we also have ‘bgﬂ)) < ¢11 ||@||. Thus, we have (28)
forr =Ty +t+ 1.
By symmetry, we only need to focus on v1, w;. We first establish a lower bound on ng

Since wlvaIE =1 va (due to Eq. 13), we have

7+1) H

2 12
ngﬂrl)H = H’wl — uvwlﬁH
~ 12

o l? — 2! T £+ 1T ]

2 -~ 9 12

= |wi|?® - 2001V, £ + 1 valzl ,
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and

|'w1TVw12|

[V = =

_ |Ulvv12|
[[wn ||

Thus, we have
(r+1)|? 2 A2 Al
[l = ot = 200190, 2 + 122 | Vo £

—~ 2
~ V.. L
> |2 — 20 Vi £+ 42 (")

~\ 2
| — p LY e
= 1|l — .
T

It follows that

T+1 U1 vv1 L

w2 = fwn ] - . (29)
[|w]]
We continue by estimating Vvlf. Note that
~ T —6)cosf +sin 6
Vul = (o = o T funl ] - wfa+ wfag )

IN

AN
NI~ NP, NP~ N -
/N

(vl H'u71||2 — 'wlTa + 'wlTAgl)
2
v1 [lw || = coseq [lwi[ [[al] + [lwr | ||A91H)
5 1
2
<5 (v hwrl? = ol ] + 5 ] )

< 2

N[ —

TN TN
S
S
|
|
g
=
B
~__

In the penultimate line, we use the assumptions ¢4 = 75 < arccos (2) and |AG|| < 1 [la]. To

establish the lower bound for v§T1+T2), we will show that in phase 2, v; ||w; || increases when it is

small and will never decrease too much when it is large. Specifically, we consider the following
three cases based on the magnitude of vy ||w1 ||:

* Case 1: v ||wi]| < { |a.
We have

Vo L <

N | =

1 1
2
(o1l = 3 Il ) < =5 lal oo
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By Inequality (29), we have

+1 11V L
Joof™ V| = el =
1
o1(=4 o] el
> oo~

1
= [lw1| + gMHaHUL

Summing the two inequalities we conclude that

o ol 2 (14 gullal) (o7 + [uwl?

).

Case 2: 1 [la]l < vy i < § [al.

We have

~ 1 , 1

VoL < (nwr P = 5wl )
<0,
which means U£T+1) = — MVUI,/:' > v1. By Inequality (29), we have
T+1 Ulv Z
[eof 2 = ot = 5
> [lw | -

Thus, we have o\ |, | > o) [Jwy || > 1 |||

Case 3: vy |wi| > 3 [|a.

We have
1 , 1
Vi £ <5 (v [Jwi]|” = 5w || [|a]
2 2
1
§§U1 w1,
which means UETH) = v — uV, L > v — E54 wi]|* = o1 — for = Jui. Here we use the

fact that 11 ||w1]|* < co(c3 +7) < 1. Using Inequality (29), we have

Ulvvlz
w1 ]

|l = Jawr]) =

2
Juy
> [lwn | - 2L o
1
> [fwn | - ; o

=3
= .
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Here we use the fact that v? < coc3 < % Thus, we have UYH) ||w1 H(TH > %

- h v1-3 |ws || >
svt lwi > 7 llal|.

As aresult, the sum vy + ||w; || will increase by a factor (14 4 ||al|) aslong as vy |wi | < 1 ||a].
Once we have vy ||w1|| > 1 ||a|| at some iteration, it remains bounded below by 1 ||a|. By Lemma
(T1)

6, vlT1)+H'w

> c30 > %0. Consequently, after Tb = Uﬁin In <y”>] iterations, where we

have used the constant cg = 32, we have nglJrTQ)

2 2
<U§T1+T2)) . Hw§T1+T2)

’ ’ngl +T5)

> 1|lal|. Combining this with the

Th+1T:
(M) > 1 /al.

imbalance bound

1
< onllal <}
This completes the proof with the constant c¢;; = %

C.6. Uniform Concentration (Lemma 10)

We prove the result in 5 steps.

Step 1: Standard net reduction for operator norm.

Lemma 14 (Operator norm on a net) Let A € R*? be symmetric and let U C S*! be an e-net
with e € (0,1/2). Then

1
|A] < ﬁmeaxw Aul.

Moreover, there exists a 1/4-net U with |U| < 9%,

Hence it suffices to control, uniformly over w, w*,
max ‘uT (M(w, w*) — EM(w, w*))u’ .
Step 2: Truncation decomposition. Fix 7 > 1 and define truncation and remainder for ¢ > 0:
T, (t) := min{t, 7}, R-(t):=(t—7)4.
Fix u € S%~! and define W, (z) := (x,u)? and
Wi (@) = T:(Wu(2)), GO (x) = Re(Wy(2)).
For any (w, w*) and any x,

Woul@) Ltz a0)50) Lie w0y < WiE(@) Lty >0y Liawys0p + G (@), (30)

since W,, = WqST) + G&T) and indicators are < 1.
For fixed u, define the bounded function class

Fur = {fww (2) == W (@) Ligawy>0) Liwar) >0y @ W, w" € Sd_l}-

Then every f € F, ; satisfies 0 < f < 7 pointwise.
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Step 3: Tail remainder bound

Lemma 15 (Chi-square tail moments) Let Z ~ N(0,1) and Y = (Z? — 7). There exist uni-
versal constants c,C' > 0 such that for all T > 1,

EY < Ce™ ", EY? < Ce .

Proof Standard: P(Z2? > t) < 2e7"/2 and E(Z? — 1) = [P(Z? > t)dt, E(Z? — 7)2 =
2 [t —1)P(Z% > t)dt. |

Lemma 16 (Uniform control of the truncation tail over a 1/4-net) Let U be al/4-netwith |U| <
9. There exist universal c,C > 0 such that for all T > 1, with probability at least 1 — 2=,

—C’T'd d
= +to0o
n n

1 n
- (M (2 — EGT(X)] <
uell n;:liGu (i) =BG, )‘ <cC

Moreover, max,cyy ]EGSLT) (X) < Ce .

Proof Fix u € U. Then G (X) £ (22 — 7). with Z ~ N(0,1). By Lemma 15, EG{” < e~
and E(G{)2 < e, and G is sub-exponential (dominated by Z2). More specifically, it is a
(02, b) subexponential with 02 < Ce™" and b a constant.

Definition 17 (Sub-exponential random variable with parameters (02, b)) A real-valued random
variable X is said to be sub-exponential with parameters (o2, b) if, for all |\| < 1,

\2o?
Eexp()\(X—EX)) < exp( 5 ) 31

For such subexponential random variables we have the following standard refined Bernstein-type
inequality.

Theorem 18 (Bernstein’s-type inequality for sub-exponential sums) Ler X1,..., X, be inde-
pendent mean-zero random variables, where each X; are sub-exponential with parameters (o2, b)
in the sense of (31). Then, for every s > (,

1 1 . 2 s
P EZXiZS < 2exp —in-mln P . (32)
=1

Thus using using this Bernstein’s inequality for sub-exponential variables above with s = C %ﬁt—l—
C % yields forall t > 1,

1 < [e Tt t
— (M) () — () > 2 < et
P(n ZEIG“ (x;) —EG () > C o —i—Cn) e

Set t = c1d and union bound over || < 99; choosing c; large enough makes the union-bound
failure probability < e~°?. |
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Step 4: Uniform control of the truncated term. We will use the following result on covering
numbers for VC-subgraph classes.

Theorem 19 (Theorem 2.6.7 in Van der Vaart and Wellner (1996)) Let H be a VC-subgraph class
of real-valued functions on R? with VC-subgraph dimension at most V and envelope bound |h| < B
pointwise. Then there exist absolute constants A, C > 0 such that for every probability measure ()
and every 0 < n < B,

log N(n, H,L2(Q)) < CV log( AnB)

We will also use the following Dudley-type bound for Rademacher averages.

Theorem 20 (Equation (5.48) in Wainwright (2019)) There exists an absolute constant C > (0

such that, for any function class F, conditionally on x1, . .. xp,
c o
[}gg; -~ Zezf ) S NG /0 Viog N(n, F, Lz (Py)) d,
where Py, is the empirical measure of x1,. .., xy and v := supscr || fl L, (p,)-

Lemma 21 (Expected supremum for the truncated class) There exists a universal constant C' >

0 such that for each fixed u,
d
E[ sup |(P, — P)f\] < CT\/7.
fE€EFur n

Proof By symmetrization,

1 n
E sup |(Po—P)f| <2E sup |- > eif(a)
fefuf eJ:u‘r i=1

Let v := supscr, || fllLye,)- Since 0 < f < 7 we have r < 7. Applying Dudley’s entropy
integral bound for Rademacher averages per Theorem 20 and the covering bound from Theorem 19

with Q = P, yields
N Cy [ Ar
x| < S5 [7 o N F L) an < S [T Vios (ST dn

[sup — Z g f
Using the change of variables = re™* and the elementary bound

fer'n

VvV log <ef7).

we obtain

Xl < o7
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Substituting » < 7 and V' < cod, and absorbing constants (including A and Cp) into a single

absolute constant C, gives
d
} < Cr \/7 .
n

Finally, multiplying by 2 from symmetrization proves the claim. |

[sup —Zszf

fer

Now we focus on establishing a high-probability bound. For this we will use Bousquet’s con-
centration inequality for suprema of bounded empirical processes.

Theorem 22 (Theorem 2.3 in Bousquet (2002)) Let F be a class of measurable functions with
0< f<b Let

Z = supZ(f(Xi)—Ef(X)), o2 := sup Var(f(X)).

feFr fer

Then for all t > 0, with probability at least 1 — e,

bt
Z <EZ +\/2t(no? + 20EZ) + 3 (33)

In particular, we will further upper bound the RHS of (33) as

EZ 4+ \/2t(no? + 20EZ) + % <2EZ + V2tno? + gt (34)

where we have used that vVa + b < \/5 + \/5

Lemma 23 (Uniform high-probability deviation for F,, ;) There exist universal constants C,c >
0 such that for each fixed v and each t > 1, with probability at least 1 — e,

sup \(]P> —}P’f|<C7‘\/7+CU +C’—

Proof Apply (34) to F = F, - with b = 7. We have g% < sup Ef? < 7/2 as above. Also,
EZ =n-Esupser, . [(Pn —P)f| which is bounded by Lemma 21. Divide by n to conclude. W
Step 5: Complete the operator-norm bound Fix 7 > 0 and recall the decomposition
Wu(z) = W (@)+G0 (@), W () = min{(z,u)’, 7},  GP() := ((z,u)’—7)+.
For (w, w*) define the ReLU sign indicator

Lo+ (2) := 1{{z,w) > 0} 1{(z,w*) > 0} € {0,1}.
Then for every =,

Wi () L+ () = Wé‘r)(:v) Loy w+ () + G’ELT) () L,w (),

)
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and hence, by the triangle inequality,

sup [(Pn = P) (Wylwa+)| < sup [Py —P) (W) Ly wr)| + sup

w,w* w,w* w,w*

(Pn - P) (G&T)lw,w*) .

(35)
We control the second term in (35) uniformly over (w, w*) without any VC/covering argument.
Using the identity

G Ll =G = G (1 = Lip ),
we have for every (w, w*),
(Pr, — P) (G 1w ) = (P, —PYG) — (P, —PYGT (1 ~ Luvwr)),

SO

(B — PY G Lip )| < |(Bn —PYCT)| + [Py — PG (1~ Lwwr))|.  (36)

Since G > 0and0 < 1 — L+ < 1, we have pointwise

0< G =Ty ) <G,

and therefore

Po(G(1 = L)) <P(GT),  BGT (1 - Luww)) <PG)).

u u

Consequently,

(P, —PYG (1~ Luww))| <PAGT) + B(G)) = (P, — PYG)) +2P(G)),

u

and hence

(Pr — PY G L )| < 2](Bn —PYGT)| + 2RGD). 37

sup
w,w*

Plugging (37) into (35) yields the corrected completion bound:

+2|(Pn—P)(GD)| + 2B(G)).

(38)
Now apply Lemma 23 and Lemma 16 and union bound over u € U. Taking ¢ = cod with cq large
enough absorbs the 9¢ factor, giving with probability > 1 — 3e~¢¢;

C’T
max sup uw' (M —EM)u <CT\/7—|—C\/ +C’ +CH€ +C_CT
ueU w w*

Multiplying by 2 from the net lemma gives the same bound for sup,, ,,« [|M — EM]|.

Finally choose 7 = C'log(e/d) so that e™“" <« 4. If n > Cd log” (1/5) , then each term on the
right is < ¢ (after increasing the universal constants), which proves Theorem 10.

(]Pn _P) (Wu ILw,’w*)

sup
w,w*

u

< sup ‘ (P, —P) (W(T) Ilw,w*)

C.7. Concentration of Gradient Component Deviations (Lemma 11)

For the proof, we utilize the variational characterization of the Euclidean norm: ||z = supjjy|=; (u, 2).
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Bound for w: Let u € S%! be an arbitrary unit vector. Using the Fundamental Theorem of
Calculus, the definition of the ReLU gradient, and the residual 7(x;) = vid(w{ ;) —va¢(wq x;) —
(¢p(a'x;) — p(—a'x;)), we observe:

R 1
<mvmc—vmg>:m1;mkMu@ﬂmyu1—omwg—EMp”»mdt
1
+ v /0 u' (M(—ta + (1 — t)(’UQ’UJQ), 'wl) — EM( .. )) (*hg) dt,

where M (1, V) is defined as in Eq. 4. The term v; appears due to the chain rule derivative with
2
respect to w;. By Lemma 10, given the sample complexity n > Cd%

deviation bound holds with probability at least 1 — 3¢~

, the following spectral

sup | M (1, ¥) — E[M (1, 9)]] <. (39)

a,veSd—1

Since the indicator functions 1y >0} are scale-invariant, this uniform bound applies to all direc-
tions tu + (1 — ¢)v appearing in the integrals. Then,

(0, Vi £ = Vo, £)| < 0n6 ] [ + 018 ] o]
= 01 (| [ | + ).

Taking the supremum over u proves the first bound.

Bound for wy: Similarly, for an arbitrary unit vector v € S
R 1
<mihm£—ihu£>:vz/ vT (M(t(waws) — (1 — Da, ws) — EM(...)) hy dt
0
1
+ vy / VT (M(ta + (1 — t)(vlwl), U)Q) — EM( .. )) (—hl) dt.
0
Applying the same uniform spectral bound yields:
(V. Vaou £ = Yy £)| < w28 ((10 | + B2 ).
This completes the proof of Lemma 11.

Corollary 24 (Bounds in terms of ||a||) Further assume that ||viwi|| < C|la|| and ||lvaw2| <
C'|la||. Then:

vaf—vmpﬂgwumm (40)

vai—vwzﬂg@ﬂmm @1)
where ¢ = 25(C + 1).
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Proof We bound the norms of the error vectors h; and hs using the triangle inequality:

[hi|l = [[viwr — al| < [Jvrws || + [la]| < (C + 1) ||la]l,
[ha = [vows + a|| < [Jvows]| + [|a] < (C +1) ||la]|.

Substituting these into the theorem’s bounds:

valf— vwch <016 (2(C + 1) [la])) = 26(C + D)o, |lal,
|V = Vs £]| < 028 (2(C +1) [lall) = 26(C + 1)uzJa]
|
Appendix D. Proof of Main Theorems
D.1. Proof of Theorem 1 for Landscape Characterization
To prove this theorem, we first show that viw; = a, vows = —a is the global optima. Since

vy, v2 > 0,
V1 ('w?m) — v ('wgm) =¢ (UlwlTa:) —¢ (vngTa:) =¢ (aT:L') — ¢ (—aTa:) —a'z.

Hence, the given weights implement the planted model exactly. Next, we verify that all vy, v > 0,
and w;, wo that satisfy

viw) —wy =a, and 6 =0

are indeed non-strict saddle points of our optimization problem when k = 2. We first show that the
gradient vanishes. Plugging such vy, ve, w1, ws into (2):

VwZL(6) :%diag (v) ((WIHlT — O) diag (u) + diag (sin (@) u)) W — —val

a) 1 1
@) §d2’ag (v) 117 diag (v) W — §vaT

= %'v (WT’U - a)T

1 1
= 30 (w1 —vawz —a)’ = v(a—a)’ =0.

where (a) follows from the fact that ® = 0 at these points. Furthermore, due to (13), V, L (0) is
also 0. Next we show that the Hessian at these points are PSD. Plugging the values into (14) we get:

[y | —Jlwi| |wzl|  viw]  —vw!

e P T R 1 LS e
2 VW —v1Wy vl —vyvol

— VW1 VoW —U1UQI U%I
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which follows from the fact that 6y; = 0 and w,, . = wy,,. = 0 for any choice of £, m,i €

[2]. This (2d + 2) x (2d + 2) matrix has eigenvalues 0, U%;Ug, and ”leer”w;”zM%”% (all non-
negative) with multiplicities d + 2, d — 1, and 1 respectively. Therefore, all the stationary points are
in fact non-strict saddle points of the problem.

Finally, we show that there are no other stationary points besides the ones identified above. A
necessary condition for Vy L (6) = 0 is that any linear combination of the gradient rows must
vanish. Specifically, for v1, vy > 0, we have:

[ov: o) VwL(8)=0

vy’

By substituting the gradient expression, this implies:
0 (v1w; + vows) = sin @ (vy ||wy || wa + vo ||wal| W) .

Note that the vectors vjw; + vows and v ||w || Wa + v2 || w2]| w1 have identical norms. Taking the
norm of both sides, the equality holds only if |6] = , which implies § = 0, or if the vectors
themselves are zero (viw; + vowy = 0).

The case § = 0 corresponds to the non-strict saddle points previously identified. The case
viwi +vaws = 0 corresponds to the global optima where the two neurons are anti-aligned (0 = 7)
such that their combined contribution exactly implements the target a. Consequently, there are no
other stationary points in the optimization landscape. This completes the proof of the theorem.

D.2. Proof of Theorem 2 for Convergence of the GD Trajectory

To prove this theorem first we note that after 77 = [ﬁ} iterations of GD (i.e. alignment phase),
using Lemma 6 from Section 5.4 we have with high probability
0§T1), HéTl) <c¢, and cio<v; ) ( ) < cov/|al|-

Using Lemma 7, after T' = T + 15 iterations, we have

00,60 < ¢ oD oD > e /Ta], and \bg

| <enlal.

)H 2+ b( ) , we evaluate the weights

at the end of the growth phase (I'" = T} + 7%). From Lemma 7, we have v () > c¢7+/||a|| and

\ i )\ < c11 ||a||. Noting that ¢2 > ¢11 for ¢z = 1, ¢11 = 55; this implies:

(@ = ewlall < [wf”[ " jul" | < (+ ) all @)

We now establish that these bounds hold uniformly for all 7 > 7. Lemma 4 ensures that since
the angles GgT), QéT) are small, they remain bounded by c4 for all subsequent iterations. Lemma
5 ensures that if the norms v; start in the interval [c7+/]|al|, c2+/]/@]|], they remain within a fixed
range [c7+/ ||a] ] cav/ Ha |] for all 7 > T'. Finally, as established in the convergence analysis below,

the error ||h]|* + ||h2]? decays geometrically. By Lemma 3, the total drift in the imbalance terms

is summable, keeping \bi ] uniformly bounded by a constant v ||a|| for all 7 > T.
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Consequently, there exist universal constants ¢,i, and ¢y a5 such that for all 7 > T

eminv/ @]l < ol 087 w7 {[w]] < cmaxv/Iall- (43)

From (43), the conditions for the PL inequality (Lemma 8) and smoothness (Lemma 9) hold uni-
formly for all 7 > T, where the constants o and L now depend on cp,i, and cpax. Specifically, we
have:

valﬁ ('v(T), W(T)) ’ + vazﬁ ('v(T), W(T)> H2 >ack, |lal| £ ( (7) W(T)>

and

e (o)

< Lall.
Next, we keep track of the population loss while performing GD updates on the empirical loss. Let

v
0 denote [Vect (W)] ,

diag ([ﬂ) W - W
2

£
() - (o) (o) + Loz o)
(0<T>) —ullve <9<T>) ‘L <vc (e< >) VL (9< >) VL (0(T>)>

Loz o)
2 (07) - ufoe (o) e 07)
e o2 00)
22(6) -wit - oz o)
AP (Hvz (6™) g HVE (6) - ve (o)
=2 (67) (0 —n — uL lal) [v£ (6)
#(L+srlal) [VE(00) - ve (o)
2 (6) ~ ack fal p L~y - uL fal) £ (6°)
+ (n +u2LyaH> V2 (7)) —ve (o )

()
< (1~ acy, lal (1 =5 - pLlal)) £ (67)

and also define errors vectors h; = vjw; — a, ho = vawo + a. We note

2

= ||h1||* + ||h2||*. Forall 7 > T we have
F

that

g (o) e (@)

"4 % HVE (6) - ve (o) ’

)

2
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2
e

+—<i;+—u?LHaH> ((vf’)2+—(v§7>2+-HuﬁT) 2>(P (Hh?” 2)

2
[
9)) ) ")
< (1 - acy, lall (1= = L |lall)) £ (617)

1 . 2
= (L4 arlal) acdulal o A )

(9)
< (1~ acdulalnt =g prlal) +20 (4 + L lal ) 1l £ (67)

NG

where (a) follows from the quadratic upper bound and smoothness of L, (b) follows from <\/?)a, ﬁb> <

nllall*+ % ||b]|? for any 5 > 0, (c) follows from triangle inequality, (d) follows from PL inequality,
(e) follows from Lemma 10 and gradient identity (13), (f) follows from upper bounds on the norms,
and finally (g) follows from applying the population loss lower bound (Lemma 13). Set u = ﬁ,

n= %. We have

L(mﬂﬂ)<<1—aﬁmg<i—ﬁL>+<ff+ﬁ%)8&%wﬁ>z(mﬂ)

2 2 2
_ (1 o <3acmin i 32061113;(5 ) 'a + (O[Cilin + 80612naX62) L,LL2> E (0(7')> .

4 3

We now choose ¢ and ji so that the quadratic factor above yields a strict contraction. First require
that the linear coefficient is positive, i.e.
2
62 < 9Oécmin
~ 1280c¢2

max

Fix any such § (this is ensured by Lemma 10 by taking n sufficiently large). Next, define,

3ac.  320c2,.6°
a:= O‘me - Cg‘a" and b= (ack, +80ck,.0%) L.

If we further choose
o< a
=g
then the quadratic term is dominated by the linear term, and we have
1—aﬁ+wﬁ§1—gn
Consequently, for all 7 > T,

ﬁ(mﬂﬂ)g(l—qmﬁ(mﬂ)

where ¢ := § > 0 is a numerical constant depending only on «, ¢yin, Cmax. Iterating this inequality
for all 7 > T yields geometric decrease of the population loss

5(0“0 g(1-q@“‘T)L(0“W).
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Finally, we apply the population loss lower bound (Lemma 13) to lower bound the left-hand side:

(1)
diag ( [v%ﬂ]> w —w
U2

By further upper bounding the right-hand side using the fact that the ReL U activation is 1-Lipschitz,

(T) 2
diag < [Z%T)] > W) — W*|| . Combining these yields:
2

F
() 2 (D)
diag [ | L w —w diag | | L w _w
o) o)
2 2

for some numerical constant ¢ > 0. This shows geometric convergence of the GD iterates, complet-
ing the proof of Theorem 2.

2
L (g(T)) >

[N

F

we have £ (O(T)) <

2
<&l —ecp)

F F

Appendix E. Additional Experimental Results
E.1. Pairing-up Behavior for » > 3

In this section, we present additional results on the pairing behavior of w; and v; for different values
of r. Although our theoretical analysis is limited to the scalar output setting, for our experiments
we also consider multi-dimensional outputs. We only consider the case where the model is exactly
parameterized i.e. k = 2r. We first show that an interesting pattern arises if both the inner and outer
layers of the neural network are initialized sufficiently small.

For visualization purposes in Figure 6, we pick r = 3 and k¥ = 6. As for the target function,
we pick aj, as, as to be e, ea, e3 respectively which correspond to the standard basis vectors in
R?. We plot the trajectory of both the inner and outer layer weights of the network across iterations
and observe a peculiar pattern in both v;’s and w;’s. At convergence, weights can be grouped into
pairs such that one of the weights is approximately negative of the other. As a concrete example, in
Figure 6, we observe that véoo) ~ —'UZ(LOO), 'vioo) ~ —véoo), and '0200) ~ —véoo) which also holds
similarly for w;’s as well. This suggests that after a permutation of the hidden units, we get

V) x (1, -1V, W [IL,-1]"W.
which can be considered as a natural extension to the v; = +1 pattern in the single output setting.

Beyond the » = 3 case, we illustrate the same behavior for » = 5 in Figure 7 and for » = 10 in
Figure 8. While we also observe the pairing for r > 10, we omit those results here for visual clarity.
In general, we note that the weights at convergence (indicated with star symbol in Figures 7 and 8)
can be grouped into r pairs such that one of the weights is approximately negative of the other. To
aid with detecting the pairs visually, we draw the line determined by each pair with dashed lines.

Appendix F. Related Work

There is a large body of work on developing global convergence guarantees for nonconvex prob-
lems. We review this literature and compare the differences with the setting discussed in this paper.
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(a) Trajectory of v;’s and their pairing (b) Trajectory of w;’s and their pairing
behavior. behavior.

Figure 6: Pairing pattern in multi-dimensional setting. We train the network from small initial-
ization when exactly parameterized (k = 6 and » = 3). On left (a), we depict the trajectories of
individual weights in the outer layer (v;’s) across iterations. We observe that the weights at conver-
gence can be grouped into three pairs such that one of the weights is approximately negative of the
other. For instance, we observe that 'uéoo) R —vfloo). Which neurons end up pairing with each other
is indicated by the usage of same symbol (square, circle, etc.). A similar pairing is observed for the
inner layer weights as well (b). While these vectors all lie in a higher dimensional space, we pick

an arbitrary two dimensional axis to plot them in 2D.

Nonconvex low-rank matrix recovery: In low-rank matrix recovery, numerous studies have shown
that nonconvex gradient descent, when initiated with spectral initialization, can effectively solve
low-rank reconstruction problems across various domains. This includes phase retrieval (Candes
et al., 2015; Chen and Candes, 2017; Ma et al., 2020), matrix sensing Tu et al. (2016), blind decon-
volution Li et al. (2019); Ling and Strohmer (2019), and matrix completion Chen et al. (2020). In
practice, random initialization is frequently employed instead of specialized spectral initialization
methods. As a result, more recent literature Sun et al. (2018); Ge et al. (2016); Zhang et al. (2019),
have turned to analyzing the loss landscape. These studies demonstrate that, despite their non-
convex nature, these loss landscapes remain well-behaved under certain assumptions. Specifically,
they contain no spurious local minima (i.e., all minimizers are global minima), and saddle points
exhibit a strict direction of negative curvature (also known as strict saddle points) Sun et al. (2015).
Then specialized truncation or saddle escaping algorithms such as trust region, cubic regularization
Nesterov and Polyak (2006); Nocedal and Wright (2006) or noisy (stochastic) gradient-based meth-
ods Jin et al. (2017a); Ge et al. (2015); Raginsky et al. (2017); Zhang et al. (2017) are deployed to
provably find a global optimum. In contrast to the above literature, the landscape of our loss contain
non-strict saddle points. Furthermore, we do not seek any modification to the initialization or the
GD updates. Indeed, our result holds with moderately small initialization. As mentioned earlier, we
are able to establish this result by developing intricate control of the GD updates throughout the tra-
jectory. This trajectory-level perspective (i.e. multi-phase analysis) is also explored in recent works
on gradient descent dynamics and implicit bias under large learning rates (Wang et al., 2022, 2023),
see also additional prior work (Stdger and Soltanolkotabi, 2021; Soltanolkotabi et al., 2023) on this
topic. However, these works focus on matrix factorization and more general nonconvex objectives
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Figure 7: Pairing pattern for » = 5. We train the network from small initialization when exactly
parameterized (k = 10 and » = 5). On left (a), we depict the trajectories of individual weights in
the outer layer (v;’s) across iterations. Each pair is indicated by the same color and the dashed line.
A similar pairing is observed for the inner layer weights as well (b). While these vectors all lie in a

higher dimensional space, we pick an arbitrary two dimensional axis to plot them in 2D.
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Figure 8: Pairing pattern for » = 10. We train the network from small initialization when exactly
parameterized (k = 20 and » = 10). On left (a), we depict the trajectories of individual weights in
the outer layer (v;’s) across iterations. Each pair is indicated by the same color and the dashed line.
A similar pairing is observed for the inner layer weights as well (b). While these vectors all lie in a
higher dimensional space, we pick an arbitrary two dimensional axis to plot them in 2D.

rather than neural network training.

Gradient-based analysis for neural networks: A recent line of work is concerned with con-
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necting the analysis of neural network training with the so-called neural tangent kernel (NTK) Jacot
et al. (2018); Oymak and Soltanolkotabi (2019, 2020); Du et al. (2019); Arora et al. (2019). The
core idea is that with sufficiently large initialization, a neural network can be approximated by its
linearization around the origin. This approximation facilitates linking neural network analysis to the
well-established theory of kernel methods. This approach is sometimes referred to as lazy training
since, under such initialization, the network parameters remain close to their initial values through-
out training. However, some research suggests that NTK-based analysis alone may not fully account
for the practical success of neural networks. For instance, Chizat et al. (2019) presents empirical
evidence indicating that reducing the initialization size can lead to lower test error. Similarly, Ghor-
bani et al. (2020) observes a performance gap between neural networks and their NTK counterparts,
with the gap widening when the covariance matrix is isotropic. We note that in an NTK analysis the
parameters stay close to the initialization which is not the case in our setting. Furthermore, an NTK
analysis that relies on linearization can not deal with trajectory analysis that avoids local optima.
Indeed, an NTK analysis will not yield the directional convergence established in this paper. So in
this sense our result can be viewed as going beyond the lazy training in NTK theory.

Beyond NTK and learning of specific target functions. Recent work carries out analysis of neural
networks beyond NTK regime including Damian et al. (2022); Ba et al. (2022); Lee et al. (2024); Xu
and Du (2023). Many of these results also focus on learning specific target functions such as ReLUs
(Xu and Du, 2023), (Soltanolkotabi, 2017) and polynomials (Damian et al., 2022). These results
however typically exclude linear function classes and do not directly involve analysis that requires
avoiding bad stationary points explicitly. In fact, many of the existing papers use a pre-processing
step or alter the early optimization trajectory to avoid complications arising from the dynamics of
learning linear functions (Damian et al., 2022). In contrast, our focus is directly dealing with such
intricacies.

Among these papers, perhaps the closest to ours in spirit is (Xu and Du, 2023) which studies
the problem of fitting an overparameterized ReLU network to a single ReLL.U target function with
a one dimensional output. Our one-dimensional result can be viewed as a generalization of this
work (in particular their exact parametrization result) where the target function has two ReLUs with
a particular pattern. This is due to the fact that any linear function of the form a” z can also be
written as a difference of two ReLUs: v;RelLU <%ach) — v9ReLU (;—;ach) for any vy, v > 0.
The addition of this new ReLU with a negative sign introduces non-strict saddle points and various
intricacies in the landscape necessitating a completely different analysis. However, compared to
(Xu and Du, 2023) we do not study the effect of overparameterization theoretically. Our empirical
results in Section 4 suggest that such an extension may be possible.

We highlight that besides Xu and Du (2023), there are several other works on learning a single
neuron Yehudai and Shamir (2022); Vardi et al. (2022); Chistikov et al. (2023) and variants Brutzkus
and Globerson (2017). As explained before, such results cannot be used to analyze linear targets
due to the interaction terms between positive and negative ReLLU neurons. Furthermore, we note
that the landscape for fitting a single ReLLU is fundamentally different as it contains only a single
basin of attraction (albeitt a non-convex one). In contrast, as discussed earlier the landscape in our
problem include non-strict saddle points significantly complicating gradient descent analysis.

We would also like to discuss the difference between our work and a few other papers Zhong
et al. (2017); Zhang et al. (2018); Zhu et al. (2025); Ren et al. (2025) that have planted one-hidden
layer models. These papers differ in at least one of three ways focusing on (1) local analysis,

60



WHEN BOTH LAYERS LEARN: TRAINING DYNAMICS OF REPRESENTING LINEAR MODELS VIA RELU NETWORKS

(2) have sub-optimal sample complexity, and/or (3) assume non-negative outer layer weights. For
instance, Zhong et al. (2017) utilize tensor initialization, performing a local analysis rather than a
global GD analysis. This local analysis however can not be used to analyze the linear target setting.
Indeed, as noted in Remark 4.3 of their work, their analysis requires W* to be full-rank which
does not hold in the linear setting (where the rows of the weight matrix are negatives of each other
leading to a minimum singular value is zero). Furthermore, this result also requires resampling the
data points at each iteration to ensure convergence of gradient descent where as we use the same
samples across all iterations. On a related note, their sample complexity has polynomial dependency
on many problem parameters (Theorem 4.2) whereas our proof only requires sample size linear in
input dimension d.

Similarly, Zhang et al. (2018) provide a local analysis of GD when the outer layer weights are
fixed to be all ones. They also utilize results of Zhong et al. (2017) and share similar limitations in
terms of the rank requirement on W*. Thus this result can not be used in the linear target setting
even for a local analysis. While they improve the sample complexity of (Zhang et al., 2018) by
getting rid of the resampling trick, they still end up with a sample complexity polynomial in width
of the network.

Wau et al. (2018) consider the setting when student and teacher networks both have 2 neurons. In
particular, when the teachers are orthogonal, and the outer weights are all ones; they demonstrated
an interesting result that the landscape is benign and all saddles are strict. In contrast, the landscape
in our problem include non-strict saddle points significantly complicating gradient descent analy-
sis. In more recent work, Ren et al. (2025) study the complexity of learning a planted model with
orthogonal planted directions, quadratic activations, and non-negative outer weights. They obtain
interesting results on the scaling laws of the MSE loss via a multi-phase analysis. However, this
problem setting is substantially different due to the difference between the activation and the or-
thogonal weights in the planted model that makes the landscape benign per above discussion. More
recently, Zhu et al. (2025) also consider learning multiple orthogonal ReLLU neurons in a teacher-
student framework with outer layer weights fixed to all ones. As just discussed, having orthogonal
teacher weights leads to a much more benign landscape. Moreover, assumptions in the aforemen-
tioned works strictly exclude the linear target setting, where the outer layer must contain negative
coefficients. Furthermore, they impose strong restrictions on the initialization. Specifically, they
look at the convergence after “weak alignment” where for each student neuron there exists only
one teacher neuron that is not near perpendicular. Our results on the other hand can handle random
initializations where student neurons could be perpendicular to the target direction. That said, their
analysis can handle over-parametrization (k >> k*) and teacher networks with more than 2 neurons.

In recent and independent work, Boursier and Flammarion (2025) also consider the problem
of learning linear target functions. The authors demonstrate an interesting result: despite over-
parametrization, the sum of positive (resp. negative) neurons aligns with the OLS estimator obtained
from the “positive” (resp. negative) subset of the data. To prove this, the authors impose heavy
restrictions on the data distribution (in particular, Conditions 3 and 4 in their paper) to essentially
align the data with the target direction and avoid changes in the activation cone. We quote the
authors:

“However, item 3 is quite restrictive: it is needed to ensure that the volume of the activation cone
containing 8* does not vanish when n — co. A similar assumption is considered by Chistikov et al.
(2023); Tsoy and Konstantinov (2024), for similar reasons. Additionally, Condition 4 ensures that
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E,[z2T]B* and 5* are in the same activation cone. This assumption allows the training dynamics to
remain within a single cone after the early alignment phase, significantly simplifying our analysis.”

In contrast, we demonstrate feature learning in the linear target setting by performing a full
characterization of GD dynamics with a generic data distribution and initialization without any of
the restrictive assumptions mentioned above.

Finally, we note that recent interesting works by Shevchenko et al. (2022) and Kogler et al.
(2024) provide a complementary perspective on nonlinear autoencoders, with the philosophical
goal of understanding what happens when the autoencoder departs from PCA-like or linear-function
learning. To isolate this genuinely nonlinear regime, these works study sign activations, and more
generally odd activations, and characterize the optima of the corresponding population loss. They
further show that these optima are achieved by suitable gradient-based procedures, including gra-
dient flow with tied encoder/decoder weights and a projected/alternating gradient method in which
the decoder is optimized to completion at each update of the encoder. In contrast, our setting stud-
ies standard empirical training of a ReLU network for a planted linear supervised target, where
both layers are optimized simultaneously throughout gradient descent and the main challenge is
controlling the full finite-sample trajectory through non-strict saddle regions.
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