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Abstract
Overparameterized ML models, including neural networks, typically induce underdetermined train-
ing objectives with multiple global minima. The implicit bias refers to the limiting global minimum
that is attained by a common optimization algorithm, such as gradient descent (GD). In this paper,
we characterize the implicit bias of GD for training a shallow ReLU model with the squared loss on
high-dimensional random features. Prior work (Vardi and Shamir, 2021) showed that the implicit
bias does not exist in the worst-case, or corresponds exactly to the minimum-ℓ2-norm interpolat-
ing solution under exactly orthogonal data (Boursier et al., 2022). Our work interpolates between
these two extremes and shows that, for sufficiently high-dimensional random data, the implicit
bias approximates the minimum-ℓ2-norm solution with high probability with a gap on the order
Θ
(√

n/∥λ∥1
)

, where n is the number of training examples and λ denotes the spectrum of the
data covariance matrix. Our results are obtained through a novel primal-dual analysis that carefully
tracks the evolution of predictions, data-span coefficients, as well as their interactions, and show
that the ReLU activation pattern quickly stabilizes with high probability over random data.
Keywords: Implicit Bias, Gradient Descent, ReLU, Squared Loss, Regression, Primal-Dual

1. Introduction

In many modern machine learning problems, the training objectives are typically underdetermined,
which implies that they may admit (potentially infinitely) many global minima. Despite this, a
large body of empirical results (Neyshabur et al., 2014; Zhang et al., 2021) show that optimization
algorithms such as gradient descent frequently converge to solutions that generalize well, even in
the absence of any explicit regularization. This phenomenon is commonly referred to as the implicit
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bias introduced by gradient descent (Ji and Telgarsky, 2018; Soudry et al., 2018), and understanding
the nature of this benign bias has become a central topic of recent research.

The study of the implicit bias of gradient descent originally emerged in the context of linear
models. For linear classification with separable data, the seminal work of Soudry et al. (2018);
Ji and Telgarsky (2018) shows that, when minimizing exponentially-tailed losses, gradient descent
converges in direction to the max-margin solution that minimizes ℓ2-norm. For linear regression
with the squared loss, gradient descent is known to converge to the zero-loss (interpolating) solution
with the minimum-ℓ2-norm (Engl et al., 1996). Building on these foundational results, several
finer characterizations were derived for linear models, including sharper convergence analyses (Ji
and Telgarsky, 2018; Nacson et al., 2019; Ji and Telgarsky, 2021), general classes of first-order
methods (Gunasekar et al., 2018; Sun et al., 2022; Wang et al., 2025), and a deeper understanding
of the implicit bias on high-dimensional data (Hsu et al., 2021; Lai and Muthukumar, 2025).

Understanding the implicit bias in nonlinear models such as neural networks remains a signif-
icant challenge, primarily due to the induced non-convexity of the optimization objective. In this
work, we focus on regression with a one-hidden-layer ReLU neural network and the squared loss,
which represents one of the most fundamental and natural extensions beyond linearity. Remark-
ably, Vardi and Shamir (2021) showed that establishing the implicit bias of ReLU models is known
to be hard in the worst case, even when the model consists only of a single neuron and assuming
global convergence. (On the other hand, the implicit bias of a single neuron with a strictly mono-
tonic activation function (e.g., leaky ReLU) does follow the minimum-ℓ2-norm solution.) They do
this through a stylized counterexample of 3 data points with 3-dimensional features, raising the nat-
ural question of whether the implicit bias becomes characterizable under typical data ensembles. At
the other extreme, Boursier et al. (2022) showed that the implicit bias of gradient flow for exactly
orthogonal features is exactly the minimum-ℓ2-norm solution. However, an exact orthogonality as-
sumption is restrictive and rarely holds in practice. Notably, high-dimensional random features are
near-orthogonal, raising the question of whether the implicit bias can be characterized in this more
realistic but also more challenging case.

Our contributions: In this paper, we establish new insights into the implicit bias induced by
gradient descent for ReLU networks trained with the squared loss on sufficiently high-dimensional
data. Our main contributions are summarized as follows. First, we completely characterize the
expression for the implicit bias of gradient descent dynamics on ReLU models with 1 or 2 neurons
for high-dimensional data under sufficient conditions (Theorems 4 and 8). Second, we quantify the
relationship between the implicit bias of gradient descent and the global minimum that achieves the
minimum-ℓ2-norm. More specifically, we establish both upper and lower bounds on the distance
between the gradient descent limit and the minimum-ℓ2-norm solution, showing that it scales as
Θ(
√

n/∥λ∥1) where n is the number of training examples and λ denotes the spectrum of the data
covariance matrix (Theorems 6 and 9). Consequently, the solutions are very close, but not identical,
for high-dimensional features. Interestingly, a similar phenomenon was also shown to occur with
exponentially-tailed losses (Frei et al., 2023a,b) for classification.

Our techniques in a nutshell: Our main results are obtained through a novel primal-dual for-
mulation of the gradient descent dynamics under the squared loss with ReLU networks, which is
inspired by mirror descent (first studied by Ji and Telgarsky (2021) for linear models). Instead of
directly tracking the weight vector in the original parameter space like previous work, we introduce
primal variables representing the predictions on training examples, and dual variables capturing
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the coefficients in the data span. This representation is particularly well-suited for analyzing ReLU
networks because the sign of each primal variable directly determines whether the corresponding ex-
ample is active, and hence whether its dual variable receives a gradient update. Our analysis reveals
that understanding the gradient dynamics hinges on tracking (i) the positivity of the primal variables
and (ii) the interactions between training examples. We introduce new tools to carefully control the
evolution of positive primal variables and sufficiently negative dual variables (Lemmas 10 and 11,
which may be of independent interest). Underlying the proofs of our approximation results to the
minimum-ℓ2-norm solutions are novel characterizations of the latter as minimum-ℓ2-norm linear in-
terpolations of a (possibly data-dependent) subset of training examples. This data-dependent subset
selection is a fundamental difference between the implicit bias of linear models and ReLU models.

1.1. Related Work

We now briefly discuss the most closely related work and highlight key differences of our approach.
We contextualize our results within the most closely related prior studies on implicit bias of regres-
sion models in Table 1. Boursier et al. (2022) study the dynamics of gradient flow on two-layer
ReLU networks under an exact orthogonality assumption on the data. Exact orthogonality removes
interactions between examples and significantly simplifies the activation patterns induced by the
ReLU nonlinearity. As a result, their analysis primarily focuses on how the second-layer weights
evolve to fit all examples, leading to a multi-phase gradient flow dynamic. Under these assumptions,
they show that gradient flow converges to the minimum-ℓ2-norm solution (their Theorem 1). In con-
trast, our work focuses on understanding how interactions between examples, captured through the
Gram matrix, shape the active and inactive patterns in ReLU models under more realistic, control-
lable high-dimensional settings. Interestingly, we show that in high dimensions, the implicit bias
is no longer exactly the minimum-ℓ2-norm solution but remains close to it (Theorems 6 and 9). In
comparison, Vardi and Shamir (2021) provide only a multiplicative upper bound on the magnitude
of the norm of implicit bias in the worst-case data setting, showing that it is at most twice that of the
minimum-norm solution. Dana et al. (2025) also analyze the high-dimensional regime and establish
global convergence by showing that each example can be fitted by at least one neuron with high
probability and all active examples stay active (their Theorem 1). However, their analysis does not
address the behavior of inactive examples suppressed by the ReLU nonlinearity and does not shed
light on the implicit bias. As a result, their work provides only a partial view of the gradient dynam-
ics. In contrast, we introduce a novel primal-dual framework that allows us to simultaneously track
both active and inactive examples (Lemmas 10 and 11). This framework enables a full character-
ization of the gradient dynamics and, consequently, the implicit bias in high dimensions. We use
some of the observations of Dana et al. (2025) as a starting point for our primal-dual characteriza-
tions. More generally, most existing analyses (Vardi and Shamir, 2021; Boursier et al., 2022; Dana
et al., 2025) rely on gradient flow and continuous-time ODE techniques, which assume infinitesimal
step sizes. In contrast, our analysis directly studies gradient descent with finite (though still small)
step sizes. This distinction is both theoretically and practically important, as gradient descent is
the algorithm used in practice. Our primal-dual approach provides a new framework for analyzing
discrete-time optimization dynamics in ReLU networks and opens a complementary direction to
existing studies based on gradient flow.

Frei et al. (2023a,b) consider classification in a similar one-hidden-layer setup with the leaky
ReLU activation, and also exploit simplified KKT conditions under nearly orthogonal data. How-
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Orthogonal data High dimensional data Worst-case data

ReLU models (k = 1)
h(x) :=

∑m
k=1 skσ(w

⊤
k x)

Implicit bias characterization
(Boursier et al., 2022)

w(∞) = argmin
w∈{w:Xw=y}

∥∥w −w(0)
∥∥
2

Global convergence only
(Dana et al., 2025) No implicit bias in general

(Vardi and Shamir, 2021)∥∥w(∞) −w(0)
∥∥
2
≤ 2 ·

∥∥w⋆ −w(0)
∥∥
2

This work∥∥w(∞) −w⋆
∥∥
2
≍
√

n
∥λ∥1

Linear models
h(x) := w⊤x

Implicit bias coincides with
maximum ℓ2 margin SVM (Hsu et al., 2021)

w(∞) = argmin
w∈{w:Xw=y}

∥∥w −w(0)
∥∥
2

(Engl et al., 1996)

Table 1: Our results contextualized with related literature.

ever, due to the different training objectives underlying classification and regression, the resulting
analyses are fundamentally different.

Notation: We use lowercase boldface letters (e.g. x) to denote vectors, lowercase letters (e.g. y)
to denote scalars, and uppercase boldface letters (e.g. X) to denote matrices. We use ∥·∥p to denote
the ℓp-norm of a vector for p ∈ [1,∞) and ∥·∥2 to additionally denote the operator norm of a
matrix. For a vector x ∈ Rd, we use xi to denote its i-th component. We use [n] to denote the
set {1, . . . , n}. For a matrix X ∈ Rn×d, a vector y ∈ Rn, and any index set S ⊆ [n], we use
XS ∈ R|S|×d to denote the submatrix of X consisting of the rows indexed by S, and yS ∈ R|S|

denotes the corresponding subvector. We use x ⪯ 0 (respectively x ⪰ 0) to denote that every entry
of vector x is less than or equal to (respectively greater than or equal to) zero. We use C, c to denote
universal constants that appear in upper and lower bounds, respectively, that may change from line
to line. We also use the notation C(·) to denote universal constants with a specific meaning that do
not change from line to line. We specifically choose C0 ≳ C2

α and Cα ≳ max{C2
g , CyCg} in our

analysis.

2. Problem Setup

We consider a regression problem with feature vector x ∈ X ⊂ Rd and label y ∈ Y ⊂ R. We
consider random feature vectors drawn according to a distribution D with zero mean, i.e., E[x] = 0,
and covariance matrix Σ = E[xx⊤]. Let Σ = V ΛV ⊤ ∈ Rd×d be the eigendecomposition
of the covariance matrix, where V ∈ Rd×d is the matrix of eigenvectors and Λ ∈ Rd×d is a
diagonal matrix whose entries are the eigenvalues of Σ, arranged in descending order. We make
the mild assumption that the feature vector admits the representation x = V Λ

1
2z where z ∈ Rd

has independent, mean-zero, σ2
z -subgaussian components. By the definition of a σ2

z -subgaussian
random variable, each coordinate zj satisfies E

[
exp
(
u⊤z

)]
≤ exp(σ2

z ∥u∥
2
2 /2) for any u ∈ Rd.

For simplicity, we set σz = 1 throughout the remainder of the analysis. The labels y are only
required to be bounded (see Assumption 1) and may be chosen arbitrarily. In particular, y does not
need to satisfy any particular relationship with respect to x.

We observe a dataset {xi, yi}ni=1 where the features {xi}ni=1 are drawn i.i.d. from the distribu-
tion D. We denote the data matrix by X ∈ Rn×d and the label vector by y ∈ Rn. Since we operate
in a high-dimensional regime (d > n), we make the mild assumption that X has full row rank, i.e.,
rank(X) = n, which is automatically satisfied under the assumptions of all lemmas and theorems
in this paper.1

1The full-rank assumption holds either almost surely or with high probability under random and high-dimensional
features; see, e.g. Hsu et al. (2021).
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Assumption 0 (Full-rank Data Matrix) The data matrix X ∈ Rn×d satisfies rank(X) = n.

For ease of subsequent notation, we consider without loss of generality the samples with positive
labels to appear in the upper block of the data matrix X , while those with negative labels appear in
the lower block. Let n+ denote the number of positive labels and n− = n− n+ denote the number
of negative labels. Accordingly, we write X =

[
X⊤

+ X⊤
−
]⊤ where X+ ∈ Rn+×d contains the

features corresponding to positive labels and X− ∈ Rn−×d contains the features corresponding to
negative labels. We similarly partition the label vector as y =

[
y⊤
+ y⊤

−
]⊤.

Next, we introduce our key assumptions on the features and labels. First, we assume that the
magnitudes of the labels are bounded away from zero and infinity.

Assumption 1 (Bounded Labels) For all i ∈ [n], the labels satisfy ymin ≤ |yi| ≤ ymax for some
ymin, ymax ∈ R+.

This assumption ensures that all labels are non-degenerate and have comparable scales, which will
be important for controlling the dynamics of gradient-based optimization.

We next impose a high-dimensional assumption on the data features. To characterize the effec-
tive dimensionality of the feature distribution, we define two notions of effective dimension based on

the spectrum λ := [λ1, · · · , λd]
⊤ of the feature covariance matrix Σ, given by d2 :=

∥λ∥21
∥λ∥22

, d∞ :=

∥λ∥1
∥λ∥∞

. Note that when the covariance is isotropic, i.e., λ1 = λ2 = · · · = λd = 1, we have
d2 = d∞ = d, i.e., these reduce to the original data dimension. Our high-dimensional assumption
requires that these effective dimensions dominate problem-dependent quantities involving the sam-
ple size n and the range of label magnitudes [ymin, ymax]. Similar conditions have also appeared
in related global convergence analysis under the squared loss (Dana et al., 2025) and implicit bias
analyses under the logistic/exponentially-tailed losses (Frei et al., 2023a).

Assumption 2 (High-dimensional Features) The data features satisfy d2 ≥ C2
0
n2y2max

y2min
and d∞ ≥

C0
n1.5ymax

ymin
for a sufficiently large constant C0 > 1.

This assumption places the problem in a sufficiently high-dimensional regime, ensuring strong con-
centration properties of the empirical Gram matrix and enabling precise control of the gradient
dynamics analyzed in the following sections. We note that our techniques would yield similar
guarantees on the implicit bias for deterministic feature vectors that satisfy a near-orthogonality
condition adapted from Frei et al. (2023a,b) to real-valued labels.

Assumption 3 (Deterministic Nearly-orthogonal Features) For a sufficiently large constant
C0 > 1, the data features satisfy mini∈[n] ∥xi∥22 ≥ C0n

ymax

ymin
maxi̸=j |x⊤

i xj |.

This condition ensures that the desired concentration properties of the empirical Gram matrix XX⊤

hold for our analysis.

General ReLU Models and Empirical Risk Minimization. We denote by hΘ : X → Y the gen-
eral ReLU model used for the regression task in this work, defined as hΘ(x) :=

∑m
k=1 skσ(w

⊤
k x),

where Θ denotes the collection of model parameters {wk}mk=1 together with fixed signs {sk}mk=1.
Here, sk ∈ {−1,+1} denotes the sign of the k-th ReLU neuron, σ(z) := max{z, 0} is the ReLU
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activation function, wk ∈ Rd is its weight vector, and m ≥ 1 is the number of neurons. To learn the
regression model, we minimize the empirical risk under the squared loss, defined as

R(Θ) =
1

2

n∑
i=1

(
hΘ(xi)− yi

)2
=

1

2
∥hΘ(X)− y∥22 , (1)

where we define the vector-valued extension hΘ as hΘ(X) := [hΘ(x1), · · · , hΘ(xn)]
⊤ ∈ Rn. We

employ the gradient descent algorithm to minimize (1). To make the dynamics more tractable, we
only update the neuron weights {wk}mk=1 and fix the signs of the neurons {sk}mk=1

2. When there
are m > 1 neurons, we will initialize at least one neuron for a positive sign and one neuron for a
negative sign to ensure that the neural network can fit arbitrary labels.

Gradient Descent and Primal-dual Representation. For the ReLU model hΘ, the gradient of
the empirical risk in (1) with respect to wk is given by

∇wk
R(Θ) =

n∑
i=1

(
hΘ(xi)− yi

)
sk · 1w⊤

k xi>0 · xi = skX
⊤D(Xwk)

(
hΘ(X)− y

)
,

where D(z) : Rn → Rn×n denotes the diagonal matrix with entries Dii := 1zi>0. Accordingly,
the gradient descent update for wk takes the form

w
(t+1)
k = w

(t)
k − η∇wk

R(Θ(t)) = w
(t)
k − ηskX

⊤D(Xw
(t)
k )
(
hΘ(t)(X)− y

)
. (2)

To analyze these updates more transparently, we introduce a primal-dual representation used in
mirror descent (Ji and Telgarsky, 2021). For all k ∈ [m], we define the primal variable βk ∈ Rn

and the dual variable αk ∈ Rn as

βk := Xwk, αk :=
(
XX⊤

)−1
Xwk, and note that βk = XX⊤αk. (3)

This representation restricts attention to the components of wk that lie in the span of the data matrix
X .3 For ease of notation, we further define βk,+ := X+wk and decompose the dual variable

as αk :=
[
α⊤

k,+ α⊤
k,−
]⊤

, consistent with the partition on labels y =
[
y⊤
+ y⊤

−
]⊤. Under this

parameterization, the gradient descent update (2) can be expressed in primal-dual form as

(Primal) β
(t+1)
k = β

(t)
k − ηskXX⊤D(β

(t)
k )(hΘ(t)(X)− y), (4a)

(Dual) α
(t+1)
k = α

(t)
k − ηskD(β

(t)
k )(hΘ(t)(X)− y). (4b)

This primal-dual formulation plays a central role in our analysis. In particular, the sign of each pri-
mal coordinate β

(t)
k,i determines whether the corresponding dual variable α

(t+1)
k,i is updated through

the diagonal matrix D(β
(t)
k ). Consequently, understanding the positivity pattern of β(t)

k and the re-
sulting dynamics of α(t)

k is key to characterizing the behavior and implicit bias of gradient descent.

2This is a reasonable approximation for the dynamics when both layers are trained via the well-known balancedness
condition, but balancedness is typically formally shown only under gradient flow (see, e.g. Du et al. 2018, Theorem 2.1).

3In general, wk may contain components orthogonal to span({xi}ni=1), i.e., wk = X⊤αk +
∑d

j=n+1 α̃k,jx̃j

where α̃k,j ∈ R and we define the vector x̃j ⊥ xi for all i ∈ [n] such that {xi}ni=1 ∪ {x̃j}dj=n+1 forms a complete
basis of Rd. However, since the gradient updates act only within span({xi}ni=1), the orthogonal components remain
unchanged throughout training. Our results can be easily extended by adding back in this orthogonal component.
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Minimum-ℓ2-norm Solution. It is well known that, for linear regression with zero initialization,
i.e., h(x) := w⊤x with w(0) = 0, gradient descent converges to the minimum-ℓ2-norm interpo-
lation, which is given by wlinear-MNI = argminw

1
2 ∥w∥22, s.t. w⊤xi = yi, for all i ∈ [n]. This

solution admits the closed-form expression wlinear-MNI = X⊤(XX⊤)−1y. Motivated by this clas-
sical result, we consider the minimum-ℓ2-norm solution for the general ReLU regression problem
that we study, defined as:

{w⋆
k}mk=1 = argmin

{wk}mk=1

1

2

m∑
k=1

∥wk∥22 (5)

s.t.
m∑
k=1

skσ(w
⊤
k xi) = yi, for all i ∈ [n].

Let Θg denote the set of global minimizers of the empirical risk (1). Note that for m = 1, the
empirical risk can often not be driven to zero; labels that are opposite in sign to the sign of the
neuron s1 cannot be fit. For networks with m > 1 neurons, we will consider at least one neuron
to be positively signed and negatively signed respectively, ensuring that the global minimizers will
achieve zero empirical risk and interpolate the training data (i.e. hΘ(xi) = yi, ∀i ∈ [n]).

3. Implicit Bias of Single ReLU Models (m = 1) Under Gradient Descent

We begin by analyzing the case of the single positive ReLU neuron model (m = 1). Specifically,
we consider hΘ(x) := s1σ(w

⊤x) where w ∈ Rd is the only model parameter. We will also
assume that s1 = +1 as will become clear through this section, the single neuron is only capable of
fitting positive labels in this case. A symmetric version of our results in this section will hold in the
opposite case where s1 = −1, with all instances of positive labels replaced by negative labels. We
omit this case for brevity.

3.1. Gradient Descent Updates and Convergence

For the single ReLU model (m = 1), the gradient descent update in (2) simplifies to

w(t+1) = w(t) − η∇wR(w(t)) = w(t) − ηX⊤D(Xw(t))
(
σ(Xw(t))− y

)
= w(t) − ηX⊤D(Xw(t))(Xw(t) − y), (6)

where we write the vector-valued extension of the ReLU as σ(z) := [σ(z1), · · · , σ(zn)]⊤ ∈ Rn, and
the second equality follows from the fact that the diagonal matrix D(Xw(t)) enforces the ReLU
activation pattern. Specifically, since D(Xw(t)) contains indicators of positive pre-activations, the
explicit nonlinearity σ(·) can be removed once it is applied.

Compared to linear regression, the key difference in the gradient update for a single ReLU
model is the presence of the diagonal matrix D(Xw(t)). This matrix effectively selects a subset
of examples — those with positive pre-activations — to contribute to each gradient update. As a
result, the optimization trajectory becomes both data-dependent and time-varying, with the active
set of samples evolving during training.
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3.1.1. SUFFICIENT CONDITIONS FOR GRADIENT DESCENT CONVERGENCE

According to Equation (6), convergence of gradient descent occurs when ∇wR(w(t)) = 0. This
condition implies that, for every i ∈ [n], either x⊤

i w
(t) ≤ 0 or x⊤

i w
(t) = yi. In other words, at

convergence, each training example is either inactive due to the ReLU nonlinearity or is fit exactly.
These criteria can define either a global or local minimum depending on the activation pattern.

In general, the optimization trajectory and loss landscape induced by gradient descent, even on
a single ReLU model, are difficult to characterize, primarily due to this data-dependent activation
pattern. However, suppose there exists an iteration t0 ≥ 0 such that, for all t ≥ t0, the set of active
examples S := {i ∈ [n] : x⊤

i w
(t0) > 0}, remains unchanged. In this “final phase”, we expect

the gradient descent dynamics of the single ReLU model to reduce to those of linear regression
restricted to the active subset of samples. We formalize this observation in the following lemma,
which is proved in Appendix B.1.

Lemma 1 Suppose there exists t0 ≥ 0 such that D(Xw(t0)) = D(Xw(t)) for all t ≥ t0. Define
the subset of examples S := {i ∈ [n] : x⊤

i w
(t0) > 0}. Then, for all t ≥ t0, the gradient descent

dynamics of the single ReLU model are equivalent to gradient descent applied to a linear model
initialized at w(t0) and trained only on the subset S.

As a direct consequence, convergence of the single ReLU model in the final phase follows from
classical convergence guarantees for linear regression. In particular, it is straightforward to show
that if the step size η ≤ 1

µ1(XX⊤)
, then gradient descent converges in the final phase under our

conditions on the training data. We state and prove this result for completeness in Appendix B.1.

Lemma 2 Suppose there exists t0 ≥ 0 such that D(Xw(t0)) = D(Xw(t)) for all t ≥ t0, if the
step size satisfies η ≤ 1

µ1(XX⊤)
, gradient descent applied to the single ReLU model converges to

w(∞) = argmin
w∈{w:XSw=yS}

∥∥w −w(t0)
∥∥
2
, where S := {i ∈ [n] : x⊤

i w
(t0) > 0}.

3.2. Minimum-ℓ2-norm Solution of Single ReLU Models

In Section 2, we discussed the minimum-ℓ2-norm solution for linear regression (called wlinear-MNI).
In contrast, due to the presence of the ReLU activation, single ReLU models can only produce
nonnegative outputs. As a result, such models can minimize the empirical risk only by exactly fitting
all samples with positive labels and outputting zero on samples with nonpositive labels. It is natural
to consider the minimum-ℓ2-norm solution for the single ReLU model subject to these constraints.
Interestingly, this can be written as a convex optimization problem (despite the empirical risk itself
being nonconvex) in which the constraints associated with nonpositive labels are written as linear
inequalities, as below:

w⋆ =argmin
w

1

2
∥w∥22 (7)

s.t. w⊤xi = yi, for all yi > 0,

w⊤xj ≤ 0, for all yj ≤ 0.

We show that the solution of (7) coincides with the minimum-ℓ2-norm solution associated with lin-
early fitting a suitable subset of training examples, after setting all negative labels to zero. We define
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the linear MNI solution associated with the subset S ⊆ [n] as wlinear-MNI,S = X⊤
S (XSX

⊤
S )

−1ỹS ,
where ỹS ∈ R|S| denotes the corresponding modified label subvector with all negative entries re-
placed by zero.

Lemma 3 Consider a single ReLU model hΘ(x) = σ(w⊤x). The minimum-ℓ2-norm solution w⋆

of hΘ(x) defined in Equation (7) satisfies w⋆ = wlinear-MNI,S for some index subset S ⊆ [n] that
necessarily contains all indices i such that yi > 0, where the corresponding labels are given by
ỹS,i = max{yi, 0}.

Lemma 3 is proved in Appendix B.1 through the Karush-Kahn-Tucker (KKT) conditions. It is
important to note that w⋆ is a fundamentally different inductive bias from wlinear-MNI as the subset
S does not have an explicit formula, and is training data-dependent.

3.3. High-dimensional Implicit Bias of Single ReLU Models

Our first main result, stated below, characterizes the gradient descent dynamics of single ReLU
models on high-dimensional data.

Theorem 4 Consider Assumptions 1 and 2, suppose the initialization is w(0) = X⊤(XX⊤)−1ϵ,
where 0 < ϵi ≤ 1

Cα
ymin for all i ∈ [n], and the step size to satisfy 1

CCg∥λ∥1
≤ η ≤ 1

Cg∥λ∥1
. Then,

the gradient descent limit w(∞) for the single ReLU model coincides with the solution obtained
by linear regression trained only on the positively labeled examples with initialization w(1) =

ηX⊤
(
y−ϵ+ 1

η (XX⊤)−1ϵ
)

with probability at least 1−2 exp(−cn). Formally, we have w(∞) =

argmin
w∈{w:X+w=y+}

∥∥w −w(1)
∥∥
2

and X−w
(∞) ⪯ 0.

Theorem 4 is proved in Appendix B.2 and characterizes a regime of gradient descent in which the
convergence behavior is tractable. Due to the presence of the ReLU activation, the main challenge
lies in monitoring which examples are active and which are inactive during gradient descent. Under
our assumption of sufficiently high-dimensional data, we show, through careful tracking of the pri-
mal and dual variables, that examples with positive labels remain active throughout the optimization
process (see Lemma 10), while examples with negative labels eventually become and remain inac-
tive (see Lemma 11). Therefore, the limiting solution fits all positive labels exactly and produces
predictions equal to zero for samples with negative labels. Consequently, this solution achieves the
minimum empirical risk, i.e. is a specific global minimizer of (1).

Remark 5 In addition to Assumptions 1 and 2, Theorem 4 assumes a sufficiently small initializa-
tion where all the training examples are active (to see this, note that Xw(0) = ϵ ≻ 0)4. Essentially,
the primal variables are initialized in the positive orthant. The sufficiently small initialization is
also assumed in previous work (Boursier et al., 2022; Dana et al., 2025). The positivity assumption
is made to ensure high-probability convergence to a global minimum. On the other hand, a ran-
dom initialization would map to both positive and negative primal variables. Our simulations in
Appendix F (in particular, Figure 5) demonstrate that in this case, a positively labeled but initially

4The initialization expression w(0) = X⊤(XX⊤)−1ϵ with ϵ ∈ Rn is isomorphic to an arbitrary initialization in
the span of the data {xi}ni=1, owing to the full-row-rank assumption on X . Note in particular that such an initialization
can be arbitrarily far from w⋆, and does not constitute a “local” initialization.
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inactive example remains inactive, meaning that gradient descent can only converge to a local min-
imum5. Additionally, we provide a simple explicit counterexample showing that such initializations
result in convergence to a local minimum that is not globally optimal in Appendix B.4.

3.4. Approximation to Minimum-ℓ2-norm Solution in High Dimensions

We now show that the limiting solution obtained from Theorem 4 is different from, but close to
the minimum-ℓ2-norm solution in high dimensions. Specifically, the following theorem upper and
lower bounds the Euclidean distance between w(∞) and w⋆ as a function of the number of negative
examples n−, effective dimension and label magnitude.

Theorem 6 Consider Assumptions 1 and 2, suppose the initialization is w(0) = X⊤(XX⊤)−1ϵ,
where 0 < ϵi ≤ 1

Cα
ymin for all i ∈ [n], and the step size to satisfy 1

CCg∥λ∥1
≤ η ≤ 1

Cg∥λ∥1
. Then,

we have

√
n−y2min
CCg∥λ∥1

≤
∥∥w(∞) −w⋆

∥∥
2
≤
√

16n−y2max
Cg∥λ∥1

with probability at least 1− 2 exp(−cn).

Theorem 6 is proved in Appendix B.3 and heavily leverages our characterization of the minimum-
ℓ2-norm solution in Lemma 3. Our simulation in Figure 2 shows excellent agreement with Theo-
rem 6. Note that Theorem 6 implies that w(∞) = w⋆ = wlinear-MNI in the case where all labels are
positive!

4. Implicit Bias of Two ReLU Models (m = 2) Under Gradient Descent

We now extend our analysis to a 2-ReLU model (m = 2), which combines one positive ReLU
neuron and one negative ReLU neuron. More specifically, we define hΘ(x) = σ(w⊤

⊕x)−σ(w⊤
⊖x),

where Θ is a set of model parameters such that Θ := {w⊕,w⊖} and w⊕,w⊖ ∈ Rd. As mentioned
in Section 2, this model is more expressive than the single ReLU model as it can perfectly fit
arbitrary labels (both positive and negative). For the 2-ReLU model, the gradient descent update
in (2) simplifies to

w
(t+1)
⊕ = w

(t)
⊕ − η∇w⊕R(Θ(t)) = w

(t)
⊕ − ηX⊤D(Xw

(t)
⊕ )
(
hΘ(t)(X)− y

)
.

w
(t+1)
⊖ = w

(t)
⊖ − η∇w⊖R(Θ(t)) = w

(t)
⊖ + ηX⊤D(Xw

(t)
⊖ )
(
hΘ(t)(X)− y

)
.

4.1. Minimum-ℓ2-norm Solution of 2-ReLU Models

First, we characterize the minimum-ℓ2-norm solution for the 2-ReLU model, defined below:

w⋆
⊕,w

⋆
⊖ =argmin

w⊕,w⊖

1

2
∥w⊕∥22 +

1

2
∥w⊖∥22 (8)

s.t. σ(w⊤
⊕xi)− σ(w⊤

⊖xi) = yi, for all i ∈ [n].

Unlike in the case of the single ReLU model, (8) cannot be written as a convex program. To an-
alyze (8), we show that the optimal solution is also the optimal solution to a restricted convex
program obtained by fixing the activation pattern of the two ReLU units across the training exam-
ples. To state this result, we define some additional notation. Let S+ = {i : yi > 0, for all i ∈ [n]},
S− = {j : yj < 0, for all j ∈ [n]}, so that S+ ∪ S− = [n] and S+ ∩ S− = ∅.

5In fact, this is why Dana et al. (2025) need to assume a sufficiently large number of neurons m to ensure global
convergence under random initialization.
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Lemma 7 The feasible set of (8) is nonempty, and there exist partitions S1∪S2 = S+, S1∩S2 =
∅, and S3 ∪ S4 = S−, S3 ∩ S4 = ∅ such that the optimal solution {w⋆

⊕,w
⋆
⊖} of (8) is also an

optimal solution of the following convex program:

w⋆
⊕,w

⋆
⊖ = argmin

w⊕,w⊖

1

2
∥w⊕∥22 +

1

2
∥w⊖∥22 (9)

s.t. w⊤
⊕xi = yi, w⊤

⊖xi ≤ 0, for all i ∈ S1,

w⊤
⊕xi −w⊤

⊖xi= yi, −w⊤
⊖xi ≤ 0, for all i ∈ S2,

−w⊤
⊖xi= yi, w⊤

⊕xi ≤ 0, for all i ∈ S3,

w⊤
⊕xi −w⊤

⊖xi= yi,−w⊤
⊕xi ≤ 0, for all i ∈ S4.

Lemma 7 is proved in Appendix C.1. Note that, in general, it is not possible to explicitly identify or
characterize the exact activation patterns and corresponding partitions. However, the mere existence
of such a partition is sufficient for our purposes and allows us to derive the desired approximation
results for the implicit bias in Section 4.3.

4.2. High-dimensional Implicit Bias of 2-ReLU Models

Next, we characterize the gradient descent dynamics of two ReLU models in the high-dimensional
regime in a manner analogous to the single-ReLU model (Theorem 4).

Theorem 8 Consider Assumptions 1 and 2, suppose the initialization w
(0)
⊕ = X⊤(XX⊤)−1

ϵ⊕

and w
(0)
⊖ = X⊤(XX⊤)−1

ϵ⊖, where 0 < ϵ⊕,i, ϵ⊖,i ≤ 1
2Cα

ymin for all i ∈ [n], and the step
size to satisfy 1

CCg∥λ∥1
≤ η ≤ 1

Cg∥λ∥1
. Then, with probability at least 1 − 2 exp(−cn), we have:

The gradient descent limit w(∞)
⊕ coincides with the solution obtained by linear regression trained

only on the positively labeled examples, with the initialization w
(1)
⊕ = ηX⊤

(
y − ϵ⊕ + ϵ⊖ +

1
η (XX⊤)−1ϵ⊕

)
, and w

(∞)
⊕ = argmin

w∈{w:X+w=y+}

∥∥∥w −w
(1)
⊕

∥∥∥
2
; the gradient descent limit w(∞)

⊖

coincides with the solution obtained by linear regression trained only on the negatively labeled
examples, with the initialization w

(1)
⊖ = ηX⊤

(
−y + ϵ⊕ − ϵ⊖ + 1

η (XX⊤)−1ϵ⊖

)
and w

(∞)
⊖ =

argmin
w∈{w:X−w=−y−}

∥∥∥w −w
(1)
⊖

∥∥∥
2
, with X−w

(∞)
⊕ ⪯ 0 and X+w

(∞)
⊖ ⪯ 0.

Theorem 8 is proved in Appendix C.2 in a manner similar to the proof of Theorem 4. Our main
additional insight is that, in high dimensions, the optimization dynamics naturally decouple: w⊕
learns to fit all positively labeled examples, while w⊖ learns to fit all negatively labeled examples.

4.3. Approximation to Minimum-ℓ2-norm Solution in High Dimensions

Finally, we show, in a result analogous to Theorem 6, that the limiting solution of Theorem 8 is
close to the minimum-ℓ2-norm solution {w⋆

⊕,w
⋆
⊖}.
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(t) (t+ 1)

yi > 0: β
(t)
i > 0 β

(t+1)
i > 0

Lemma 10

yj < 0:

β
(t)
j < 0

α
(t)
j < 0 α

(t+1)
j = α

(t)
j

Lemma 11
Equation (4b)

Figure 1: Gradient descent transition dia-
gram for the k-th neuron.

Figure 2: Approximation error between the
implicit bias of the single ReLU model w(∞)

and the minimum-ℓ2-norm solution w⋆.

Theorem 9 Consider Assumptions 1 and 2, suppose the initialization is w(0)
⊕ = X⊤(XX⊤)−1

ϵ⊕,

w
(0)
⊖ = X⊤(XX⊤)−1

ϵ⊖, where 0 < ϵ⊕,i, ϵ⊖,i ≤ 1
2Cα

ymin for all i ∈ [n], and the step size sat-

isfies 1
CCg∥λ∥1

≤ η ≤ 1
Cg∥λ∥1

. Then, we have

√
n−y2min
CCg∥λ∥1

≤
∥∥∥w(∞)

⊕ −w⋆
⊕

∥∥∥
2
≤
√

16n−y2max
Cg∥λ∥1

and√
n+y2min
CCg∥λ∥1

≤
∥∥∥w(∞)

⊖ −w⋆
⊖

∥∥∥
2
≤
√

16n+y2max
Cg∥λ∥1

with probability at least 1− 2 exp(−cn).

Theorem 9 is proved in Appendix C.3 and leverages the restricted convex program that we
derived in Lemma 7. Due to the relative complexity of (9), the proof becomes more involved than
that of Theorem 6, but the underlying basic ideas are similar. Note that, because one of n+, n− > 0,
the implicit bias of 2-ReLU cannot exactly coincide with the minimum-ℓ2-norm solution.

5. Main Proof Ideas

Our analysis hinges on precisely tracking the activation patterns of ReLU neurons across all
training examples. By controlling which examples remain active or inactive throughout training,
we are able to understand the resulting gradient dynamics and, consequently, the implicit bias of the
converged solution. To establish these results, we introduce two key lemmas. Lemma 10, inspired
by ideas in Dana et al. (2025), shows that once the primal variable βk,i corresponding to the k-th
neuron and the i-th example is active—and the sign of the neuron sk agrees with the label yi—it
remains active in the next iteration. This ensures that such an example is not suppressed by the
ReLU nonlinearity and continues to contribute to the gradient updates.

Lemma 10 Under Assumptions 1 and 2, suppose the gradient descent step size satisfies η ≤
1

Cg∥λ∥1
. Consider the k-th ReLU neuron in hΘ. For any t ≥ 0 and any index i ∈ [n] such that

sk · yi > 0, if β(t)
k,i > 0, β(t)

k,i ≥ sk · hΘ(t)(xi), and
∥∥hΘ(t)(X)− y

∥∥
2
≤ Cy ∥y∥2, then β

(t+1)
k,i > 0

with probability at least 1− 2 exp(−cn).
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This lemma is proved in Appendix A.2. The main idea behind Lemma 10 is that as long as the primal
variable β

(t)
k,i is positive and the empirical risk remains uniformly bounded, the gradient update of

β
(t)
k,i is dominated by its self-interaction term for high-dimensional data. The reason, at a high level,

is that cross-sample interactions can be bounded in high dimensions (due to the concentration of
the random Gram matrix XX⊤ around ∥λ∥1I). As a result, the magnitude of the update is strictly
smaller than β

(t)
k,i , ensuring that β(t+1)

k,i remains positive.
Lemma 11 concerns the behavior of inactive examples. It shows that once a dual variable αk,j

associated with the k-th neuron and the j-th example becomes sufficiently negative, the correspond-
ing primal variable βk,j remains inactive. Consequently, the dual variable is no longer updated and
stays frozen throughout training. This mechanism effectively removes certain examples from the
optimization dynamics.

Lemma 11 Under Assumptions 1 and 2, consider the k-th ReLU neuron in hΘ. For any t ≥ 0 and
any index j ∈ [n], if α(t)

k,j ≤ − ymin

Cα∥λ∥1
and

∥∥∥α(t)
k

∥∥∥
2
≤ Cα

√
nymax

∥λ∥1
, then β

(t)
k,j ≤ 0 and α

(t+1)
k,j = α

(t)
k,j

with probability at least 1− 2 exp(−cn).

The proof of Lemma 11 (see Appendix A.3) relies on the primal-dual relationship βk = XX⊤αk

from Equation (3), together with concentration results for the Gram matrix. Specifically, if a dual
variable is sufficiently negative, then the corresponding primal variable β(t)

k,j is strictly negative. Ac-

cording to the dual update rule in Equation (4b), a negative β
(t)
k,j implies that the ReLU is inactive

and the dual coordinate receives no further updates. As a result, α(t+1)
k,j = α

(t)
k,j , and sufficiently neg-

ative dual variables remain frozen throughout training. Figure 1 depicts the transition of primal-dual
updates in Lemma 10 and Lemma 11. We also provide deterministic-feature counterparts of Lem-
mas 10 and 11, stated as Lemmas 15 and 16, respectively. Their proofs are given in Appendix A.4.

In the following paragraphs, we outline the proof sketch for single ReLU models. The proof
ideas for the 2-ReLU case follow analogously.

Proof Sketch of Theorem 4: The proof combines the insights from Lemma 10 and Lemma 11 to
obtain a complete picture of how activation patterns evolve during training. Together, these lemmas
allow us to track which examples remain active or inactive throughout gradient descent. Our goal
is to reach—and maintain—a configuration in which positive-labeled examples remain active while
negative-labeled examples remain inactive, as formalized by the sufficient conditions in Lemma 17
in Appendix B.2. To achieve this, we leverage two key properties of the initialization. First, the
positive initialization guarantees that every example initially has at least one active neuron capable
of fitting it. Second, the small initialization ensures that, after the first gradient step, positive-labeled
examples remain in the active regime while negative-labeled examples acquire sufficiently negative
dual variables and become inactive. Together, these properties place positive and negative examples
into their respective regimes after a single update. We then apply Lemma 17 to show that this
configuration is stable under subsequent iterations. As a result, the activation pattern becomes fixed
after the first step, and the dynamics enter the final phase described in Lemma 1.

Proof Sketch of Theorem 6: To compare the gradient descent limit w(∞) with the minimum-ℓ2-
norm solution w⋆, we relate their distance in parameter space to their distance in prediction space.
Since both solutions interpolate all positive-labeled examples exactly, any discrepancy between
them must arise from their predictions on negative-labeled examples. We bound this discrepancy
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using the KKT conditions characterizing w⋆, as established in Lemma 3. These conditions precisely
describe how w⋆ treats negative-labeled examples and allow us to control the prediction distance
in terms of the distance between the primal and dual variables. In particular, the KKT conditions
imply that this gap is nonzero, showing that w(∞) ̸= w⋆. Translating our bounds back to parameter
space yields matching upper and lower bounds on ∥w(∞) −w⋆∥2.

6. Discussion

We showed that the implicit bias of single and 2-ReLU models, under appropriate initialization, is
remarkably close to the minimum-norm solution if the features are sufficiently high-dimensional
(and under appropriate initialization to ensure global convergence). Natural open questions include:
1) characterizing the dynamics for m > 2 neurons, and 2) studying the effect of moderate dimension
where d > n but not d ≫ n. We provide partial extensions of our results to m > 2 neurons in
Appendices D and E that require a specific “disjoint” initialization, i.e., neurons are partitioned
into sets such that they are active on disjoint examples. Handling more realistic initializations is
an important direction for future work. We also simulate the effect of moderate-dimensional data
on the dynamics in Appendix F and observe that the primal and dual variables intricately influence
each other. We hope to characterize these more complex dynamics in future work, for which we
will likely require different mathematical tools.
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Appendix A. Proofs of Key Lemmas Tracking Primal-Dual Gradient Dynamics

In this section, we present the proofs of the key lemmas used to track the gradient dynamics of
the primal and dual variables. The central factor governing these dynamics is the sign pattern of
the primal variables, which determines whether individual examples are active or inactive under the
ReLU nonlinearity and, consequently, whether the corresponding dual variables are updated.

Before presenting the proofs, we first recall two key technical lemmas: 1) a concentration result
on the eigenvalues of random Gram matrices in high dimensions from Bartlett et al. (2020); 2) a
concentration bound on the operator norm of random Gram matrices from Hsu et al. (2021). Both
these lemmas play a crucial role throughout the analysis.

A.1. Concentration of Random Gram Matrices in High Dimensions

Our analysis relies heavily on properties of the Gram matrix on high-dimensional data. These
concentration results allow us to control cross-sample interactions and isolate the dominant self-
interaction terms that drive the gradient updates. As a result, we can rigorously characterize how
positivity and negativity patterns in the primal and dual variables evolve over time.

In Lemma 12, we characterize the typical behavior of the eigenvalues of a weighted sum of outer
products of independent subgaussian vectors. Recall from Section 2 that the feature vector x ∈ Rd

admits the representation x = V Λ
1
2z, where z ∈ Rd has independent, mean-zero, σ2

z -subgaussian
components, and we take σz = 1. Under this model, the empirical Gram matrix can be written as
XX⊤ =

∑d
j=1 λjvjv

⊤
j where each vj ∈ Rn is an independent random vector with independent,

mean-zero, subgaussian entries. Concretely, Lemma 12 provides high-probability bounds on the
extreme eigenvalues of XX⊤.

Lemma 12 (Bartlett et al., 2020, Lemma 9, Wang and Thrampoulidis, 2022, Lemma 12)
There exists a constant c such that with probability at least 1− 2e−n/c, we have

1

c

d∑
j=1

λj − cλ1n ≤ µn(XX⊤) ≤ µ1(XX⊤) ≤ c

 d∑
j=1

λj + λ1n

 .

Moreover, if the effective dimension satisfies d∞ =
∑d

j=1 λj

λ1
≥ bn for some constant b ≥ 1, then

there exists a constant Cg ≥ 1 such that

1

Cg

d∑
j=1

λj ≤ µn(XX⊤) ≤ µ1(XX⊤) ≤ Cg

d∑
j=1

λj .

with probability at least 1− 2e−n/Cg .

Next, Lemma 13 provides a high-probability bound on the operator norm deviation between the
Gram matrix XX⊤ and ∥λ∥1 I , which is fruitful for high-dimensional data, and Corollary 14
shows that the typical value of this deviation can be expressed in terms of n and effective dimensions
d2, d∞.

Lemma 13 (Hsu et al., 2021, Lemma 8) There exists a universal constant c > 0, for any τ > 0,

Pr
(∥∥∥XX⊤ − ∥λ∥1 I

∥∥∥
2
≥ τ

)
≤ 2 · 9n · exp

(
−c ·min

{
τ2

∥λ∥22
,

τ

∥λ∥∞

})
,
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where ∥λ∥1 :=
∑d

j=1 λj , ∥λ∥22 :=
∑d

j=1 λ
2
j , and ∥λ∥∞ := maxj∈[d] λj .

Corollary 14 With the choice of τ = C ·max(∥λ∥2
√
n, ∥λ∥∞ n) and the constant C · c > ln 9,

we have ∥∥∥∥ 1

∥λ∥1
XX⊤ − I

∥∥∥∥
2

≤ C ·max

(√
n

d2
,
n

d∞

)
,

with probability at least 1 − 2 exp(−n(Cc− ln 9)), where we have defined d2 :=
∥λ∥21
∥λ∥22

, d∞ :=

∥λ∥1
∥λ∥∞

. Similarly, we have∥∥∥∥∥λ∥1 (XX⊤
)−1

− I

∥∥∥∥
2

≤ CgC ·max

(√
n

d2
,
n

d∞

)
,

with probability at least 1− 2 exp(−n(Cc− ln 9)).

A.2. Proof of Lemma 10 (Primal Variable Gradient Dynamics in High Dimensions)

In this proof, we show that under the assumptions of the lemma, if the sign of any ReLU neuron
agrees with the label of an example, then the corresponding primal variable remains positive after
one gradient descent step.
Proof (Lemma 10) According to the primal gradient descent update in Equation (4a) for the k-th
neuron, we have

β
(t+1)
k = β

(t)
k − ηskXX⊤D(β

(t)
k )(hΘ(t)(X)− y).

We aim to separate the gradient contribution arising from the diagonal and off-diagonal components
of the Gram matrix and to show that the updated primal coordinate remains positive, i.e., β(t+1)

k,i > 0.

Fix any t ≥ 0 and any index i such that sk · yi > 0 and β
(t)
k,i > 0. Then, the update of the i-th

coordinate can be written as

β
(t+1)
k,i = β

(t)
k,i − ηske

⊤
i XX⊤D(β

(t)
k )(hΘ(t)(X)− y)

= β
(t)
k,i − ηske

⊤
i

[
∥λ∥1 I +

(
XX⊤ − ∥λ∥1 I

)]
D(β

(t)
k )(hΘ(t)(X)− y)

=
[
β
(t)
k,i − η ∥λ∥1

(
skhΘ(t)(xi)− skyi

)]
− ηske

⊤
i

(
XX⊤ − ∥λ∥1 I

)
D(β

(t)
k )(hΘ(t)(X)− y), (10)

where the last equality uses the assumption β
(t)
k,i > 0, which implies Dii = 1

β
(t)
k,i>0

= 1. We now

lower bound β
(t+1)
k,i . By the step size condition η ≤ 1

Cg∥λ∥1
and the assumption β

(t)
k,i ≥ sk ·hΘ(t)(xi),

the first term in Equation (10) satisfies

β
(t)
k,i − η ∥λ∥1

(
skhΘ(t)(xi)− skyi

)
≥ η ∥λ∥1 |yi|.
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Substituting this into Equation (10) yields

(10) ≥ η ∥λ∥1 |yi| − ηske
⊤
i

(
XX⊤ − ∥λ∥1 I

)
D(β

(t)
k )(hΘ(t)(X)− y)

≥ η ∥λ∥1 |yi| − η
∥∥∥XX⊤ − ∥λ∥1 I

∥∥∥
2

∥∥hΘ(t)(X)− y
∥∥
2
, (11)

where the last inequality follows from the Cauchy–Schwarz inequality and the sub-multiplicativity
of the operator norm. Next, we upper bound the second term in Equation (11) using Corollary 14.
With probability at least 1− 2 exp(−n(Cc− ln 9)), we obtain

(11) ≥ η ∥λ∥1
[
|yi| − C ·max

(√
n

d2
,
n

d∞

)∥∥hΘ(t)(X)− y
∥∥
2

]
(i)

≥ η ∥λ∥1
[
ymin − C ·max

(√
n

d2
,
n

d∞

)
· Cy

√
nymax

]
(ii)

≥ η ∥λ∥1
[
ymin − C · Cy ·

ymin

C0ymax
· ymax

]
> 0.

Inequality (i) applies the lemma assumption that
∥∥hΘ(t)(X)− y

∥∥
2
≤ Cy ∥y∥2 ≤ Cy

√
nymax.

Inequality (ii) follows from Assumption 2, which guarantees that d2 ≥ C2
0
n2y2max

y2min
and d∞ ≥

C0
n1.5ymax

ymin
with large enough C0 > C · Cy. This completes the proof of the lemma.

A.3. Proof of Lemma 11 (Dual Variable Gradient Dynamics in High Dimensions)

In this proof, we show that under the assumptions of the lemma, if the dual variable α(t)
k,j for the k-th

neuron and j-th example is sufficiently negative, then it remains unchanged in the next iteration,
i.e., α(t+1)

k,j = α
(t)
k,j .

Proof (Lemma 11) By the definition of primal and dual variables in Equation (3), we have

β
(t)
k = XX⊤α

(t)
k .

According to the dual gradient update in Equation (4b), we have

α
(t+1)
k = α

(t)
k − ηD(β

(t)
k )(hΘ(t)(X)− y).

This update reveals that each coordinate α
(t)
k,j evolves independently and is governed by the sign of

the corresponding primal variable β
(t)
k,j . In particular, if β(t)

k,j ≤ 0, then the j-th diagonal entry of

D(β
(t)
k ) vanishes, and consequently α

(t+1)
k,j = α

(t)
k,j .
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We therefore establish a sufficient condition under which β
(t)
k,j ≤ 0 in terms of the dual variable

α
(t)
k,j . Specifically, we separate the diagonal and off-diagonal components of the Gram matrix as

β
(t)
k,j = e⊤j XX⊤α

(t)
k

= e⊤j

[
∥λ∥1 I +

(
XX⊤ − ∥λ∥1 I

)]
α

(t)
k

= ∥λ∥1 α
(t)
k,j + e⊤j

(
XX⊤ − ∥λ∥1 I

)
α

(t)
k

≤ ∥λ∥1 α
(t)
k,j +

∥∥∥XX⊤ − ∥λ∥1 I
∥∥∥
2

∥∥∥α(t)
k

∥∥∥
2
, (12)

where the last inequality follows from the sub-multiplicativity of the operator norm. Next, we upper
bound the two terms

∥∥XX⊤ − ∥λ∥1 I
∥∥
2

and
∥∥∥α(t)

k

∥∥∥
2

appearing in Equation (12). Following the
same argument as in the proof of Lemma 10, we apply Corollary 14. Consequently, with probability
at least 1− 2 exp(−n(Cc− ln 9)), we obtain

(12) ≤ ∥λ∥1
[
α
(t)
k,j + C ·max

(√
n

d2
,
n

d∞

)∥∥∥α(t)
k

∥∥∥
2

]
. (13)

Finally, substituting the upper bound of α(t)
k,j and

∥∥∥α(t)
k

∥∥∥
2

in lemma assumptions into Equation (13),
we obtain

(13) ≤ ∥λ∥1
[
− ymin

Cα ∥λ∥1
+ C ·max

(√
n

d2
,
n

d∞

)
Cα

√
nymax

∥λ∥1

]
= ∥λ∥1

[
− ymin

Cα ∥λ∥1
+ C · ymin

C0ymax

Cαymax

∥λ∥1

]
≤ 0,

where the last inequality follows from Assumption 2, which ensures d2 ≥ C2
0
n2y2max

y2min
and d∞ ≥

C0
n1.5ymax

ymin
with large enough C0 > C ·C2

α. We have thus shown that if α(t)
k,j is sufficiently negative,

then β
(t)
k,j ≤ 0, and consequently α

(t+1)
k,j = α

(t)
k,j . This completes the proof of the lemma.

A.4. Lemma 15 and Lemma 16 (Gradient Dynamics under Deterministic Features)

In this section, we present the gradient dynamics of the primal and dual variables under deterministic
feature assumptions. Lemma 15 serves as the deterministic-feature counterpart of Lemma 10.

Lemma 15 Under Assumptions 1 and 3, suppose the gradient descent step size satisfies η ≤
1

µ1(XX⊤)
. Consider the k-th ReLU neuron in hΘ. For any t ≥ 0 and any index i ∈ [n] such

that sk · yi > 0, if β(t)
k,i > 0, β(t)

k,i ≥ sk · hΘ(t)(xi), and
∥∥hΘ(t)(X)− y

∥∥
2
≤ Cy ∥y∥2, then

β
(t+1)
k,i > 0.
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Proof (Lemma 15) According to the primal gradient descent update in Equation (4a) for the k-th
neuron, we have

β
(t+1)
k = β

(t)
k − ηskXX⊤D(β

(t)
k )(hΘ(t)(X)− y).

We aim to separate the gradient contribution arising from the diagonal and off-diagonal components
of the Gram matrix and to show that the updated primal coordinate remains positive, i.e., β(t+1)

k,i > 0.

Fix any t ≥ 0 and any index i such that sk · yi > 0 and β
(t)
k,i > 0. Then, the update of the i-th

coordinate can be written as

β
(t+1)
k,i = β

(t)
k,i − ηske

⊤
i XX⊤D(β

(t)
k )(hΘ(t)(X)− y)

=

[
β
(t)
k,i − ηsk ∥xi∥22 1β(t)

k,i>0

(
hΘ(t)(xi)− yi

)]
− ηsk

∑
j ̸=i

x⊤
i xj1β

(t)
k,j>0

(
hΘ(t)(xj)− yj

)
,

(14)

where we have 1
β
(t)
k,i>0

= 1 according to the assumption β
(t)
k,i > 0. We now lower bound β

(t+1)
k,i .

By the step size condition η ≤ 1
µ1(XX⊤)

≤ 1
∥xi∥22

for all i ∈ [n] and the assumption β
(t)
k,i ≥

sk · hΘ(t)(xi), the first term in Equation (14) satisfies

β
(t)
k,i − η ∥xi∥22

(
skhΘ(t)(xi)− skyi

)
≥ η ∥xi∥22 |yi|.

Substituting this into Equation (14) yields

(14) ≥ η ∥xi∥22 |yi| − ηsk
∑
j ̸=i

x⊤
i xj1β

(t)
k,j>0

(
hΘ(t)(xj)− yj

)
≥ η ∥xi∥22 |yi| − ηmax

i̸=j
|x⊤

i xj |
∑
j ̸=i

∣∣hΘ(t)(xj)− yj
∣∣

≥ η ∥xi∥22 |yi| − ηmax
i̸=j

|x⊤
i xj |

√
n
∥∥hΘ(t)(X)− y

∥∥
2
, (15)

where we take absolute values in the second inequality, and the last inequality follows from the
inequality between ℓ1 and ℓ2 norms. Next, we upper bound the second term in Equation (15) by the
lemma assumption

∥∥hΘ(t)(X)− y
∥∥
2
≤ Cy ∥y∥2 ≤ Cy

√
nymax. We obtain

(15) ≥ η ∥xi∥22 |yi| − ηmax
i̸=j

|x⊤
i xj |Cynymax

≥ η

[
min
i∈[n]

∥xi∥22 ymin − Cynmax
i̸=j

|x⊤
i xj |ymax

]
> 0.

The second inequality follows from taking the minimum for i ∈ [n], and the last inequality follows
from Assumption 3 with C0 > Cy. This completes the proof of the lemma.

Next, we present the gradient dynamics of the dual variables under deterministic feature as-
sumptions. Lemma 16 serves as the deterministic-feature counterpart of Lemma 11.
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Lemma 16 Under Assumptions 1 and 3, consider the k-th ReLU neuron in hΘ. For any t ≥ 0 and
any index j ∈ [n], if α(t)

k,j ≤ − ymin

Cα∥λ∥1
and

∥∥∥α(t)
k

∥∥∥
2
≤ Cα

√
nymax

∥λ∥1
, then β

(t)
k,j ≤ 0 and α

(t+1)
k,j = α

(t)
k,j .

Proof (Lemma 16) By the definition of primal and dual variables in Equation (3), we have

β
(t)
k = XX⊤α

(t)
k .

According to the dual gradient update in Equation (4b), we have

α
(t+1)
k = α

(t)
k − ηD(β

(t)
k )(hΘ(t)(X)− y).

This update reveals that each coordinate α
(t)
k,j evolves independently and is governed by the sign of

the corresponding primal variable β
(t)
k,j . In particular, if β(t)

k,j ≤ 0, then the j-th diagonal entry of

D(β
(t)
k ) vanishes, and consequently α

(t+1)
k,j = α

(t)
k,j .

We therefore establish a sufficient condition under which β
(t)
k,j ≤ 0 in terms of the dual variable

α
(t)
k,j . Specifically, we separate the diagonal and off-diagonal components of the Gram matrix as

β
(t)
k,j = e⊤j XX⊤α

(t)
k

= ∥xj∥22 α
(t)
k,j +

∑
j ̸=i

x⊤
j xiα

(t)
k,i

≤ ∥xj∥22 α
(t)
k,j +max

j ̸=i
|x⊤

j xi|
∑
j ̸=i

|α(t)
k,i|, (16)

where the last inequality takes the maximum and absolute values for the second term. Furthermore,
by applying the inequality between ℓ2 and ℓ1 norms and taking the minimum for j ∈ [n] in the first
term, we obtain

(16) ≤
(
min
j∈[n]

∥xj∥22

)
α
(t)
k,j +max

j ̸=i
|x⊤

j xi|
√
n
∥∥∥α(t)

k

∥∥∥
2
. (17)

Finally, substituting the upper bound of α(t)
k,j and

∥∥∥α(t)
k

∥∥∥
2

in lemma assumptions into Equation (17),
we obtain

(17) ≤ −
(
min
j∈[n]

∥xj∥22

)
ymin

Cα ∥λ∥1
+max

j ̸=i
|x⊤

j xi|
√
n
Cα

√
nymax

∥λ∥1
≤ 0,

where the last inequality follows from Assumption 3 with large enough C0 > C ·C2
α. We have thus

shown that if α(t)
k,j is sufficiently negative, then β

(t)
k,j ≤ 0, and consequently α

(t+1)
k,j = α

(t)
k,j . This

completes the proof of the lemma.
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Appendix B. Proofs for the Single ReLU model (m = 1) Trained with Gradient
Descent

In this section, we present the proofs concerning the behavior of the single ReLU model trained
with gradient descent.

B.1. Proofs of Lemmas 1, 2 and 3 (Gradient Descent Convergence and w⋆)

We present complete proofs of the gradient descent convergence for single ReLU models in Lem-
mas 1 and 2, as well as a characterization of the minimum-ℓ2-norm solution in Lemma 3.
Proof (Lemma 1) We prove this lemma by showing that after iteration t0 ≥ 0, since the activation
pattern is fixed, the gradient of the single ReLU model is equivalent to the gradient of a linear model
using only a subset of examples. Consider a linear model

h(x) = w⊤x,

where w ∈ Rd is the linear model parameter (also called weight). Let S ⊆ [n] denote the active set
for the single ReLU model at iteration t0, defined by S := {i ∈ [n] : x⊤

i w
(t0) > 0}. We write the

empirical risk with the linear model using only the examples in S as

RS(w) =
1

2

∑
i∈S

(w⊤xi − yi)
2.

The gradient descent update for this linear model is

w(t+1) = w(t) − η∇RS(w
(t))

= w(t) − η
∑
i∈S

(w(t)⊤xi − yi)xi. (18)

On the other hand, the original gradient descent dynamic for the single ReLU model (Equation 6)
tells us that

w(t+1) = w(t) − ηX⊤D(Xw(t))(Xw(t) − y).

Under the lemma assumption, D(Xw(t0)) = D(Xw(t)) for all t ≥ t0. Thus, we know that
Dii = 1i∈S for all t ≥ t0. Therefore, for t ≥ t0, we can write the gradient update of the original
single ReLU model as

w(t+1) = w(t) − ηX⊤D(Xw(t))(Xw(t) − y)

= w(t) − η
∑
i∈S

(w(t)⊤xi − yi)xi.

This gradient update is equivalent to the gradient update of the linear model in Equation (18) for all
t ≥ t0. As a result, for t ≥ t0, the gradient update of the single ReLU model is equivalent to a linear
model using only data in S. This completes the proof of the lemma.
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Proof (Lemma 2) By Lemma 1, the activation pattern is fixed for all t ≥ t0, so the gradient descent
update reduces to linear regression restricted to the active subset S, given by

w(t+1) = w(t) − ηX⊤D(Xw(t))(Xw(t) − y)

= w(t) − η
∑
i∈S

(w(t)⊤xi − yi)xi

= w(t) − ηX⊤
S (XSw

(t) − yS).

The final phase empirical risk is given by

R(w) =
1

2
∥XSw − yS∥

2
2 +

1

2
∥ySc∥22 ,

where the second term comes from the examples in Sc with negative pre-activations, and it does not
depend on w because the activation pattern does not change after t0. Note that R(w) is a convex
quadratic with

∇R(w) = X⊤
S (XSw − yS), ∇2R(w) = X⊤

SXS .

Therefore, R is L-smooth with

L =
∥∥∇2R(w)

∥∥
2
=
∥∥∥X⊤

SXS

∥∥∥
2
= µ1(XSX

⊤
S ).

A standard smoothness/descent result (e.g., Boyd and Vandenberghe 2004, Equation 9.17) implies
that for any η ≤ 1

L ,

R(w(t+1)) ≤ R(w(t))− η

2

∥∥∥∇R(w(t))
∥∥∥2
2
,

and in particular, R(w(t)) is non-increasing for all t ≥ t0.
It remains to upper bound L. Since S is a subset of the training indices, |S| ≤ n. Since L =

µ1(XSX
⊤
S ) ≤ µ1(XX⊤), choosing η ≤ 1

µ1(XX⊤)
guarantees that R(w(t)) is non-increasing for

all t ≥ t0. This establishes the desired step size condition in the final phase (and thus convergence
in function value for the single ReLU dynamics after t0).

Finally, according to Gunasekar et al. (2018, Section 2.1), the set of minimizers of R(w) is the
affine subspace,

WS = {w : XSw = yS},

and gradient descent with constant step size converges to the Euclidean projection of the initial-
ization w(t0) onto this subspace w(∞) = argmin

w∈WS

∥∥w −w(t0)
∥∥
2
. This completes the proof of the

lemma.

Proof (Lemma 3) We prove the lemma by showing that the optimal solution w⋆ of the original
convex program for single ReLU models also solves a reduced convex program whose solution is
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the minimum-ℓ2-norm interpolation (MNI) over an index subset S ⊆ [n] with modified labels. First,
we restate the convex program (7) and its KKT conditions below:

w⋆ ∈ argmin
w

1

2
∥w∥22

s.t. w⊤xi = yi, for all i ∈ S1,

w⊤xj ≤ 0, for all j ∈ S2,

where we denote S1 = {i : yi > 0, for all i ∈ [n]}, S2 = {j : yj ≤ 0, for all j ∈ [n]} and
S1 ∪ S2 = [n]. Since n ≤ d and we have assumed rank(X) = n, we can always find a feasible
solution satisfying all n equality constraints. This implies that the solution set is nonempty, and w⋆

always exists. Hence, the following KKT conditions are necessary (and also sufficient) to w⋆ for
some λ⋆ ∈ R|S1| and µ⋆ ∈ R|S2|:
Stationarity:

w⋆ +
∑
i∈S1

λ⋆
ixi +

∑
j∈S2

µ⋆
jxj = 0 ⇔ w⋆ = −

∑
i∈S1

λ⋆
ixi −

∑
j∈S2

µ⋆
jxj .

Primal feasibility:

w⋆⊤xi = yi, for all i ∈ S1,

w⋆⊤xj ≤ 0, for all j ∈ S2.

Dual feasibility:

λ⋆
i ∈ R, for all i ∈ S1,

µ⋆
j ≥ 0, for all j ∈ S2.

Complementary slackness: ∑
j∈S2

µ⋆
j

(
w⋆⊤xj

)
= 0.

Next, we further denote a subset S̃2 ⊆ S2 such that S̃2 = {j : µ⋆
j > 0 for all j ∈ S2} (note that S̃2

can be empty). By the KKT conditions, it is necessary for w⋆ to satisfy the following:

w⋆ = −
∑
i∈S1

λ⋆
ixi −

∑
j∈S̃2

µ⋆
jxj , with λ⋆

i ∈ R and µ⋆
j > 0, (19a)

w⋆⊤xi = yi, for all i ∈ S1, (19b)

w⋆⊤xj = 0, for all j ∈ S̃2. (19c)

Now, we consider a reduced convex program:

w̃ ∈ argmin
w

1

2
∥w∥22 (20)

s.t. w⊤xi = yi, for all i ∈ S1,

w⊤xj = 0, for all j ∈ S̃2.
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Its KKT conditions are given below.
Stationarity:

w̃ +
∑
i∈S1

λ̃ixi +
∑
j∈S̃2

λ̃jxj = 0 ⇔ w̃ = −
∑
i∈S1

λ̃ixi −
∑
j∈S̃2

λ̃jxj .

Primal feasibility:

w̃⊤xi = yi, for all i ∈ S1,

w̃⊤xj = 0, for all j ∈ S̃2.

Dual feasibility:

λ̃i ∈ R, for all i ∈ S1,

λ̃j ∈ R, for all j ∈ S̃2.

Since w⋆ satisfies all the conditions in Equation (19), it also satisfies the KKT conditions for the
reduced convex program (20). Thus, w⋆ is also the optimal solution of the reduced convex program.
Finally, we have a closed-form solution for the reduced convex program such that w⋆ = w̃ =
wlinear-MNI,S = X⊤

S (XSX
⊤
S )

−1ỹS where S = S1 ∪ S̃2 and ỹS denotes the corresponding label
subvector with all negative entries replaced by zero. This completes the proof of the lemma.

B.2. Proof of Theorem 4 (High-dimensional Implicit Bias)

In this section, we present the proof of Theorem 4. For the single ReLU model (m = 1), the
primal-dual gradient update in (4) simplifies to

(Primal) β(t+1) = β(t) − ηXX⊤D(β(t))(β(t) − y), (21a)

(Dual) α(t+1) = α(t) − ηD(β(t))(β(t) − y). (21b)

Before proceeding to the proof, we introduce a set of sufficient conditions under which the signs
of the primal variables agree with the signs of the labels at iteration t. Moreover, these conditions
are preserved at iteration t+ 1.

Lemma 17 Under Assumptions 1 and 2, suppose the gradient descent step size satisfies η ≤
1

Cg∥λ∥1
. For any single ReLU model, if the following six conditions hold at some iteration t ≥ 0,

then they also hold at iteration t+ 1.

a. β
(t)
i > 0, for all i ∈ [n] with yi > 0.

b. − 3ymax

Cg∥λ∥1
≤ α

(t)
j ≤ − ymin

Cα∥λ∥1
, for all j ∈ [n] with yj < 0.

c.
∥∥∥β(t)

+ − y+

∥∥∥
2
≤ Cy

∥∥y+

∥∥
2
.

d.
∥∥α(t)

∥∥
2
≤ Cα

√
nymax

∥λ∥1
.
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e. β
(t)
j ≤ 0, for all j ∈ [n] with yj < 0.

f. σ(β(t)) =

[
β
(t)
+

0

]
.

Consequently, the set of active examples consists exactly of the positively labeled examples, and the
activation pattern remains unchanged, i.e., D(β(t)) = D(β(t+1)).

Proof (Lemma 17) In the following, we show that if the six sufficient conditions hold at some
iteration t ≥ 0, then they also hold at iteration t+ 1.

Part (a): By conditions (c) and (f) at iteration t, we have
∥∥hΘ(t)(X)− y

∥∥2
2
=
∥∥∥σ(β(t))− y

∥∥∥2
2
=∥∥∥β(t)

+ − y+

∥∥∥2
2
+
∥∥y−

∥∥2
2
≤ C2

y ∥y∥
2
2. Together with hΘ(t)(xi) = β

(t)
i and condition (a),

all the assumptions of Lemma 10 are satisfied for all i with yi > 0. Consequently, we
obtain β

(t+1)
i > 0 for all i ∈ [n] with yi > 0, and thus condition (a) holds at iteration

t+ 1.

Part (b): According to the dual gradient update in Equation (21b), and using condition (e) at
iteration t, we conclude that the dual variables corresponding to negatively labeled ex-
amples remain unchanged, i.e., α(t+1)

j = α
(t)
j for all j ∈ [n] with yj < 0. Therefore,

condition (b) continues to hold at iteration t+ 1.

Part (c): By conditions (a) and (e), the gradient update at iteration t depends only on the posi-
tively labeled examples. Consequently, the update is equivalent to a linear regression
gradient descent step using only the positive-labeled subset. As similarly argued in the
proof of Lemma 2, since the step size satisfies η ≤ 1

Cg∥λ∥1
, the squared loss is monoton-

ically non-increasing, and we obtain
∥∥∥β(t+1)

+ − y+

∥∥∥
2
≤
∥∥∥β(t)

+ − y+

∥∥∥
2
≤ Cy

∥∥y+

∥∥
2

by condition (c) at iteration t. Therefore, condition (c) holds at iteration t+ 1.

Part (d): For this part, we use conditions (b) and (c) at iteration t+ 1. By the triangle inequality,
we have ∥∥∥α(t+1)

∥∥∥
2
≤
∥∥∥α(t+1)

+

∥∥∥
2
+
∥∥∥α(t+1)

−

∥∥∥
2
.

By condition (b) at iteration t + 1, it follows that
∥∥∥α(t+1)

−

∥∥∥
2
≤ 3

√
nymax

Cg∥λ∥1
. It there-

fore remains to upper bound
∥∥∥α(t+1)

+

∥∥∥
2
. By condition (c) at iteration t + 1, we have∥∥∥β(t+1)

+

∥∥∥
2
≤ Cy

∥∥y+

∥∥
2
+
∥∥y+

∥∥
2
≤ (Cy + 1) ∥y∥2. Moreover, we have∥∥∥β(t+1)

+

∥∥∥
2
=
∥∥∥X+X

⊤α(t+1)
∥∥∥
2

=

∥∥∥∥∥X+

[
X⊤

+X
⊤
−
] [α(t+1)

+

α
(t+1)
−

]∥∥∥∥∥
2

=
∥∥∥X+X

⊤
+α

(t+1)
+ +X+X

⊤
−α

(t+1)
−

∥∥∥
2
.
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Applying the triangle inequality yields∥∥∥X+X
⊤
+α

(t+1)
+

∥∥∥
2
≤
∥∥∥β(t+1)

+

∥∥∥
2
+
∥∥∥X+X

⊤
−α

(t+1)
−

∥∥∥
2

≤ (Cy + 1) ∥y∥2 +
∥∥∥X+X

⊤
−α

(t+1)
−

∥∥∥
2
.

Since X+X
⊤
+ ∈ Rn+×n+ is full rank, we obtain

∥∥∥α(t+1)
+

∥∥∥
2
≤

(Cy + 1) ∥y∥2 +
∥∥∥X+X

⊤
−α

(t+1)
−

∥∥∥
2

µn+(X+X
⊤
+)

.

For the denominator, the variational formulation for eigenvalues of a submatrix and
Lemma 12 imply that

µn+(X+X
⊤
+) ≥ µn(XX⊤) ≥ 1

Cg

d∑
j=1

λj =
∥λ∥1
Cg

,

with probability at least 1 − 2e−n/Cg . For the numerator, we have (Cy + 1) ∥y∥2 ≤
(Cy + 1)

√
nymax. Moreover, by Bhatia and Kittaneh (1990, Theorem 1), we have∥∥∥X+X

⊤
−

∥∥∥
2
≤ 1

2

∥∥∥X+X
⊤
+ +X−X

⊤
−

∥∥∥
2

≤ 1

2

(∥∥∥X+X
⊤
+

∥∥∥
2
+
∥∥∥X−X

⊤
−

∥∥∥
2

)
≤ Cg

d∑
j=1

λj

= Cg ∥λ∥1 ,

where the last inequality follows from Lemma 12. Combining these bounds yields

∥∥∥α(t+1)
+

∥∥∥
2
≤

(Cy + 1)
√
nymax + Cg ∥λ∥1 ·

3
√
nymax

Cg∥λ∥1
∥λ∥1 /Cg

= ((Cy + 1)Cg + 3Cg)

√
nymax

∥λ∥1
.

Consequently, we have∥∥∥α(t+1)
∥∥∥
2
≤ ((Cy + 1)Cg + 3Cg)

√
nymax

∥λ∥1
+

3
√
nymax

Cg ∥λ∥1
≤ Cα

√
nymax

∥λ∥1
,

with Cα ≳ max{C2
g , CyCg}, and thus condition (d) holds at iteration t+ 1.

Part (e): By Lemma 11, and since conditions (b) and (d) hold at iteration t+ 1, we conclude that
β
(t+1)
j ≤ 0 for all j ∈ [n] with yj < 0. Thus, condition (e) holds at iteration t+ 1.

Part (f): By conditions (a) and (e) at iteration t + 1, the signs of the primal variables continue

to agree with the signs of the labels. Consequently, σ(β(t+1)) =

[
β
(t+1)
+

0

]
, and thus

condition (f) holds at iteration t+ 1.
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We have shown that the six sufficient conditions hold at iteration t + 1. Consequently, the signs of
the primal variables continue to agree with the signs of the labels, and hence D(β(t)) = D(β(t+1)).
This completes the proof.

Equipped with Lemma 17, we are now ready to prove Theorem 4.
Proof (Theorem 4) In the proof, we first show that after the first gradient step, the iterate at t = 1
satisfies the conditions in Lemma 17. Next, since the conditions hold at t = 1 and are preserved
from t = t̃ to t = t̃ + 1 by Lemma 17, we fully characterize the gradient descent dynamics by
induction.

We begin by verifying that the iterate at t = 1 satisfies the sufficient conditions in Lemma 17.
With the initialization w(0) = X⊤(XX⊤)−1ϵ, we have β(0) = Xw(0) = ϵ. Therefore, using the
primal gradient update in Equation (21a), we obtain

β(1) = β(0) − ηXX⊤D(β(0))(β(0) − y)

= ϵ− ηXX⊤(ϵ− y)

= XX⊤

η
(
y − ϵ+

1

η

(
XX⊤

)−1
ϵ

)
︸ ︷︷ ︸

=:α(1)

 . (22)

We denote α(1) := η
(
y − ϵ+ 1

η (XX⊤)−1ϵ
)

according to the primal-dual formulation β(1) =

XX⊤α(1) in Equation (3). In the below, we show that at iteration t = 1, the variables β(1) and
α(1) satisfy all the conditions in Lemma 17.

Part (a): For all i ∈ [n] with yi > 0, we apply Lemma 10. Since β(0)
i = ϵi > 0, β(0)

i = hΘ(0)(xi)

and
∥∥∥σ(β(0))− y

∥∥∥
2
≤ ∥ϵ∥2 + ∥y∥2 ≤

√
n

Cα
ymin + ∥y∥2 ≤ Cy ∥y∥2 with Cy > 1+ 1

Cα
,

it follows that β(1)
i > 0 for all i ∈ [n] with yi > 0.

Part (b): For all j ∈ [n] with yj < 0, we verify that α(1)
j satisfies the required upper and lower

bounds. For the upper bound, recall that

α
(1)
j = η

(
yj − ϵj +

1

η
e⊤j

(
XX⊤

)−1
ϵ

)
= η

(
yj − ϵj +

1

η
e⊤j

[
1

∥λ∥1
I +

((
XX⊤

)−1
− 1

∥λ∥1
I

)]
ϵ

)
= η

(
yj − ϵj +

ϵj
η ∥λ∥1

+
1

η
e⊤j

((
XX⊤

)−1
− 1

∥λ∥1
I

)
ϵ

)
(i)

≤ η

(
yj +

ϵj
η ∥λ∥1

+
1

η
e⊤j

((
XX⊤

)−1
− 1

∥λ∥1
I

)
ϵ

)
(ii)

≤ η

(
yj +

ϵj
η ∥λ∥1

+
1

η

∥∥∥∥(XX⊤
)−1

− 1

∥λ∥1
I

∥∥∥∥
2

∥ϵ∥2
)
,
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where inequality (i) drops the negative term −ϵj , and inequality (ii) follows from the
submultiplicativity of the operator norm. By Corollary 14, we have∥∥∥∥(XX⊤

)−1
− 1

∥λ∥1
I

∥∥∥∥
2

≤ CgC

∥λ∥1
·max

(√
n

d2
,
n

d∞

)
,

with probability at least 1− 2 exp(−n(Cc− ln 9)). Moreover, by the theorem assump-
tions, ∥ϵ∥2 ≤

√
n

Cα
ymin and 1

η ≤ CCg ∥λ∥1. Combining these bounds yields

α
(1)
j ≤ 1

CCg ∥λ∥1

(
−ymin +

CCg

Cα
ymin + C2C2

g ·max

(√
n

d2
,
n

d∞

)
·
√
n

Cα
ymin

)
≤ 1

CCg ∥λ∥1

(
−ymin +

CCg

Cα
ymin + C2C2

g · ymin

C0ymax
· 1

Cα
ymin

)
= − ymin

Cα ∥λ∥1

(
Cα

CCg
− 1− CCgymin

C0ymax

)
≤ − ymin

Cα ∥λ∥1
.

The second inequality follows from d2 ≥ C2
0
n2y2max

y2min
and d∞ ≥ C0

n1.5ymax

ymin
in As-

sumption 2, and the last inequality uses the following relationships between constants:
C0 > C · C2

α and Cα > C ·max{C2
g , CyCg}. For the lower bound, we have

α
(1)
j = η

(
yj − ϵj +

ϵj
η ∥λ∥1

+
1

η
e⊤j

((
XX⊤

)−1
− 1

∥λ∥1
I

)
ϵ

)
≥ η

(
−ymax − ϵj −

1

η

∥∥∥∥(XX⊤
)−1

− 1

∥λ∥1
I

∥∥∥∥
2

∥ϵ∥2
)

≥ 1

Cg ∥λ∥1

(
−ymax −

1

Cα
ymin − C2C2

g ·max

(√
n

d2
,
n

d∞

)
·
√
n

Cα
ymin

)
≥ 1

Cg ∥λ∥1

(
−ymax −

1

Cα
ymin − C2C2

g · ymin

C0ymax
· 1

Cα
ymin

)
≥ −3ymax

Cg ∥λ∥1
,

by the same arguments. Thus, α(1)
j satisfies both the required upper and lower bounds

for all j with yj < 0.

Part (c): We now verify that the primal variables corresponding to positively labeled examples
minus y+ satisfy the norm bound in Lemma 17. Specifically, we show that∥∥∥β(1)

+ − y+

∥∥∥2
2
≤ C2

y

∥∥y+

∥∥2
2
. According to Equation (22), we have∥∥∥β(1)

+ − y+

∥∥∥2
2
=
∑
i:yi>0

(
β
(1)
i − yi

)2

=
∑
i:yi>0

ϵi − ηe⊤i XX⊤ (ϵ− y)− yi︸ ︷︷ ︸
=:Ti


2

. (23)
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Next, we bound the term Ti := ϵi − ηe⊤i XX⊤ (ϵ− y)− yi for all i ∈ [n] with yi > 0.
We have

Ti = ϵi − ηe⊤i XX⊤ (ϵ− y)− yi

= (ϵi − yi)− ηe⊤i

[
∥λ∥1 I +

(
XX⊤ − ∥λ∥1 I

)]
(ϵ− y)

= (1− η ∥λ∥1)(ϵi − yi)− ηe⊤i

(
XX⊤ − ∥λ∥1 I

)
(ϵ− y) .

Since the step size assumption guarantees that 1
CCg∥λ∥1

≤ η ≤ 1
Cg∥λ∥1

, and ϵi ≤
1
Cα

ymin, the term (1 − η ∥λ∥1)(ϵi − yi) is strictly negative. Hence, in order to upper
bound T 2

i , it suffices to find the lower bound for Ti. We have

Ti = (1− η ∥λ∥1)(ϵi − yi)− ηe⊤i

(
XX⊤ − ∥λ∥1 I

)
(ϵ− y)

≥ −yi − η
∥∥∥XX⊤ − ∥λ∥1 I

∥∥∥
2
∥ϵ− y∥2 ,

where the inequality drops the positive terms (1 − η ∥λ∥1)ϵi and η ∥λ∥1 yi. We again
upper bound

∥∥XX⊤ − ∥λ∥1 I
∥∥
2

by Corollary 14. With probability at least
1− 2 exp(−n(Cc− ln 9)), we have

Ti ≥ −yi − η · C ∥λ∥1 ·max

(√
n

d2
,
n

d∞

)
∥ϵ− y∥2

≥ −yi −
C

Cg
·max

(√
n

d2
,
n

d∞

)
∥ϵ− y∥2 ,

by applying η ≤ 1
Cg∥λ∥1

. Finally, we apply the upper bounds for ∥ϵ∥2 and ∥y∥2, and

Assumption 2 ensures that d2 ≥ C2
0
n2y2max

y2min
and d∞ ≥ C0

n1.5ymax

ymin
. We have

Ti ≥ −yi −
C

Cg
max

(√
n

d2
,
n

d∞

)(√
n

Cα
ymin +

√
nymax

)
≥ −yi −

Cymin

CgC0ymax

(
1

Cα
ymin + ymax

)
≥ −yi

(
1 +

2C

CgC0

)
≥ −Cyyi,

with the choice of Cy ≥ 2. Substituting T 2
i ≤ C2

yy
2
i into Equation (23), we have

∥∥∥β(1)
+ − y+

∥∥∥2
2
≤
∑
i:yi>0

C2
yy

2
i = C2

y

∥∥y+

∥∥2
2
.

As a result, we conclude that
∥∥∥β(1)

+ − y+

∥∥∥
2
≤ Cy

∥∥y+

∥∥
2

as required.
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Part (d): We next verify that α(1) satisfies the required norm bound. Recall that

α(1) = η

(
y − ϵ+

1

η

(
XX⊤

)−1
ϵ

)
.

Taking the ℓ2 norm and applying the triangle inequality yields∥∥∥α(1)
∥∥∥
2
=

∥∥∥∥η(y − ϵ+
1

η

(
XX⊤

)−1
ϵ

)∥∥∥∥
2

≤ η

[
∥y∥2 + ∥ϵ∥2 +

1

η

∥∥∥∥(XX⊤
)−1

∥∥∥∥
2

∥ϵ∥2
]
.

We now bound each term on the right-hand side. We apply the label bound, ∥y∥2 ≤
√
nymax and the construction of the initialization, ∥ϵ∥2 ≤

√
n

Cα
ymin. Moreover, Lemma 12

implies
∥∥(XX⊤)−1

∥∥
2
≤ Cg

∥λ∥1
with probability at least 1 − 2e−n/Cg , and the step size

condition ensures 1
CCg∥λ∥1

≤ η ≤ 1
Cg∥λ∥1

. Substituting these bounds, we obtain∥∥∥α(1)
∥∥∥
2
≤ 1

Cg ∥λ∥1

[√
nymax +

√
n

Cα
ymin + CCg ∥λ∥1 ·

Cg

∥λ∥1
·
√
n

Cα
ymin

]
≤ 1

Cg ∥λ∥1

(
3
√
nymax

)
≤ Cα

√
nymax

∥λ∥1
,

with Cα ≳ max{C2
g , CyCg}. Therefore, α(1) satisfies the required norm bound.

Part (e): Since we have shown that α(1)
j ≤ − ymin

Cα∥λ∥1
and

∥∥α(1)
∥∥
2
≤ Cα

√
nymax

∥λ∥1
for all j ∈ [n]

with yj < 0, it follows from Lemma 11 that β(1)
j ≤ 0 for all j ∈ [n] with yj < 0.

Part (f): Since we have shown that β(1)
i > 0 for all i ∈ [n] with yi > 0 and β

(1)
j ≤ 0 for all

j ∈ [n] with yj < 0, the signs of the primal variables coincide with the signs of the

labels. Consequently, σ(β(1)) =

[
β
(1)
+

0

]
.

We have shown that at iteration t = 1, all conditions in Lemma 17 are satisfied. Consequently, all
positively labeled examples are active, while all negatively labeled examples are inactive. We now
complete the proof by induction and characterize the gradient descent dynamics for all subsequent
iterations. By Lemma 17, since the conditions hold at t = 1, they also hold at t = 2. More generally,
the same lemma implies that if the conditions hold at t = t̃ then they continue to hold at t = t̃+ 1.
This completes the induction argument.

As a result, for all t ≥ 1, the activation pattern remains fixed, i.e., D(β(t)) = D(β(1)), and
all negative labeled examples are inactive, i.e., X−w

(t) ⪯ 0. By Lemma 1, the gradient descent
dynamics from this point onward are equivalent to those of linear regression trained on the positively
labeled examples, with initialization w(1). Finally, by Lemma 2, the w(∞) satisfies

w(∞) = argmin
w∈{w:X+w=y+}

∥∥∥w −w(1)
∥∥∥
2
,
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where we have w(1) = ηX⊤
(
y − ϵ+ 1

η (XX⊤)−1ϵ
)

. This completes the proof of Theorem 4.

B.3. Proof of Theorem 6 (Implicit Bias Approximation to w⋆)

In this section, we present the proof of implicit bias approximation to w⋆ for single ReLU models.
Proof (Theorem 6) We restate the definition of w⋆ in Equation (7) below.

w⋆ = argmin
w

1

2
∥w∥22

s.t. w⊤xi = yi, for all yi > 0

w⊤xj ≤ 0, for all yj ≤ 0.

Recall that the gradient descent limit w(∞) satisfies the same set of constraints: it interpolates
all positively labeled examples and produces negative predictions for negatively labeled examples.
Consequently, both w(∞) and w⋆ are feasible solutions achieving the minimum empirical risk.

We start with showing the upper bound on ∥w(∞) −w⋆∥2. We first relate the distance between
the predictors w(∞) and w⋆ to the distance in their predictions, i.e., ∥Xw(∞) − Xw⋆∥2. Since
both vectors lie in the span of the data {xi}ni=1, their difference has no component in the null space
corresponding to the smallest d− n eigenvalues of X⊤X . Therefore, we have∥∥∥Xw(∞) −Xw⋆

∥∥∥2
2
=
∥∥∥X (

w(∞) −w⋆
)∥∥∥2

2
≥ µn(X

⊤X)
∥∥∥w(∞) −w⋆

∥∥∥2
2

= µn(XX⊤)
∥∥∥w(∞) −w⋆

∥∥∥2
2
. (24)

As a result, to derive an upper bound for ∥w(∞) − w⋆∥2, it suffices to upper bound the distance
between their prediction ∥Xw(∞) − Xw⋆∥2. We begin with analyzing w(∞). By Theorem 4,
w(∞) satisfies the following:

w(∞)⊤xi = yi for all yi > 0,

α
(∞)
j = α

(1)
j = η

(
yj − ϵj +

1

η
e⊤j

(
XX⊤

)−1
ϵ

)
for all yj < 0,

and also all the conditions in Lemma 17. On the other hand, according to the necessary conditions
in Equation (19) in Lemma 3, w⋆ satisfies

w⋆ = −
∑
i∈S1

λ⋆
ixi −

∑
j∈S̃2

µ⋆
jxj , with λ⋆

i ∈ R and µ⋆
j > 0,

w⋆⊤xi = yi, for all i ∈ S1,

w⋆⊤xj = 0, for all j ∈ S̃2,

where we have denoted S1 = {i : yi > 0, for all i ∈ [n]}, S2 = {j : yj ≤ 0, for all j ∈ [n]},
S̃2 ⊆ S2 (note that S̃2 can be empty) and S = S1 ∪ S̃2. Based on these necessary conditions, we
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can define w⋆ = X⊤α⋆ where

α⋆
i =


−λ⋆

i for all i ∈ S1

−µ⋆
i for all i ∈ S̃2

0 for all i ∈ S2 ∪ S̃c
2 =: S3

.

Let XS ∈ R|S|×d denote the submatrix of X consisting of the rows indexed by S (taken in increas-
ing order), and let yS ∈ R|S| denote the corresponding label subvector with all negative entries
replaced by zero. We have

yS = XSX
⊤
Sα

⋆
S ,

and similarly, by taking the norm and using the matrix norm lower bound of the smallest eigenvalue
of XSX

⊤
S , we have

∥yS∥2 =
∥∥∥XSX

⊤
Sα

⋆
S

∥∥∥
2

≥ µ|S|(XSX
⊤
S ) ∥α⋆

S∥2 .

Consequently, we have

∥α⋆∥2 = ∥α⋆
S∥2 ≤

∥yS∥2
µ|S|(XSX

⊤
S )

≤
√
nymax

µn(XX⊤)
≤ Cg

√
nymax

∥λ∥1
, (25)

where the second inequality follows from the variational formulation of submatrix, and the last
inequality follows from Lemma 12 with probability at least 1− 2e−n/Cg .

We know that for all i ∈ S1, w(∞)⊤xi = w⋆⊤xi = yi, and w⋆⊤xj = 0 for all j ∈ S̃2.
Therefore, we can write∥∥∥Xw(∞) −Xw⋆

∥∥∥2
2
=

n∑
i=1

(
w(∞)⊤xi −w⋆⊤xi

)2
=
∑
i∈S̃2

(
w(∞)⊤xi

)2
+
∑
i∈S3

(
w(∞)⊤xi −w⋆⊤xi

)2
. (26)

We start with upper bounding the term (w(∞)⊤xi)
2 for all i ∈ S̃2. Since w(∞)⊤xi ≤ 0 by the

conditions in Lemma 17, it suffices to lower bound w(∞)⊤xi. We have

w(∞)⊤xi = e⊤i XX⊤α(∞)

= e⊤i

[
∥λ∥1 I + (XX⊤ − ∥λ∥1 I)

]
α(∞)

= ∥λ∥1 α
(∞)
i + e⊤i (XX⊤ − ∥λ∥1 I)α

(∞)

≥ ∥λ∥1 α
(∞)
i −

∥∥∥XX⊤ − ∥λ∥1 I
∥∥∥
2

∥∥∥α(∞)
∥∥∥
2

≥ ∥λ∥1
[
α
(∞)
i − C ·max

(√
n

d2
,
n

d∞

)∥∥∥α(∞)
∥∥∥
2

]
,
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where the last inequality applies Corollary 14. Substituting the bounds of α(∞)
i and

∥∥α(∞)
∥∥
2

from
Lemma 17, we have

w(∞)⊤xi ≥ ∥λ∥1
[
− 3ymax

Cg ∥λ∥1
− C ·max

(√
n

d2
,
n

d∞

)
Cα

√
nymax

∥λ∥1

]
≥ ∥λ∥1

[
− 3ymax

Cg ∥λ∥1
− C · ymin

C0ymax

Cαymax

∥λ∥1

]
≥ − 4

Cg
ymax,

where the inequalities above substitute d2 ≥ C2
0
n2y2max

y2min
and d∞ ≥ C0

n1.5ymax

ymin
in Assumption 2 with

C0 ≳ C2
α and Cα ≳ max{C2

g , CyCg}. Therefore, we have (w(∞)⊤xi)
2 ≤ 16

C2
g
y2max for all i ∈ S̃2.

Next, we upper bound the term (w(∞)⊤xi − w⋆⊤xi)
2 for all i ∈ S3. We use the key idea that

α⋆
i = 0 for all i ∈ S3. We have

w(∞)⊤xi −w⋆⊤xi = e⊤i XX⊤α(∞) − e⊤i XX⊤α⋆

= e⊤i

[
∥λ∥1 I + (XX⊤ − ∥λ∥1 I)

]
(α(∞) −α⋆)

= ∥λ∥1 α
(∞)
i + e⊤i (XX⊤ − ∥λ∥1 I)(α

(∞) −α⋆)

≥ ∥λ∥1 α
(∞)
i −

∥∥∥XX⊤ − ∥λ∥1 I
∥∥∥
2

(∥∥∥α(∞)
∥∥∥
2
+ ∥α⋆∥2

)
≥ ∥λ∥1

[
− 3ymax

Cg ∥λ∥1
− C ·max

(√
n

d2
,
n

d∞

)(
Cα

√
nymax

∥λ∥1
+

Cg
√
nymax

∥λ∥1

)]
≥ ∥λ∥1

[
− 3ymax

Cg ∥λ∥1
− C · ymin

C0ymax

(
Cαymax

∥λ∥1
+

Cgymax

∥λ∥1

)]
≥ − 4

Cg
ymax,

by applying the same argument and noting from Equation (25) that ∥α⋆∥2 ≤ Cg
√
nymax

∥λ∥1
. Substitut-

ing the upper bounds into Equation (26) gives us∥∥∥Xw(∞) −Xw⋆
∥∥∥2
2
=
∑
i∈S̃2

(
w(∞)⊤xi

)2
+
∑
i∈S3

(
w(∞)⊤xi −w⋆⊤xi

)2
≤
∑
i∈S̃2

16

C2
g

y2max +
∑
i∈S3

16

C2
g

y2max

=
16

C2
g

n−y
2
max. (27)

Finally, putting together Equation (24) and (27), we have

∥∥∥w(∞) −w⋆
∥∥∥2
2
≤
∥∥Xw(∞) −Xw⋆

∥∥2
2

µn(XX⊤)
≤ 16n−y

2
max

Cg ∥λ∥1
,
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which completes the proof of the upper bound. Next, we derive the lower bound of ∥w(∞) −w⋆∥2
in a similar approach. We again start with the prediction distance, given by

∥∥∥Xw(∞) −Xw⋆
∥∥∥2
2
=
∥∥∥X (

w(∞) −w⋆
)∥∥∥2

2
≤ µ1(X

⊤X)
∥∥∥w(∞) −w⋆

∥∥∥2
2

= µ1(XX⊤)
∥∥∥w(∞) −w⋆

∥∥∥2
2
. (28)

It suffices to lower bound ∥Xw(∞) − Xw⋆∥2 to get the lower bound of ∥w(∞) − w⋆∥2. By
Equation (26), we have

∥∥∥Xw(∞) −Xw⋆
∥∥∥2
2
=
∑
i∈S̃2

(
w(∞)⊤xi

)2
+
∑
i∈S3

(
w(∞)⊤xi −w⋆⊤xi

)2
.

Therefore, we need to lower bound (w(∞)⊤xi)
2 for i ∈ S̃2, and (w(∞)⊤xi −w⋆⊤xi)

2 for i ∈ S3.
For w(∞)⊤xi, since w(∞)⊤xi < 0, we have

w(∞)⊤xi = e⊤i XX⊤α(∞)

= e⊤i

[
∥λ∥1 I + (XX⊤ − ∥λ∥1 I)

]
α(∞)

= ∥λ∥1 α
(∞)
i + e⊤i (XX⊤ − ∥λ∥1 I)α

(∞)

≤ ∥λ∥1 α
(∞)
i +

∥∥∥XX⊤ − ∥λ∥1 I
∥∥∥
2

∥∥∥α(∞)
∥∥∥
2

≤ ∥λ∥1
[
α
(∞)
i + C ·max

(√
n

d2
,
n

d∞

)∥∥∥α(∞)
∥∥∥
2

]
,

where the last inequality applies Corollary 14. Substituting the bounds of α(∞)
i and

∥∥α(∞)
∥∥
2

from
Lemma 17, we have

w(∞)⊤xi ≤ ∥λ∥1
[
− ymin

Cα ∥λ∥1
+ C ·max

(√
n

d2
,
n

d∞

)
Cα

√
nymax

∥λ∥1

]
≤ ∥λ∥1

[
− ymin

Cα ∥λ∥1
+ C · ymin

C0ymax

Cαymax

∥λ∥1

]
≤ −(1− C · C2

α

C0
)
ymin

Cα
,
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where the inequalities above substitute d2 ≥ C2
0
n2y2max

y2min
and d∞ ≥ C0

n1.5ymax

ymin
in Assumption 2 with

C0 ≳ C2
α. Similarly, for w(∞)⊤xi −w⋆⊤xi, we have

w(∞)⊤xi −w⋆⊤xi = e⊤i XX⊤α(∞) − e⊤i XX⊤α⋆

= e⊤i

[
∥λ∥1 I + (XX⊤ − ∥λ∥1 I)

]
(α(∞) −α⋆)

= ∥λ∥1 α
(∞)
i + e⊤i (XX⊤ − ∥λ∥1 I)(α

(∞) −α⋆)

≤ ∥λ∥1 α
(∞)
i +

∥∥∥XX⊤ − ∥λ∥1 I
∥∥∥
2
(
∥∥∥α(∞)

∥∥∥
2
+ ∥α⋆∥2)

≤ ∥λ∥1
[
− ymin

Cα ∥λ∥1
+ C ·max

(√
n

d2
,
n

d∞

)(
Cα

√
nymax

∥λ∥1
+

Cg
√
nymax

∥λ∥1

)]
≤ ∥λ∥1

[
− ymin

Cα ∥λ∥1
+ C · ymin

C0ymax

(
Cαymax

∥λ∥1
+

Cgymax

∥λ∥1

)]
≤ −(1− 2C · C2

α

C0
)
ymin

Cα
,

by applying the same argument and noting from Equation (25) that ∥α⋆∥2 ≤ Cg
√
nymax

∥λ∥1
. Substitut-

ing the lower bounds into Equation (26) gives us∥∥∥Xw(∞) −Xw⋆
∥∥∥2
2
=
∑
i∈S̃2

(
w(∞)⊤xi

)2
+
∑
i∈S3

(
w(∞)⊤xi −w⋆⊤xi

)2
≥
∑
i∈S̃2

(1− C · C2
α

C0
)2
y2min

C2
α

+
∑
i∈S3

(1− 2C · C2
α

C0
)2
y2min

C2
α

≥
(
1− 2C · C2

α

C0

)2
n−y

2
min

C2
α

=
n−y

2
min

C̃
, (29)

where we let C̃ :=
C2

0C
2
α

(C0−2C·C2
α)

2 > 1. Finally, putting together Equations (28) and (29), we have

∥∥∥w(∞) −w⋆
∥∥∥2
2
≥
∥∥Xw(∞) −Xw⋆

∥∥2
2

µ1(XX⊤)
≥ n−y

2
min

C̃Cg ∥λ∥1
.

This completes the proof of the lower bound.

B.4. Local Minimum Convergence Under a Not-All-Positive Initialization

In this section, we present a simple and explicit counterexample showing that a single ReLU model
initialized with a not-all-positive initialization can converge to a local minimum that is not global.

Lemma 18 (Local minimum convergence for not-all-positive initialization)
Assume Assumptions 1 and 2 hold. For a single ReLU model, a dataset n = 2 and yi > 0 for all
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i = 1, 2, we choose the initialization w(0) = X⊤ (XX⊤)−1
ϵ, where ϵ1 = −δ and ϵ2 = δ, for

some 0 < δ ≤ 1
C ymin. If x⊤

1 x2 < 0 and |x⊤
1 x2| < ∥x2∥22, with a step size η < 1

µ1(XX⊤)
, gradient

descent converges to a local minimum.

Proof To show that gradient descent converges to a local minimum, it suffices to prove that β(t)
1 < 0

for all t ≥ 0: since y1 > 0, this condition implies that the first training example is not perfectly fit.
Hence, we prove by induction that if β(t)

1 < 0 for all t ≤ t̃, then β
(t̃+1)
1 < 0. Note that the base

case, i.e. β(0)
1 < 0, follows from the initialization condition β

(0)
1 = ϵ1 = −δ < 0. Therefore, we

only need to show the inductive step. From the primal gradient update in Equation (4a), we obtain
the gradient update of β(t̃+1)

1 as

β
(t̃+1)
1 = β

(t̃)
1 − η ∥x1∥22 · 1β(t̃)

1 >0︸ ︷︷ ︸
=0

·
(
β
(t̃)
1 − y1

)
− ηx⊤

1 x2 · 1β(t̃)
2 >0

·
(
β
(t̃)
2 − y2

)

= β
(0)
1 − ηx⊤

1 x2

t̃∑
t=0

1
β
(t)
2 >0

(
β
(t)
2 − y2

)
. (30)

On the other hand, for β(t)
2 , since β

(t)
1 < 0 for all t ≤ t̃, we have

β
(t+1)
2 = β

(t)
2 − η ∥x2∥22 1β(t)

2 >0

(
β
(t)
2 − y2

)
= β

(t)
2 (1− η ∥x2∥22 1β(t)

2 >0
) + η ∥x2∥22 y21β(t)

2 >0
,

for all t ≤ t̃. Since η ∥x2∥22 <
∥x2∥22

µ1(XX⊤)
≤ 1, we have β

(t+1)
2 > 0 if β(t)

2 > 0. Since β
(0)
2 = δ > 0,

we have shown that β(t)
2 > 0 for all t ≤ t̃. Therefore, Equation (30) becomes

β
(t̃+1)
1 = β

(0)
1 − ηx⊤

1 x2

t̃∑
t=0

(
β
(t)
2 − y2

)
. (31)

Next, we show an upper bound for β(t)
2 . Since β

(t)
1 < 0 and β

(t)
2 > 0 for all t ≤ t̃, we can show

that the gradient update for β(t)
2 satisfies

β
(t)
2 = β

(t−1)
2 − η ∥x2∥22

(
β
(t−1)
2 − y2

)
= β

(t−1)
2 (1− η ∥x2∥22) + η ∥x2∥22 y2

= β
(0)
2 (1− η ∥x2∥22)

t + η ∥x2∥22 y2
t−1∑
k=0

(1− η ∥x2∥22)
k

for all t ≤ t̃. Again, since η ∥x2∥22 < 1, the geometric series yields

t−1∑
k=0

(1− η ∥x2∥22)
k ≤ 1

η ∥x2∥22
,

and therefore, we have

β
(t)
2 ≤ β

(0)
2 (1− η ∥x2∥22)

t + y2. (32)
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Substituting Equation (32) into Equation (31) and using the assumption that x⊤
1 x2 < 0, we obtain

β
(t̃+1)
1 ≤ β

(0)
1 − ηx⊤

1 x2

t̃∑
t=0

β
(0)
2 (1− η ∥x2∥22)

t

≤ β
(0)
1 − x⊤

1 x2

∥x2∥22
β
(0)
2

= −δ +
|x⊤

1 x2|
∥x2∥22

δ < 0,

where the second inequality again follows from the bound on the geometric series, and the last
inequality uses the assumption that |x⊤

1 x2| < ∥x2∥22. This completes the proof of the inductive step
and therefore the proof that β(t)

1 < 0 for all t ≥ 0, implying that gradient descent remains stuck in
a local minimum.

According to Lemma 18, a simple example is given by i.i.d. Gaussian vectors x1,x2 ∼ N (0, I)
for n = 2. By symmetry, the event x⊤

1 x2 < 0 occurs with constant probability. Moreover, in
the high-dimensional regime (d ≫ n), concentration implies that |x⊤

1 x2| < ∥x2∥22 with a high
probability.
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Appendix C. Proofs for the Two ReLU Model (m = 2) Trained with Gradient
Descent

In this section, we present the proofs concerning the behavior of the 2-ReLU model trained with
gradient descent.

C.1. Proof of Lemma 7 (Characterization of w⋆ )

Proof (Lemma 7)
We first show that the feasible set of (8) is nonempty. Define w̃⊕ := X⊤(XX⊤)−1y⊕ and w̃⊖ :=
X⊤(XX⊤)−1y⊖, where we define y⊕,i := max{yi, 0} and y⊖,i := −min{yi, 0}. Then for all
i ∈ [n], we have σ(w̃⊤

⊕xi) − σ(w̃⊤
⊖xi) = σ(y⊕,i) − σ(y⊖,i) = yi. Thus, {w̃⊕, w̃⊖} is feasible,

and the feasible set is nonempty.
Next, we show that any optimal solution of (8) corresponds to an optimal solution of (9). Let

{w⋆
⊕,w

⋆
⊖} be an optimal solution of (8).

Case 1: i ∈ S+ (positive labels)
For i ∈ S+, since σ(w⋆⊤

⊕ xi)− σ(w⋆⊤
⊖ xi) = yi > 0, we have

σ(w⋆⊤
⊕ xi) = yi + σ(w⋆⊤

⊖ xi) ≥ yi > 0.

Hence, w⋆⊤
⊕ xi > 0 and σ(w⋆⊤

⊕ xi) = w⋆⊤
⊕ xi. There are two possible activation patterns:

• If w⋆⊤
⊖ xi ≤ 0, then we have σ(w⋆⊤

⊕ xi)− σ(w⋆⊤
⊖ xi) = w⋆⊤

⊕ xi = yi.

• If w⋆⊤
⊖ xi ≥ 0, then we have σ(w⋆⊤

⊕ xi)− σ(w⋆⊤
⊖ xi) = w⋆⊤

⊕ xi −w⋆⊤
⊖ xi = yi.

(Note that w⋆⊤
⊖ xi = 0 is covered by both cases.)

Case 2: i ∈ S− (negative labels)
For i ∈ S−, since σ(w⋆⊤

⊕ xi)− σ(w⋆⊤
⊖ xi) = yi < 0, we obtain

σ(w⋆⊤
⊖ xi) = −yi + σ(w⋆⊤

⊖ xi) ≥ −yi > 0,

which implies w⋆⊤
⊖ xi > 0 and σ(w⋆⊤

⊖ xi) = w⋆⊤
⊖ xi. Again, two activation patterns are possible:

• If w⋆⊤
⊕ xi ≤ 0, then we have σ(w⋆⊤

⊕ xi)− σ(w⋆⊤
⊖ xi) = −w⋆⊤

⊖ xi = yi.

• If w⋆⊤
⊕ xi ≥ 0, then we have σ(w⋆⊤

⊕ xi)− σ(w⋆⊤
⊖ xi) = w⋆⊤

⊕ xi −w⋆⊤
⊖ xi = yi.

(Note that w⋆⊤
⊕ xi = 0 is covered by both cases.)

Combining the two cases (in total four patterns), there exist disjoint partitions

S1 ∪ S2 = S+, S1 ∩ S2 = ∅, and S3 ∪ S4 = S−, S3 ∩ S4 = ∅,

such that the optimal solution {w⋆
⊕,w

⋆
⊖} satisfies

w⋆⊤
⊕ xi = yi, w⋆⊤

⊖ xi ≤ 0, for all i ∈ S1,

w⋆⊤
⊕ xi −w⋆⊤

⊖ xi= yi, −w⋆⊤
⊖ xi ≤ 0, for all i ∈ S2,

−w⋆⊤
⊖ xi= yi, w⋆⊤

⊕ xi ≤ 0, for all i ∈ S3,

w⋆⊤
⊕ xi −w⋆⊤

⊖ xi= yi,−w⋆⊤
⊕ xi ≤ 0, for all i ∈ S4.
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These constraints are exactly those in (9). Moreover, the feasible set of (9) is a subset of the feasible
set of (8), since every feasible solution of (9) also satisfies the constraints of (8) (the converse need
not hold). Since {w⋆

⊕,w
⋆
⊖} is feasible for both problems and is optimal for the larger feasible

set (8), it must also be optimal for the restricted problem (9).

C.2. Proof of Theorem 8 (High-dimensional Implicit Bias)

In this section, we present the proof of Theorem 8. For the 2-ReLU model (m = 2), the primal-dual
gradient update in (4) simplifies to

(Primal) β
(t+1)
⊕ = β

(t)
⊕ − ηXX⊤D(β

(t)
⊕ )(hΘ(t)(X)− y), (33a)

(Dual) α
(t+1)
⊕ = α

(t)
⊕ − ηD(β

(t)
⊕ )(hΘ(t)(X)− y), (33b)

and

(Primal) β
(t+1)
⊖ = β

(t)
⊖ + ηXX⊤D(β

(t)
⊖ )(hΘ(t)(X)− y), (34a)

(Dual) α
(t+1)
⊖ = α

(t)
⊖ + ηD(β

(t)
⊖ )(hΘ(t)(X)− y). (34b)

Before proceeding to the proof, we again introduce a set of sufficient conditions under which the
signs of the primal variables agree with the signs of the labels times the sign of the ReLU neuron
at iteration t, and moreover, these conditions are preserved at iteration t + 1. We use the results of
Lemma 10 and Lemma 11 again to prove Lemma 19.

Lemma 19 Under Assumptions 1 and 2, suppose the gradient descent step size satisfies η ≤
1

Cg∥λ∥1
. For a 2-ReLU model, if the following eight conditions hold at some iteration t ≥ 0, then

they also hold at iteration t+ 1.

a. β
(t)
⊕,i > 0 for all i ∈ [n] with yi > 0.

b. β
(t)
⊖,j > 0 for all j ∈ [n] with yj < 0.

c. − 3ymax

Cg∥λ∥1
≤ α

(t)
⊕,j ≤ − ymin

Cα∥λ∥1
for all j ∈ [n] with yj < 0.

d. − 3ymax

Cg∥λ∥1
≤ α

(t)
⊖,i ≤ − ymin

Cα∥λ∥1
for all i ∈ [n] with yi > 0.

e.
∥∥∥β(t)

⊕,+ − y+

∥∥∥
2
≤ Cy

∥∥y+

∥∥
2
, and

∥∥∥β(t)
⊖,− + y−

∥∥∥
2
≤ Cy

∥∥y−
∥∥
2
.

f.
∥∥∥α(t)

⊕

∥∥∥
2
≤ Cα

√
nymax

∥λ∥1
and

∥∥∥α(t)
⊖

∥∥∥
2
≤ Cα

√
nymax

∥λ∥1
.

g. β
(t)
⊕,j ≤ 0 for all j ∈ [n] with yj < 0.

h. β
(t)
⊖,i ≤ 0 for all i ∈ [n] with yi > 0.

Consequently, the set of active examples consists exactly of the positively labeled examples for the
positive neuron, and the activation pattern remains unchanged, i.e., D(β

(t)
⊕ ) = D(β

(t+1)
⊕ ). The set

of active examples consists exactly of the negatively labeled examples for the negative neuron, and
the activation pattern remains unchanged, i.e., D(β

(t)
⊖ ) = D(β

(t+1)
⊖ ).
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Proof (Lemma 19) We now verify that these conditions are preserved from iteration t to t+ 1.

Part (a): By conditions (a), (b), (e), (g) and (h) at iteration t, we have∥∥hΘ(t)(X)− y
∥∥2
2
=
∥∥∥σ(β(t)

⊕ )− σ(β
(t)
⊖ )− y

∥∥∥2
2

=

∥∥∥∥σ(β(t)
⊕ )−

[
y+

0

]
− (σ(β

(t)
⊖ ) +

[
0
y−

]
)

∥∥∥∥2
2

=
∥∥∥β(t)

⊕,+ − y+

∥∥∥2
2
+
∥∥∥β(t)

⊖,− + y−

∥∥∥2
2
≤ C2

y ∥y∥
2
2 ,

and therefore,
∥∥hΘ(t)(X)− y

∥∥
2
≤ Cy ∥y∥2. Together with hΘ(t)(xi) = β

(t)
⊕,i and con-

dition (a), the assumptions of Lemma 10 are satisfied for all i with yi > 0. Consequently,
β
(t+1)
⊕,i > 0 for all i ∈ [n] with yi > 0.

Part (b): According to the proof of part (a), we have
∥∥hΘ(t)(X)− y

∥∥
2
≤ Cy ∥y∥2 and

−hΘ(t)(xj) = β
(t)
⊖,j . Together with condition (b), the assumptions of Lemma 10 are

satisfied for all j with yj < 0. Consequently, we have β
(t+1)
⊖,j > 0 for all j ∈ [n] with

yj < 0.

Part (c): According to the dual gradient update in Equation (33b), and using condition (g) at
iteration t, we have:

α
(t+1)
⊕,j = α

(t)
⊕,j for all j ∈ [n] with yj < 0.

Therefore, condition (c) continues to hold at iteration t+ 1.

Part (d): According to the dual gradient update in Equation (34b), and using conditions (h) at
iteration t, we have:

α
(t+1)
⊖,i = α

(t)
⊖,i for all i ∈ [n] with yi > 0.

Therefore, condition (d) continues to hold at iteration t+ 1.

Part (e): By conditions (a), (b), (g), and (h), the gradient update at iteration t for β(t)
⊕ depends

only on the positively labeled examples, and the update for β(t)
⊖ depends only on the

negatively labeled examples. Hence, the gradient update for an individual neuron is
equivalent to gradient descent on a certain linear regression problem. Since the step size
satisfies η ≤ 1

Cg∥λ∥1
, the linear regression squared loss is monotonically nonincreasing

(as in the proof of Lemma 2), and by condition (e) at iteration t, we obtain∥∥∥β(t+1)
⊕,+ − y+

∥∥∥
2
≤
∥∥∥β(t)

⊕,+ − y+

∥∥∥
2
≤ Cy

∥∥y+

∥∥
2
,∥∥∥−β

(t+1)
⊖,− − y−

∥∥∥
2
≤
∥∥∥−β

(t)
⊖,− − y−

∥∥∥
2
≤ Cy

∥∥y−
∥∥
2
,

where we use y+ (y−) to denote the vector of positively labeled (negatively labeled)
examples. Therefore, condition (e) holds at iteration t+ 1.
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Part (f): Following the same argument as in Part (d) of Lemma 17, using conditions (c), (d), and
(e) at iteration t+ 1, together with the eigenvalue bounds from Lemma 12, we have∥∥∥α(t+1)

⊕

∥∥∥
2
≤ Cα

√
nymax

∥λ∥1
,
∥∥∥α(t+1)

⊖

∥∥∥
2
≤ Cα

√
nymax

∥λ∥1
with probability at least 1− 2e−n/Cg . Thus, condition (f) holds at iteration t+ 1.

Part (g): By Lemma 11, since conditions (c) and (f) hold at iteration t + 1, we conclude that
β
(t+1)
⊕,j ≤ 0 for all j ∈ [n] with yj < 0. Thus, condition (g) holds at iteration t+ 1.

Part (h): Similarly, since conditions (d) and (f) hold at iteration t+ 1, we have β
(t+1)
⊖,i ≤ 0 for all

i ∈ [n] with yi > 0. Thus, condition (h) holds at iteration t+ 1.

Equipped with Lemma 19, we are ready to prove Theorem 8.
Proof (Theorem 8) The proof follows a similar structure to that of Theorem 4 for single ReLU
models, but now we must track the dynamics for both w⊕ and w⊖ simultaneously. Equipped with
sufficient conditions under which the activation patterns are preserved in Lemma 19, we verify
these conditions hold after the first gradient step, and use induction to characterize the full gradient
descent dynamics.

We first verify that the iterate at t = 1 satisfies all the sufficient conditions. With the initializa-
tion

w
(0)
⊕ = X⊤

(
XX⊤

)−1
ϵ⊕, w

(0)
⊖ = X⊤

(
XX⊤

)−1
ϵ⊖,

we have β
(0)
⊕ = ϵ⊕ and β

(0)
⊖ = ϵ⊖. By the theorem assumptions, 0 < ϵ⊕,i ≤ 1

2Cα
ymin and

0 < ϵ⊖,i ≤ 1
2Cα

ymin for all i ∈ [n]. Using the primal gradient updates in Equations (33a) and (34a),
we have

β
(1)
⊕ = ϵ⊕ − ηXX⊤D(ϵ⊕)(hΘ(0)(X)− y)

= ϵ⊕ − ηXX⊤D(ϵ⊕)(σ(ϵ⊕)− σ(ϵ⊖)− y)

= ϵ⊕ − ηXX⊤(ϵ⊕ − ϵ⊖ − y), (35)

where the last equality uses the fact that ϵ⊕ > 0 and ϵ⊖ > 0 componentwise, so D(ϵ⊕) = I ,
σ(ϵ⊕) = ϵ⊕, and σ(ϵ⊖) = ϵ⊖. Similarly, we have

β
(1)
⊖ = ϵ⊖ + ηXX⊤D(ϵ⊖)(σ(ϵ⊕)− σ(ϵ⊖)− y)

= ϵ⊖ + ηXX⊤(ϵ⊕ − ϵ⊖ − y). (36)

For the dual variables, we have α
(0)
⊕ = (XX⊤)−1ϵ⊕ and α

(0)
⊖ = (XX⊤)−1ϵ⊖. The dual updates

give:

α
(1)
⊕ = α

(0)
⊕ − ηD(ϵ⊕)(ϵ⊕ − ϵ⊖ − y)

=
(
XX⊤

)−1
ϵ⊕ − η(ϵ⊕ − ϵ⊖ − y)

= η

(
y − ϵ⊕ + ϵ⊖ +

1

η

(
XX⊤

)−1
ϵ⊕

)
,
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and

α
(1)
⊖ = α

(0)
⊖ + ηD(ϵ⊖)(ϵ⊕ − ϵ⊖ − y)

=
(
XX⊤

)−1
ϵ⊖ + η(ϵ⊕ − ϵ⊖ − y)

= η

(
−y + ϵ⊕ − ϵ⊖ +

1

η

(
XX⊤

)−1
ϵ⊖

)
.

We now verify each condition at t = 1.

Part (a): For all i ∈ [n] with yi > 0, we apply Lemma 10. Since β
(0)
⊕,i = ϵ⊕,i > 0, hΘ(0)(xi) =

β
(0)
⊕,i − β

(0)
⊖,i ≤ β

(0)
⊕,i, and∥∥hΘ(0)(X)− y
∥∥
2
= ∥ϵ⊕ − ϵ⊖ − y∥2

≤ ∥ϵ⊕∥2 + ∥ϵ⊖∥2 + ∥y∥2 ≤
√
n

Cα
ymin + ∥y∥2 ≤ Cy ∥y∥2 , (37)

where we have used Cy ≥ 1
Cα

+ 1. We conclude that β(1)
⊕,i > 0 for all i with yi > 0.

Part (b): For all j ∈ [n] with yj < 0, we apply Lemma 10. Since β(0)
⊖,j = ϵ⊖,j > 0, −hΘ(0)(xj) =

−β
(0)
⊕,j+β

(0)
⊖,j ≤ β

(0)
⊖,j , and

∥∥hΘ(0)(X)− y
∥∥
2
≤ Cy ∥y∥2 by Equation (37), we conclude

that β(1)
⊖,j > 0 for all j ∈ [n] with yj < 0.

Part (c): For all j ∈ [n] with yj < 0, we verify that α(1)
⊕,j satisfies the required upper and lower

bounds. For the upper bound, we have

α
(1)
⊕,j = η

(
yj − ϵ⊕,j + ϵ⊖,j +

1

η
e⊤j

(
XX⊤

)−1
ϵ⊕

)
= η

(
yj − ϵ⊕,j + ϵ⊖,j +

1

η
e⊤j

[
1

∥λ∥1
I +

((
XX⊤

)−1
− 1

∥λ∥1
I

)]
ϵ⊕

)
= η

(
yj − ϵ⊕,j + ϵ⊖,j +

ϵ⊕,j

η ∥λ∥1
+

1

η
e⊤j

((
XX⊤

)−1
− 1

∥λ∥1
I

)
ϵ⊕

)
≤ η

(
yj + ϵ⊖,j +

ϵ⊕,j

η ∥λ∥1
+

1

η

∥∥∥∥(XX⊤
)−1

− 1

∥λ∥1
I

∥∥∥∥
2

∥ϵ⊕∥2
)
,

where the inequality drops the negative term −ϵ⊕,j . By Corollary 14, we have∥∥∥∥(XX⊤
)−1

− 1

∥λ∥1
I

∥∥∥∥
2

≤ CgC

∥λ∥1
·max

(√
n

d2
,
n

d∞

)
,

with probability at least 1− 2 exp(−n(Cc− ln 9)). Moreover, by the theorem assump-
tions, ϵ⊕,j ≤ 1

2Cα
ymin, ϵ⊖,j ≤ 1

2Cα
ymin, and 1

η ≤ CCg ∥λ∥1. Combining these bounds
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yields

α
(1)
⊕,j ≤

1

CCg ∥λ∥1

(
− ymin +

1

2Cα
ymin +

CCg

2Cα
ymin

+ C2C2
g ·max

(√
n

d2
,
n

d∞

)
·
√
n

2Cα
ymin

)
≤ 1

CCg ∥λ∥1

(
−ymin +

1

2Cα
ymin +

CCg

2Cα
ymin + C2C2

g · ymin

C0ymax
· 1

2Cα
ymin

)
= − ymin

Cα ∥λ∥1

(
Cα

CCg
− 1

2CCg
− 1

2
− CCgymin

2C0ymax

)
≤ − ymin

Cα ∥λ∥1
. (38)

The second inequality follows from d2 ≥ C2
0
n2y2max

y2min
and d∞ ≥ C0

n1.5ymax

ymin
in Assump-

tion 2, and the last inequality follows the relationship between constants C0 ≳ C2
α and

Cα ≳ max{C2
g , CyCg}. For the lower bound, we have

α
(1)
⊕,j = η

(
yj − ϵ⊕,j + ϵ⊖,j +

ϵ⊕,j

η ∥λ∥1
+

1

η
e⊤j

((
XX⊤

)−1
− 1

∥λ∥1
I

)
ϵ⊕

)
≥ η

(
−ymax − ϵ⊕,j −

1

η

∥∥∥∥(XX⊤
)−1

− 1

∥λ∥1
I

∥∥∥∥
2

∥ϵ⊕∥2
)

≥ 1

Cg ∥λ∥1

(
−ymax −

1

2Cα
ymin − C2C2

g ·max

(√
n

d2
,
n

d∞

)
·
√
n

2Cα
ymin

)
≥ 1

Cg ∥λ∥1

(
−ymax −

1

2Cα
ymin − C2C2

g · ymin

C0ymax
· 1

2Cα
ymin

)
≥ − 3ymax

Cg ∥λ∥1
, (39)

by the same arguments. Thus, α(1)
⊕,j satisfies both the required upper and lower bounds

for all j with yj < 0.

Part (d): For all i ∈ [n] with yi > 0, we verify that α(1)
⊖,i satisfies the required bounds in the

approach analogous to Part (c). For the upper bound, we have

α
(1)
⊖,i = η

(
−yi + ϵ⊕,i − ϵ⊖,i +

1

η
e⊤i

(
XX⊤

)−1
ϵ⊖

)
= η

(
−yi + ϵ⊕,i − ϵ⊖,i +

1

η
e⊤i

[
1

∥λ∥1
I +

((
XX⊤

)−1
− 1

∥λ∥1
I

)]
ϵ⊖

)
= η

(
−yi + ϵ⊕,i − ϵ⊖,i +

ϵ⊖,i

η ∥λ∥1
+

1

η
e⊤i

((
XX⊤

)−1
− 1

∥λ∥1
I

)
ϵ⊖

)
≤ η

(
−yi + ϵ⊕,i +

ϵ⊖,i

η ∥λ∥1
+

1

η

∥∥∥∥(XX⊤
)−1

− 1

∥λ∥1
I

∥∥∥∥
2

∥ϵ⊖∥2
)
,
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where the inequality drops the negative term −ϵ⊖,i. Applying the upper bound in
Corollary 14 and the theorem assumptions ϵ⊕,i ≤ 1

2Cα
ymin, ϵ⊖,i ≤ 1

2Cα
ymin, and

1
η ≤ CCg ∥λ∥1, we have

α
(1)
⊖,i ≤

1

CCg ∥λ∥1

(
− ymin +

1

2Cα
ymin +

CCg

2Cα
ymin

+ C2C2
g ·max

(√
n

d2
,
n

d∞

)
·
√
n

2Cα
ymin

)
≤ − ymin

Cα ∥λ∥1
,

where the second inequality follows the argument used in Equation (38). For the lower
bound, following the same argument as in Part (c), we have

α
(1)
⊖,i = η

(
−yi + ϵ⊕,i − ϵ⊖,i +

ϵ⊖,i

η ∥λ∥1
+

1

η
e⊤i

((
XX⊤

)−1
− 1

∥λ∥1
I

)
ϵ⊖

)
≥ η

(
−ymax − ϵ⊖,i −

1

η

∥∥∥∥(XX⊤
)−1

− 1

∥λ∥1
I

∥∥∥∥
2

∥ϵ⊖∥2
)

≥ 1

Cg ∥λ∥1

(
−ymax −

1

2Cα
ymin − C2C2

g ·max

(√
n

d2
,
n

d∞

)
·
√
n

2Cα
ymin

)
≥ − 3ymax

Cg ∥λ∥1
,

where the last inequality follows follows the argument used in Equation (39). Thus, α(1)
⊖,i

satisfies both bounds for all i with yi > 0.

Part (e): We verify that the primal variables β
(1)
⊕ corresponding to positively labeled examples

minus y+ satisfy the norm bound. Specifically, we show that
∥∥∥β(1)

⊕,+ − y+

∥∥∥2
2
≤ C2

y

∥∥y+

∥∥2
2
.

According to Equation (35), we have∥∥∥β(1)
⊕,+ − y+

∥∥∥2
2
=
∑
i:yi>0

(
β
(1)
⊕,i − yi

)2

=
∑
i:yi>0

ϵ⊕,i − ηe⊤i XX⊤ (ϵ⊕ − ϵ⊖ − y)− yi︸ ︷︷ ︸
=:Ti


2

. (40)

Next, we bound the term Ti := ϵ⊕,i − ηe⊤i XX⊤ (ϵ⊕ − ϵ⊖ − y) − yi for all i ∈ [n]
with yi > 0. We have

Ti = ϵ⊕,i − ηe⊤i XX⊤ (ϵ⊕ − ϵ⊖ − y)− yi

= (ϵ⊕,i − yi)− ηe⊤i

[
∥λ∥1 I +

(
XX⊤ − ∥λ∥1 I

)]
(ϵ⊕ − ϵ⊖ − y)

= (1− η ∥λ∥1)ϵ⊕,i + η ∥λ∥1 ϵ⊖,i − (1− η ∥λ∥1)yi

− ηe⊤i

(
XX⊤ − ∥λ∥1 I

)
(ϵ⊕ − ϵ⊖ − y) .
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Since the step size assumption guarantees that 1
CCg∥λ∥1

≤ η ≤ 1
Cg∥λ∥1

, and ϵ⊕,i, ϵ⊖,i ≤
1

2Cα
ymin, we have

(1− η ∥λ∥1)ϵ⊕,i + η ∥λ∥1 ϵ⊖,i − (1− η ∥λ∥1)yi
≤ ϵ⊕,i + η ∥λ∥1 ϵ⊖,i − (1− η ∥λ∥1)yi

≤
(
1 +

1

Cg

)
1

2Cα
ymin −

(
1− 1

Cg

)
ymin

< 0,

with Cα ≳ C2
g . Hence, in order to upper bound T 2

i , it suffices to find the lower bound
for Ti. We have

Ti = (1− η ∥λ∥1)ϵ⊕,i + η ∥λ∥1 ϵ⊖,i − (1− η ∥λ∥1)yi

− ηe⊤i

(
XX⊤ − ∥λ∥1 I

)
(ϵ⊕ − ϵ⊖ − y)

≥ −yi − η
∥∥∥XX⊤ − ∥λ∥1 I

∥∥∥
2
∥ϵ⊕ − ϵ⊖ − y∥2 ,

where the inequality drops the positive terms (1−η ∥λ∥1)ϵ⊕,i, η ∥λ∥1 ϵ⊖,i, and η ∥λ∥1 yi.
We again upper bound

∥∥XX⊤ − ∥λ∥1 I
∥∥
2

by Corollary 14. With probability at least
1− 2 exp(−n(Cc− ln 9)), we have

Ti ≥ −yi − η · C ∥λ∥1 ·max

(√
n

d2
,
n

d∞

)
∥ϵ⊕ − ϵ⊖ − y∥2

≥ −yi −
C

Cg
·max

(√
n

d2
,
n

d∞

)
∥ϵ⊕ − ϵ⊖ − y∥2 ,

by applying η ≤ 1
Cg∥λ∥1

. Finally, we apply the upper bounds for ∥ϵ⊕∥2, ∥ϵ⊖∥2 and

∥y∥2, and Assumption 2 ensures that d2 ≥ C2
0
n2y2max

y2min
and d∞ ≥ C0

n1.5ymax

ymin
. We have

Ti ≥ −yi −
C

Cg
max

(√
n

d2
,
n

d∞

)(√
n

Cα
ymin +

√
nymax

)
≥ −yi −

Cymin

CgC0ymax

(
1

Cα
ymin + ymax

)
≥ −yi

(
1 +

2C

CgC0

)
≥ −Cyyi,

with the choice of Cy ≥ 2. Substituting T 2
i ≤ C2

yy
2
i into Equation (40), we have∥∥∥β(1)

⊕,+ − y+

∥∥∥2
2
≤
∑
i:yi>0

C2
yy

2
i = C2

y

∥∥y+

∥∥2
2
.

As a result, we conclude that
∥∥∥β(1)

⊕,+ − y+

∥∥∥
2
≤ Cy

∥∥y+

∥∥
2

as required. The same

derivation holds for
∥∥∥β(1)

⊖,− + y−

∥∥∥
2
≤ Cy

∥∥y−
∥∥
2

by an analogous argument. Therefore,
condition (e) holds at t = 1.
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Part (f): We verify the norm bounds on the dual variables. By the triangle inequality, we have∥∥∥α(1)
⊕

∥∥∥
2
=

∥∥∥∥η(y − ϵ⊕ + ϵ⊖ +
1

η

(
XX⊤

)−1
ϵ⊕

)∥∥∥∥
2

≤ η

(
∥y∥2 + ∥ϵ⊕∥2 + ∥ϵ⊖∥2 +

1

η

∥∥∥∥(XX⊤
)−1

∥∥∥∥
2

∥ϵ⊕∥2
)
.

Using ∥y∥2 ≤
√
nymax, ∥ϵ⊕∥2 , ∥ϵ⊖∥2 ≤

√
n

2Cα
ymin,

∥∥∥(XX⊤)−1
∥∥∥
2

≤ Cg

∥λ∥1
, and

1
CCg∥λ∥1

≤ η ≤ 1
Cg∥λ∥1

, we have∥∥∥α(1)
⊕

∥∥∥
2
≤ 1

Cg ∥λ∥1

(√
nymax +

√
n

Cα
ymin + CCg ∥λ∥1 ·

Cg

∥λ∥1
·
√
n

Cα
ymin

)
≤ 1

Cg ∥λ∥1

(
3
√
nymax

)
≤ Cα

√
nymax

∥λ∥1
,

with Cα ≳ max{C2
g , CyCg}. The same bound holds for

∥∥∥α(1)
⊖

∥∥∥
2
. Thus, condition (f)

holds at t = 1.

Part (g): Since we have shown that α(1)
⊕,j ≤ − ymin

Cα∥λ∥1
and

∥∥∥α(1)
⊕

∥∥∥
2
≤ Cα

√
nymax

∥λ∥1
for all j ∈ [n]

with yj < 0, it follows from Lemma 11 that β(1)
⊕,j ≤ 0 for all j ∈ [n] with yj < 0.

Part (h): Similarly, since we have shown that α(1)
⊖,i ≤ − ymin

Cα∥λ∥1
and

∥∥∥α(1)
⊖

∥∥∥
2
≤ Cα

√
nymax

∥λ∥1
for all

i ∈ [n] with yi > 0, it follows from Lemma 11 that β(1)
⊖,i ≤ 0 for all i ∈ [n] with yi > 0.

We have shown that at iteration t = 1 the conditions in Lemma 19 are satisfied, and by induction,
these conditions will also hold for t ≥ 1. As a result, the positive neuron w⊕ is trained with only
positive examples starting from the iteration t = 1, and it is equivalent to linear regression using
only positive examples with initialization w

(1)
⊕ = ηX⊤

(
y− ϵ⊕ + ϵ⊖ + 1

η (XX⊤)−1ϵ⊕

)
. Finally,

since w⊕ and w⊖ are trained on disjoint subsets of examples, w(∞)
⊕ satisfies

w
(∞)
⊕ = argmin

w∈{w:X+w=y+}

∥∥∥w −w
(1)
⊕

∥∥∥
2
,

by Lemma 2. The same arguments apply to the negative neuron w⊖ as well. This completes the
proof of Theorem 8.

C.3. Proof of Theorem 9 (Implicit Bias Approximation to w⋆)

Proof (Theorem 9) We divide the proof into four steps, and formally show the result for w⋆
⊕. The

result for w⋆
⊖ follows an identical series of steps. In the first step, we derive an upper bound for∥∥α⋆

⊕
∥∥
2

and
∥∥α⋆

⊖
∥∥
2

where w⋆
⊕ := X⊤α⋆

⊕ and w⋆
⊖ := X⊤α⋆

⊖, by using the optimality of the ob-
jective function in (8). In the second step, we use the KKT conditions of (9) to find a representation
of {w⋆

⊕,w
⋆
⊖}. In Steps 3 and 4, we derive the corresponding upper bound and lower bound.
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Step 1: Upper bounds for
∥∥α⋆

⊕
∥∥
2

and
∥∥α⋆

⊖
∥∥
2
.

{w⋆
⊕,w

⋆
⊖} is the optimal solution to (8) and it achieves the minimum objective in (8). In the

proof of Lemma 7, we introduce {w̃⊕, w̃⊖} which is also a feasible solution to (8), where w̃⊕ :=
X⊤(XX⊤)−1y⊕ and w̃⊖ := X⊤(XX⊤)−1y⊖, with y⊕,i = max{yi, 0} and y⊖,i = −min{yi, 0}.
Therefore, by the optimality of {w⋆

⊕,w
⋆
⊖} in the objective, we have

∥∥w⋆
⊕
∥∥2
2
+
∥∥w⋆

⊖
∥∥2
2
= α⋆⊤

⊕ XX⊤α⋆
⊕ +α⋆⊤

⊖ XX⊤α⋆
⊖

≤ ∥w̃⊕∥22 + ∥w̃⊖∥22

= y⊤
⊕

(
XX⊤

)−1
y⊕ + y⊤

⊖

(
XX⊤

)−1
y⊖

≤
∥∥∥∥(XX⊤

)−1
∥∥∥∥
2

∥∥y⊕
∥∥2
2
+

∥∥∥∥(XX⊤
)−1

∥∥∥∥
2

∥∥y⊖
∥∥2
2

≤ 2Cgny
2
max

∥λ∥1
,

where the last inequality uses Lemma 12 with probability at least 1 − 2e−n/Cg , and we have
max{

∥∥y⊕
∥∥2
2
,
∥∥y⊖

∥∥2
2
} ≤ ∥y∥22 ≤ ny2max. Therefore, we have

λn(XX⊤)
∥∥α⋆

⊕
∥∥2
2
≤ α⋆⊤

⊕ XX⊤α⋆
⊕

≤ α⋆⊤
⊕ XX⊤α⋆

⊕ +α⋆⊤
⊖ XX⊤α⋆

⊖

≤ 2Cgny
2
max

∥λ∥1
.

As a result, we have
∥∥α⋆

⊕
∥∥
2
≤

√
2Cg

√
nymax

∥λ∥1
. This bound applies to

∥∥α⋆
⊖
∥∥
2

as well via an identical
argument.

Step 2: KKT conditions of {w⋆
⊕,w

⋆
⊖} by Lemma 7.

Based on Lemma 7, the optimal solution {w⋆
⊕,w

⋆
⊖} of (8) is also the optimal solution of a convex

program (9). Hence, we restate the convex program in (9) below

w⋆
⊕,w

⋆
⊖ = argmin

w⊕,w⊖

1

2
∥w⊕∥22 +

1

2
∥w⊖∥22

s.t. w⊤
⊕xi = yi, w⊤

⊖xi ≤ 0, for all i ∈ S1,

w⊤
⊕xi −w⊤

⊖xi= yi, −w⊤
⊖xi ≤ 0, for all i ∈ S2,

−w⊤
⊖xi= yi, w⊤

⊕xi ≤ 0, for all i ∈ S3,

w⊤
⊕xi −w⊤

⊖xi= yi,−w⊤
⊕xi ≤ 0, for all i ∈ S4.
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The Lagrange function in terms of δ ∈ Rn and non-negative µ ∈ Rn
+ is given by

L =
1

2
∥w⊕∥22 +

1

2
∥w⊖∥22 +

∑
i∈S1

δi

(
w⊤

⊕xi − yi

)
+
∑
i∈S1

µi

(
w⊤

⊖xi

)
+
∑
i∈S2

δi

(
w⊤

⊕xi −w⊤
⊖xi − yi

)
−
∑
i∈S2

µi

(
w⊤

⊖xi

)
+
∑
i∈S3

δi

(
−w⊤

⊖xi − yi

)
+
∑
i∈S3

µi

(
w⊤

⊕xi

)
+
∑
i∈S4

δi

(
w⊤

⊕xi −w⊤
⊖xi − yi

)
−
∑
i∈S4

µi

(
w⊤

⊕xi

)
.

The KKT conditions are given below.
Stationarity:

∂L
∂w⊕

= w⋆
⊕ +

∑
i∈S1

δ⋆i xi +
∑
i∈S2

δ⋆i xi +
∑
i∈S3

µ⋆
ixi +

∑
i∈S4

(δ⋆i − µ⋆
i )xi = 0,

∂L
∂w⊖

= w⋆
⊖ +

∑
i∈S1

µ⋆
ixi −

∑
i∈S2

(δ⋆i + µ⋆
i )xi −

∑
i∈S3

δ⋆i xi −
∑
i∈S4

δ⋆i xi = 0,

⇔ w⋆
⊕ = −

∑
i∈S1

δ⋆i xi −
∑
i∈S2

δ⋆i xi −
∑
i∈S3

µ⋆
ixi +

∑
i∈S4

(−δ⋆i + µ⋆
i )xi, (41)

w⋆
⊖ = −

∑
i∈S1

µ⋆
ixi +

∑
i∈S2

(δ⋆i + µ⋆
i )xi +

∑
i∈S3

δ⋆i xi +
∑
i∈S4

δ⋆i xi. (42)

Primal feasibility:

w⋆⊤
⊕ xi = yi, w⋆⊤

⊖ xi ≤ 0, for all i ∈ S1,

w⋆⊤
⊕ xi −w⋆⊤

⊖ xi= yi, −w⋆⊤
⊖ xi ≤ 0, for all i ∈ S2,

−w⋆⊤
⊖ xi= yi, w⋆⊤

⊕ xi ≤ 0, for all i ∈ S3,

w⋆⊤
⊕ xi −w⋆⊤

⊖ xi= yi,−w⋆⊤
⊕ xi ≤ 0, for all i ∈ S4.

Dual feasibility:

δ⋆i ∈ R, for all i ∈ [n],

µ⋆
i ≥ 0, for all i ∈ [n].

Complementary slackness:∑
i∈S1

µ⋆
i

(
w⋆⊤

⊖ xi

)
+
∑
i∈S2

µ⋆
i

(
−w⋆⊤

⊖ xi

)
+
∑
i∈S3

µ⋆
i

(
w⋆⊤

⊕ xi

)
+
∑
i∈S4

µ⋆
i

(
−w⋆⊤

⊕ xi

)
= 0.

Note that the representation of w⋆
⊕ and w⋆

⊖ shares the parameters {δ⋆i : i ∈ S2 ∪ S4}. As a result,
since we define w⋆

⊕ = X⊤α⋆
⊕ and w⋆

⊖ = X⊤α⋆
⊖, we can write α⋆

⊕,i and α⋆
⊖,i in terms of δi and

µi for all i ∈ [n] by Equations (41) and (42) as

α⋆
⊕,i =


−δ⋆i ∀i ∈ S1

−δ⋆i ∀i ∈ S2

−µ⋆
i ∀i ∈ S3

−δ⋆i + µ⋆
i ∀i ∈ S4

, and α⋆
⊖,i =


−µ⋆

i ∀i ∈ S1

δ⋆i + µ⋆
i ∀i ∈ S2

δ⋆i ∀i ∈ S3

δ⋆i ∀i ∈ S4

.
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Step 3: Upper bound for
∥∥∥w(∞)

⊕ −w⋆
⊕

∥∥∥
2
.

We now generalize the proof of Theorem 6. We first relate the distance between the predictors w(∞)
⊕

and w⋆
⊕ to the distance in their predictions, i.e.,

∥∥∥Xw
(∞)
⊕ −Xw⋆

⊕

∥∥∥
2
. Since both vectors lie in the

span of the data {xi}ni=1, their difference has no component in the null space corresponding to the
smallest d− n eigenvalues of X⊤X . Therefore, we have∥∥∥Xw

(∞)
⊕ −Xw⋆

⊕

∥∥∥2
2
=
∥∥∥X (

w
(∞)
⊕ −w⋆

⊕

)∥∥∥2
2
≥ µn(X

⊤X)
∥∥∥w(∞)

⊕ −w⋆
⊕

∥∥∥2
2

= µn(XX⊤)
∥∥∥w(∞)

⊕ −w⋆
⊕

∥∥∥2
2
. (43)

As a result, to derive an upper bound for
∥∥∥w(∞)

⊕ −w⋆
⊕

∥∥∥
2
, it suffices to upper bound the distance

between their predictions
∥∥∥Xw

(∞)
⊕ −Xw⋆

⊕

∥∥∥
2
. We begin with analyzing w

(∞)
⊕ . By Theorem 8,

w
(∞)
⊕ satisfies the following

w
(∞)⊤
⊕ xi = yi for all yi > 0, (44a)

α
(∞)
⊕,j = α

(1)
⊕,j = η(yj − ϵ⊕,j + ϵ⊖,j +

1

η
e⊤j

(
XX⊤

)−1
ϵ⊕) for all yj < 0, (44b)

and also all the conditions in Lemma 19.
We know that w(∞)⊤

⊕ xi = w⋆⊤
⊕ xi = yi for all i ∈ S1, and w

(∞)⊤
⊕ xi = yi and w⋆⊤

⊕ xi =
yi +w⋆⊤

⊖ xi for all i ∈ S2. Therefore, we can write∥∥∥Xw
(∞)
⊕ −Xw⋆

⊕

∥∥∥2
2

=
n∑

i=1

(
w

(∞)⊤
⊕ xi −w⋆⊤

⊕ xi

)2
=
∑
i∈S2

(
−w⋆⊤

⊖ xi

)2
+
∑
i∈S3

(
w

(∞)⊤
⊕ xi −w⋆⊤

⊕ xi

)2
+
∑
i∈S4

(
w

(∞)⊤
⊕ xi −w⋆⊤

⊕ xi

)2
. (45)

We start with upper bounding the term (−w⋆⊤
⊖ xi)

2 for all i ∈ S2. For i ∈ S2, by the complementary
slackness, we either have −w⋆⊤

⊖ xi = 0 with µ⋆
i ≥ 0 or −w⋆⊤

⊖ xi ≤ 0 with µ⋆
i = 0. In the

first case, we have (−w⋆⊤
⊖ xi)

2 = 0. In the second case, we define S̃2 ⊆ S2 such that µ⋆
i = 0

and −w⋆⊤
⊖ xi ≤ 0 for all i ∈ S̃2, and we will show that S̃2 is empty with probability at least

1− 2 exp(−n(Cc− ln 9)). Since w⋆⊤
⊕ xi −w⋆⊤

⊖ xi = yi for all i ∈ S̃2 ⊆ S2, we have

yi = w⋆⊤
⊕ xi −w⋆⊤

⊖ xi = e⊤i XX⊤ (α⋆
⊕ −α⋆

⊖
)

= ∥λ∥1 (−2δ⋆i − µ⋆
i︸︷︷︸

=0

) + e⊤i (XX⊤ − ∥λ∥1 I)
(
α⋆

⊕ −α⋆
⊖
)
.

The, for all i ∈ S̃2, we have

δ⋆i =
yi − e⊤i (XX⊤ − ∥λ∥1 I)

(
α⋆

⊕ −α⋆
⊖
)

−2 ∥λ∥1
.
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Based on this representation of δ⋆i , for all i ∈ S̃2, we have

w⋆⊤
⊖ xi = e⊤i XX⊤α⋆

⊖

= ∥λ∥1 (δ
⋆
i ) + e⊤i

(
XX⊤ − ∥λ∥1 I

)
α⋆

⊖

= −yi
2
+

1

2
e⊤i

(
XX⊤ − ∥λ∥1 I

) (
α⋆

⊕ +α⋆
⊖
)

≤ −yi
2
+

1

2

∥∥∥XX⊤ − ∥λ∥1 I
∥∥∥
2

(∥∥α⋆
⊕
∥∥
2
+
∥∥α⋆

⊖
∥∥
2

)
≤ ∥λ∥1

[
− yi
2 ∥λ∥1

+
1

2
C ·max

(√
n

d2
,
n

d∞

)
· 2

√
2Cg

√
nymax

∥λ∥1

]

≤ ∥λ∥1

[
− ymin

2 ∥λ∥1
+

1

2
C · ymin

C0ymax
· 2

√
2Cgymax

∥λ∥1

]
< 0,

where the inequalities above apply Corollary 14 and the upper bound of
∥∥α⋆

⊕
∥∥
2
,
∥∥α⋆

⊖
∥∥
2

from Step

1, and substitute d2 ≥ C2
0
n2y2max

y2min
and d∞ ≥ C0

n1.5ymax

ymin
in Assumption 2 with C0 ≳ C2

α and Cα ≳

max{C2
g , CyCg}. However, w⋆⊤

⊖ xi < 0 contradicts with the condition −w⋆⊤
⊖ xi ≤ 0 for i ∈ S̃2.

Therefore, S̃2 = ∅. By combining these two cases, we conclude that
∑

i∈S2

(
−w⋆⊤

⊖ xi

)2
= 0.

Next, we upper bound the term
(
w

(∞)⊤
⊕ xi −w⋆⊤

⊕ xi

)2
for all i ∈ S3. We know that w(∞)⊤

⊕ xi <

0 in Theorem 8. For w⋆⊤
⊕ xi with i ∈ S3, by the complementary slackness, we either have

w⋆⊤
⊕ xi = 0 with µ⋆

i ≥ 0 or µ⋆
i = 0 with w⋆⊤

⊕ xi ≤ 0. In the first case, w⋆⊤
⊕ xi = 0, we have

w
(∞)⊤
⊕ xi −w⋆⊤

⊕ xi = w
(∞)⊤
⊕ xi

= e⊤i XX⊤α
(∞)
⊕

= e⊤i

[
∥λ∥1 I +

(
XX⊤ − ∥λ∥1 I

)]
α

(∞)
⊕

= ∥λ∥1 α
(∞)
⊕,i + e⊤i

(
XX⊤ − ∥λ∥1 I

)
α

(∞)
⊕

≥ ∥λ∥1 α
(∞)
⊕,i −

∥∥∥XX⊤ − ∥λ∥1 I
∥∥∥
2

∥∥∥α(∞)
⊕

∥∥∥
2

≥ ∥λ∥1
[
α
(∞)
⊕,i − C ·max

(√
n

d2
,
n

d∞

)∥∥∥α(∞)
⊕

∥∥∥
2

]
,

where the last inequality applies Corollary 14. Substituting the bounds of α(∞)
⊕,i and

∥∥∥α(∞)
⊕

∥∥∥
2

from
Lemma 19, we have

w
(∞)⊤
⊕ xi −w⋆⊤

⊕ xi ≥ ∥λ∥1
[
− 3ymax

Cg ∥λ∥1
− C ·max

(√
n

d2
,
n

d∞

)
Cαymax

∥λ∥1

]
≥ ∥λ∥1

[
− 3ymax

Cg ∥λ∥1
− C · ymin

C0ymax

Cαymax

∥λ∥1

]
≥ − 4

Cg
ymax,
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where the inequalities substitute d2 ≥ C2
0
n2y2max

y2min
and d∞ ≥ C0

n1.5ymax

ymin
in Assumption 2 with

C0 ≳ C2
α and Cα ≳ max{C2

g , CyCg}. In the second case, α⋆
⊕,i = −µ⋆

i = 0 for i ∈ S3, we have

w
(∞)⊤
⊕ xi−w⋆⊤

⊕ xi

= e⊤i XX⊤
(
α

(∞)
⊕ −α⋆

⊕

)
= e⊤i

[
∥λ∥1 I +

(
XX⊤ − ∥λ∥1 I

)](
α

(∞)
⊕ −α⋆

⊕

)
= ∥λ∥1 α

(∞)
⊕,i + e⊤i

(
XX⊤ − ∥λ∥1 I

)(
α

(∞)
⊕ −α⋆

⊕

)
≥ ∥λ∥1 α

(∞)
⊕,i −

∥∥∥XX⊤ − ∥λ∥1 I
∥∥∥
2

(∥∥∥α(∞)
⊕

∥∥∥
2
+
∥∥α⋆

⊕
∥∥
2

)
≥ ∥λ∥1

[
− 3ymax

Cg ∥λ∥1
− C ·max

(√
n

d2
,
n

d∞

)(
Cα

√
nymax

∥λ∥1
+

√
2Cg

√
nymax

∥λ∥1

)]

≥ ∥λ∥1

[
− 3ymax

Cg ∥λ∥1
− C · ymin

C0ymax

(
Cαymax

∥λ∥1
+

√
2Cgymax

∥λ∥1

)]
≥ − 4

Cg
ymax,

by applying the same argument and the upper bound from Step 1 that
∥∥α⋆

⊕
∥∥
2
≤

√
2Cg

√
nymax

∥λ∥1
.

Therefore, we have
(
w

(∞)⊤
⊕ xi −w⋆⊤

⊕ xi

)2
≤ 16

C2
g
y2max for all i ∈ S3.

Next, we upper bound the term
(
w

(∞)⊤
⊕ xi −w⋆⊤

⊕ xi

)2
for all i ∈ S4 in a similar way com-

pared to S2. For i ∈ S4, by the complementary slackness, we either have −w⋆⊤
⊕ xi = 0 with

µ⋆
i ≥ 0 or −w⋆⊤

⊕ xi ≤ 0 with µ⋆
i = 0. In the first case, (−w⋆⊤

⊖ xi)
2 = 0, and we have(

w
(∞)⊤
⊕ xi −w⋆⊤

⊕ xi

)2
=
(
w

(∞)⊤
⊕ xi

)2
. Therefore, we can reuse the upper bound we derived

in S3 such that 0 ≥ w
(∞)⊤
⊕ xi ≥ − 4

Cg
ymax. In the second case, we define S̃4 ⊆ S4 such that

µ⋆
i = 0 and −w⋆⊤

⊕ xi ≤ 0 for all i ∈ S̃4, and we will show that S̃4 is empty with probability at least
1− 2 exp(−n(Cc− ln 9)). Since w⋆⊤

⊕ xi −w⋆⊤
⊖ xi = yi for all i ∈ S̃4 ⊆ S4, we have

yi = w⋆⊤
⊕ xi −w⋆⊤

⊖ xi = e⊤i XX⊤ (α⋆
⊕ −α⋆

⊖
)

= ∥λ∥1 (−2δ⋆i + µ⋆
i︸︷︷︸

=0

) + e⊤i (XX⊤ − ∥λ∥1 I)
(
α⋆

⊕ −α⋆
⊖
)
.

For all i ∈ S̃4, we have

δ⋆i =
yi − e⊤i (XX⊤ − ∥λ∥1 I)

(
α⋆

⊕ −α⋆
⊖
)

−2 ∥λ∥1
.
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Based on this representation of δ⋆i , for all i ∈ S̃4, we have

w⋆⊤
⊕ xi = e⊤i XX⊤α⋆

⊕

= ∥λ∥1 (−δ⋆i ) + e⊤i

(
XX⊤ − ∥λ∥1 I

)
α⋆

⊕

=
yi
2
+

1

2
e⊤i

(
XX⊤ − ∥λ∥1 I

) (
α⋆

⊕ +α⋆
⊖
)

≤ yi
2
+

1

2

∥∥∥XX⊤ − ∥λ∥1 I
∥∥∥
2

(∥∥α⋆
⊕
∥∥
2
+
∥∥α⋆

⊖
∥∥
2

)
≤ ∥λ∥1

[
yi

2 ∥λ∥1
+

1

2
C ·max

(√
n

d2
,
n

d∞

)
· 2

√
2Cg

√
nymax

∥λ∥1

]

≤ ∥λ∥1

[
− ymin

2 ∥λ∥1
+

1

2
C · ymin

C0ymax
· 2

√
2Cgymax

∥λ∥1

]
< 0,

where the inequalities apply Corollary 14 and the upper bound of
∥∥α⋆

⊕
∥∥
2

in Step 1, and substitute

d2 ≥ C2
0
n2y2max

y2min
and d∞ ≥ C0

n1.5ymax

ymin
in Assumption 2 with C0 ≳ C2

α and Cα ≳ max{C2
g , CyCg}.

However, w⋆⊤
⊕ xi < 0 contradicts with the condition −w⋆⊤

⊕ xi ≤ 0 for i ∈ S̃4. Therefore, S̃4 = ∅.

By combining these two cases, we have
∑

i∈S4

(
w

(∞)⊤
⊕ xi −w⋆⊤

⊕ xi

)2
=
∑

i∈S4

(
w

(∞)⊤
⊕ xi

)2
≤∑

i∈S4

16
C2

g
y2max.

Substituting the upper bounds into Equation (45) gives us

∥∥∥Xw(∞) −Xw⋆
∥∥∥2
2

=
∑
i∈S2

(
−w⋆⊤

⊖ xi

)2
+
∑
i∈S3

(
w

(∞)⊤
⊕ xi −w⋆⊤

⊕ xi

)2
+
∑
i∈S4

(
w

(∞)⊤
⊕ xi −w⋆⊤

⊕ xi

)2
≤
∑
i∈S3

16

C2
g

y2max +
∑
i∈S4

16

C2
g

y2max

=
16

C2
g

n−y
2
max. (46)

Finally, putting together Equation (43) and (46), we have

∥∥∥w(∞) −w⋆
∥∥∥2
2
≤
∥∥Xw(∞) −Xw⋆

∥∥2
2

µn(XX⊤)
≤ 16n−y

2
max

Cg ∥λ∥1
,

which completes the proof of the upper bound.

Step 4: Lower bound for
∥∥∥w(∞)

⊕ −w⋆
⊕

∥∥∥
2
.

Now, we derive the lower bound of
∥∥∥w(∞)

⊕ −w⋆
⊕

∥∥∥
2

in a similar approach. We again start with the
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prediction distance∥∥∥Xw
(∞)
⊕ −Xw⋆

⊕

∥∥∥2
2
=
∥∥∥X (

w
(∞)
⊕ −w⋆

⊕

)∥∥∥2
2
≤ µ1(X

⊤X)
∥∥∥w(∞)

⊕ −w⋆
⊕

∥∥∥2
2

= µ1(XX⊤)
∥∥∥w(∞)

⊕ −w⋆
⊕

∥∥∥2
2
. (47)

Therefore, it suffices to lower bound
∥∥∥Xw

(∞)
⊕ −Xw⋆

⊕

∥∥∥
2

to get the lower bound of
∥∥∥w(∞)

⊕ −w⋆
⊕

∥∥∥
2
.

By Equation (45), we have∥∥∥Xw
(∞)
⊕ −Xw⋆

⊕

∥∥∥2
2

=
∑
i∈S2

(
−w⋆⊤

⊖ xi

)2
+
∑
i∈S3

(
w

(∞)⊤
⊕ xi −w⋆⊤

⊕ xi

)2
+
∑
i∈S4

(
w

(∞)⊤
⊕ xi −w⋆⊤

⊕ xi

)2
≥
∑
i∈S3

(
w

(∞)⊤
⊕ xi −w⋆⊤

⊕ xi

)2
+
∑
i∈S4

(
w

(∞)⊤
⊕ xi −w⋆⊤

⊕ xi

)2
. (48)

We omit the partition in S2 because we have shown that
∑

i∈S2

(
−w⋆⊤

⊖ xi

)2
= 0 with probability

at least 1− 2 exp(−n(Cc− ln 9)). Therefore, we need to lower bound
(
w

(∞)⊤
⊕ xi −w⋆⊤

⊕ xi

)2
for

i ∈ S3 and
(
w

(∞)⊤
⊕ xi −w⋆⊤

⊕ xi

)2
for i ∈ S4.

We start with lower bounding
(
w

(∞)⊤
⊕ xi −w⋆⊤

⊕ xi

)2
for i ∈ S3. We know that w(∞)⊤

⊕ xi < 0

in Theorem 8. For w⋆⊤
⊕ xi with i ∈ S3, by the complementary slackness, we either have w⋆⊤

⊕ xi = 0
with µ⋆

i ≥ 0 or µ⋆
i = 0 with w⋆⊤

⊕ xi ≤ 0. In the first case, w⋆⊤
⊕ xi = 0, we have

w
(∞)⊤
⊕ xi −w⋆⊤

⊕ xi = w
(∞)⊤
⊕ xi

= e⊤i XX⊤α
(∞)
⊕

= e⊤i

[
∥λ∥1 I +

(
XX⊤ − ∥λ∥1 I

)]
α

(∞)
⊕

= ∥λ∥1 α
(∞)
⊕,i + e⊤i

(
XX⊤ − ∥λ∥1 I

)
α

(∞)
⊕

≤ ∥λ∥1 α
(∞)
⊕,i +

∥∥∥XX⊤ − ∥λ∥1 I
∥∥∥
2

∥∥∥α(∞)
⊕

∥∥∥
2

≤ ∥λ∥1
[
α
(∞)
⊕,i + C ·max

(√
n

d2
,
n

d∞

)∥∥∥α(∞)
⊕

∥∥∥
2

]
,

where the last inequality applies Corollary 14. Substituting the bounds of α(∞)
⊕,i and

∥∥∥α(∞)
⊕

∥∥∥
2

from
Lemma 19, we have

w
(∞)⊤
⊕ xi −w⋆⊤

⊕ xi ≤ ∥λ∥1
[
− ymin

Cα ∥λ∥1
+ C ·max

(√
n

d2
,
n

d∞

)
Cα

√
nymax

∥λ∥1

]
≤ ∥λ∥1

[
− ymin

Cα ∥λ∥1
+ C · ymin

C0ymax

Cαymax

∥λ∥1

]
≤ −(1− C · C2

α

C0
)
ymin

Cα
,
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where the inequalities substitute d2 ≥ C2
0
n2y2max

y2min
and d∞ ≥ C0

n1.5ymax

ymin
in Assumption 2 with

C0 ≳ C2
α. In the second case, α⋆

⊕,i = −µ⋆
i = 0 for i ∈ S3, we have

w
(∞)⊤
⊕ xi−w⋆⊤

⊕ xi

= e⊤i XX⊤
(
α

(∞)
⊕ −α⋆

⊕

)
= e⊤i

[
∥λ∥1 I +

(
XX⊤ − ∥λ∥1 I

)](
α

(∞)
⊕ −α⋆

⊕

)
= ∥λ∥1 α

(∞)
⊕,i + e⊤i

(
XX⊤ − ∥λ∥1 I

)(
α

(∞)
⊕ −α⋆

⊕

)
≤ ∥λ∥1 α

(∞)
⊕,i +

∥∥∥XX⊤ − ∥λ∥1 I
∥∥∥
2

(∥∥∥α(∞)
⊕

∥∥∥
2
+
∥∥α⋆

⊕
∥∥
2

)
≤ ∥λ∥1

[
− ymin

Cα ∥λ∥1
+ C ·max

(√
n

d2
,
n

d∞

)(
Cα

√
nymax

∥λ∥1
+

√
2Cg

√
nymax

∥λ∥1

)]

≤ ∥λ∥1

[
− ymin

Cα ∥λ∥1
+ C · ymin

C0ymax

(
Cαymax

∥λ∥1
+

√
2Cgymax

∥λ∥1

)]

≤ −(1− 2C · C2
α

C0
)
ymin

Cα
,

by applying the same argument and the upper bound from Step 1 that
∥∥α⋆

⊕
∥∥
2
≤

√
2Cg

√
nymax

∥λ∥1
.

Therefore, we have
(
w

(∞)⊤
⊕ xi −w⋆⊤

⊕ xi

)2
≥
(
1− 2C·C2

α
C0

)2 y2min
C2

α
, for all i ∈ S3.

Next, we lower bound the term
(
w

(∞)⊤
⊕ xi −w⋆⊤

⊕ xi

)2
for all i ∈ S4. In Step 3, we already

showed the two cases in w⋆⊤
⊕ xi with i ∈ S4 by the complementary slackness. In the first case,

(−w⋆⊤
⊖ xi)

2 = 0, and we have
(
w

(∞)⊤
⊕ xi −w⋆⊤

⊕ xi

)2
=
(
w

(∞)⊤
⊕ xi

)2
. Therefore, we can reuse

the lower bound we derived in S3 such that w(∞)⊤
⊕ xi ≤ −(1 − C·C2

α
C0

)ymin
Cα

. In the second case,

we have shown that S̃4 = ∅. By concluding two cases, we have
∑

i∈S4

(
w

(∞)⊤
⊕ xi −w⋆⊤

⊕ xi

)2
=∑

i∈S4

(
w

(∞)⊤
⊕ xi

)2
≥
∑

i∈S4

(
1− 2C·C2

α
C0

)2 y2min
C2

α
.

Substituting the lower bounds into Equation (48) gives us∥∥∥Xw
(∞)
⊕ −Xw⋆

⊕

∥∥∥2
2
≥
∑
i∈S3

(
w

(∞)⊤
⊕ xi −w⋆⊤

⊕ xi

)2
+
∑
i∈S4

(
w

(∞)⊤
⊕ xi −w⋆⊤

⊕ xi

)2
≥
∑
i∈S3

(
1− 2C · C2

α

C0

)2
y2min

C2
α

+
∑
i∈S4

(
1− 2C · C2

α

C0

)2
y2min

C2
α

=
n−y

2
min

C̃
, (49)

where we let C̃ :=
C2

0C
2
α

(C0−2C·C2
α)

2 > 1. Finally, putting together Equation (47) and (49), we have

∥∥∥w(∞)
⊕ −w⋆

⊕

∥∥∥2
2
≥

∥∥∥Xw
(∞)
⊕ −Xw⋆

⊕

∥∥∥2
2

µ1(XX⊤)
≥ n−y

2
min

C̃Cg ∥λ∥1
.

57



LAI WANG TAO MUTHUKUMAR

This completes the proof of the lower bound.
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Appendix D. Implicit Bias of Multiple ReLU Models (m > 2) Under Gradient
Descent

In this section, we extend our analysis to multiple ReLU models trained with m > 2 neurons
under stronger assumptions on the initialization. We consider models of the form: hΘ(x) :=
h{wk}mk=1

(x) =
∑m

k=1 skσ(w
⊤
k x), where wk ∈ Rd are the model weights and there are at least one

positive neuron and one negative neuron. The parameter set is hence denoted by Θ = {wk}mk=1.
The empirical risk is defined in (1) as

R(Θ) =
1

2

n∑
i=1

(
hΘ(xi)− yi

)2
=

1

2

n∑
i=1

(
m∑
k=1

skσ(w
⊤
k xi)− yi

)2

.

Here, we fix sk ∈ {±1} and only train the hidden weights {wk}mk=1.

D.1. Gradient Descent Updates and Convergence

The gradient of the empirical risk in (1) with respect to wk is given in (2) as

w
(t+1)
k = w

(t)
k − η∇wk

R(Θ(t)) = w
(t)
k − ηskX

⊤D(Xw
(t)
k )
(
hΘ(t)(X)− y

)
. (50)

The primal-dual gradient update in (4) is given by

(Primal) β
(t+1)
k = β

(t)
k − ηskXX⊤D(β

(t)
k )(hΘ(t)(X)− y), (51a)

(Dual) α
(t+1)
k = α

(t)
k − ηskD(β(t))(hΘ(t)(X)− y). (51b)

Next, we consider a regime in which, after some time t0, each neuron activates on a fixed sub-
set of training examples, and this activation pattern remains unchanged throughout the subsequent
dynamics. Moreover, these active subsets are disjoint across different neurons. That is, for every
training example, at most one neuron is active, while each neuron may be active on a subset of
examples. In this regime, each neuron effectively reduces to a linear model trained only on its own
active examples.

Lemma 20 Consider a multiple ReLU model hΘ. For each neuron k ∈ [m], suppose there exists
iteration t0 ≥ 0 such that

1. At time t0, the subset of examples on which the k-th neuron is active is disjoint from the
subsets activated by all other neurons, i.e., D(Xw

(t0)
k )D(Xw

(t0)
ℓ ) = 0n×n for any ℓ ̸= k.

2. The activation pattern of the k-th remains unchanged after time t0, i.e., D(Xw
(t0)
k ) =

D(Xw
(t)
k ) for all t ≥ t0.

Then, for all t ≥ t0, and each k ∈ [m], the gradient descent dynamics of the k-th neuron are
equivalent to gradient descent applied to a linear model, initialized at w(t0)

k , and trained using only
the subset of samples satisfying x⊤

i w
(t0)
k > 0.

The proof of Lemma 20 is provided in Appendix E.1.
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D.2. Minimum-ℓ2-norm Solution of Multiple ReLU Models

The minimum-ℓ2-norm solution for the multiple ReLU regression in (5) is given by

{w⋆
k}mk=1 = argmin

{wk}mk=1

1

2

m∑
k=1

∥wk∥22 (52)

s.t.
m∑
k=1

skσ(w
⊤
k xi) = yi, for all i ∈ [n].

D.3. High-dimensional Implicit Bias of Multiple ReLU Models

In this section, we characterize the implicit bias of multiple ReLU models trained by gradient de-
scent in the high-dimensional regime. We identify a setup in which each neuron is only active
toward a fixed and disjoint subset of training examples, where the labels yi of these examples have
the same sign as the neuron’s sign sk.

To formalize this setup, we introduce an assignment vector a ∈ [m]n, where each entry ai ∈ [m]
indicates which neuron is responsible for example i.

Assumption 4 For a multiple ReLU model, we assume that there exists an assignment vector
a ∈ [m]n such that for each example i ∈ [n], ai = k, for some neuron k satisfying sk · yi > 0. For
each neuron k ∈ [m], define a diagonal matrix Ak ∈ Rn×n with diagonal entries

(Ak)ii =

{
0, if ai = k, or sk · yi < 0

−sign(yi), otherwise
.

Assumption 4 is used to design a proper initialization that ensures that the gradient descent can
converge to the desired regime. In this regime, we show that if a neuron’s primal variable βk,i is
positive and the sign of the neuron agrees with the label (i.e., sk · yi > 0), then the corresponding
example remains active throughout training. Conversely, if the associated dual variable αk,j stays
sufficiently negative, it remains frozen and is no longer updated.

Theorem 21 Under Assumptions 1, 2 and 4, suppose we choose initialization
w

(0)
k = X⊤(XX⊤)−1

(
1
Cg

Aky + ϵk

)
, where 0 < ϵk,i ≤ 1

Cαm
ymin for all k ∈ [m] and i ∈ [n],

and the gradient descent step size satisfies 1
CCg∥λ∥1

≤ η ≤ 1
Cg∥λ∥1

. Then, the gradient descent limit

w
(∞)
k for multiple ReLU models coincides with the solution obtained by training a linear model on

disjoint subsets of examples, initialized at w(1)
k with probability at least 1− 2 exp(−cn). Formally,

we have w
(∞)
k = argmin

w∈{w:XSk
w=ySk

}

∥∥∥w −w
(1)
k

∥∥∥
2

and XSc
k
w

(∞)
k ⪯ 0, where Sk := {i ∈ [n] :

ai = k}.

The full proof is provided in Appendix E.2. Note that the initialization, constructed by the ma-
trices Ak, ensures that each training example i is activated by exactly one neuron that matches
its sign—namely, the ai-th neuron. All other neurons with the same sign remain inactive on this
example.
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D.4. Approximation to Minimum-ℓ2-norm Solution in High Dimensions

In this section, we show that in high dimensions, the implicit bias solution for multiple ReLU models
derived in Theorem 21 is close to the corresponding minimum-ℓ2-norm solution {w⋆

k}mk=1 defined
in (52).

Theorem 22 Under Assumptions 1, 2 and 4, suppose we choose initialization
w

(0)
k = X⊤(XX⊤)−1

(
1
Cg

Aky + ϵk

)
, where 0 < ϵk,i ≤ 1

Cαm
ymin for all k ∈ [m] and i ∈ [n],

and the gradient descent step size satisfies 1
CCg∥λ∥1

≤ η ≤ 1
Cg∥λ∥1

. Then, we have√∑m
k=1

∥∥∥w(∞)
k −w⋆

k

∥∥∥2
2
≤
√

4CgC2
αmny2max
∥λ∥1

with probability at least 1− 2 exp(−cn).

The proof is deferred to Appendix E.3. Note that since the minimum-ℓ2-norm solution {w⋆
k}mk=1

is more involved to characterize, Theorem 22 only provides an upper bound for the approxima-
tion of the implicit bias to {w⋆

k}mk=1. A more fine-grained characterization, as well as a deeper
understanding of the role of overparameterization, is left for future work.
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Appendix E. Proofs for Multiple ReLU Models (m > 2) Trained with Gradient
Descent

In this section, we present the proofs concerning the behavior of the multiple ReLU model trained
with gradient descent.

E.1. Proof of Lemma 20 (Gradient Descent Convergence)

Proof (Lemma 20) This proof is analogous to Lemma 1. The key idea is to show that once the
activation pattern becomes fixed after some iteration t0 ≥ 0, the gradient descent dynamics of each
neuron are equivalent to those of a linear model trained on a fixed subset of examples.

Fix a neuron k ∈ [m]. Consider the linear model

h(x) = skw
⊤x,

where w ∈ Rd is the linear model parameter (also called weight). Let S(t0)
k ⊆ [n] denote the active

set of the k-th neuron at iteration t0, defined by S
(t0)
k := {i ∈ [n] : x⊤

i w
(t0)
k > 0}. We define the

empirical risk with the linear model using only the examples in S
(t0)
k as

R
S
(t0)
k

(w) =
1

2

∑
i∈S(t0)

k

(skw
⊤xi − yi)

2.

The gradient descent update for this linear model is then given by

w(t+1) = w(t) − η∇R
S
(t0)
k

(w(t))

= w(t) − ηsk
∑

i∈S(t0)
k

(skw
(t)⊤xi − yi)xi. (53)

On the other hand, the original gradient descent update of the multiple ReLU model in Equation (50)
tells us that

w
(t+1)
k = w

(t)
k − ηskX

⊤D(Xw
(t)
k )
(
hΘ(t)(X)− y

)
.

Under the first assumption in the lemma, D(Xw
(t0)
k )D(Xw

(t0)
ℓ ) = 0n×n for any ℓ ̸= k, the

activation patterns of different neurons are disjoint at iteration t0. Consequently, for any i ∈ S
(t0)
k ,

only the k-th neuron is active, and therefore we have

hΘ(t0)(xi) =

m∑
k=1

skσ(w
⊤
k xi) = skw

⊤
k xi.

Moreover, by the second assumption of the lemma, the activation pattern of the k-th neuron remains
unchanged after iteration t0, i.e., D(Xw

(t0)
k ) = D(Xw

(t)
k ) for all t ≥ t0. Hence, for all t ≥ t0,

the diagonal entries of D(Xw
(t)
k ) satisfy Dii = 1

i∈S(t0)
k

for all i ∈ [n]. Therefore, for all t ≥ t0,

the gradient update of the k-th neuron in the multiple ReLU model is given by

w
(t+1)
k = w

(t)
k − ηskX

⊤D(Xw
(t)
k )(hΘ(t)(X)− y)

= w(t) − ηsk
∑

i∈S(t0)
k

(skw
(t)⊤
k xi − yi)xi.
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This update is identical to the gradient descent update of the linear model in Equation (53). Hence,
for all t ≥ t0, the gradient descent dynamics of the k-th neuron in the multiple ReLU model are
equivalent to those of a linear model trained using only the examples in S

(t0)
k . This completes the

proof of the lemma.
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E.2. Proof of Theorem 21 (High-dimensional Implicit Bias)

In this section, we present the proof of Theorem 21. Before proceeding to the proof, we again
introduce a set of sufficient conditions under which the active pattern for a neuron at iteration t
will be preserved at iteration t + 1. Similar to the single ReLU model and 2-ReLU model cases,
our analysis relies on Lemma 10 and Lemma 11 to characterize the dynamics of primal and dual
variables. Using these results, we establish Lemma 23, which characterizes that the active sets of
all neurons remain unchanged across gradient descent iterations.

Lemma 23 Under Assumption 1, 2 and 4, suppose the gradient descent step size satisfies η ≤
1

Cg∥λ∥1
. For a multiple ReLU model, if the following five conditions hold at some iteration t ≥ 0,

then they also hold at iteration t+ 1.

a. β
(t)
ai,i

> 0, for all i ∈ [n].

b. − 3ymax

Cg∥λ∥1
≤ α

(t)
k,j ≤ − ymin

Cα∥λ∥1
, for all j ∈ [n] with k ̸= aj .

c.
∥∥∥β(t)

k,Sk
− skySk

∥∥∥
2
≤ Cy

∥∥ySk

∥∥
2
, for all k ∈ [m].

d.
∥∥∥α(t)

k

∥∥∥
2
≤ Cα

√
nymax

∥λ∥1
, for all k ∈ [m].

e. β
(t)
k,j ≤ 0, for all j ∈ [n] with k ̸= aj .

Consequently, the activation pattern of each neuron remains unchanged from iteration t to t+1. In
the above, we define Sk := {i ∈ [n] : ai = k}, and for any vector v ∈ Rn, we use vSk

to denote the
subvector of entries indexed by Sk.

Proof (Lemma 23) We now verify that these conditions are preserved from iteration t to t+ 1.

Part (a): By conditions (a), (c) and (e) at iteration t, we have

∥∥hΘ(t)(X)− y
∥∥2
2
=

∥∥∥∥∥
m∑
k=1

skσ(β
(t)
k )− y

∥∥∥∥∥
2

2

=

m∑
k=1

∥∥∥sk (β(t)
k,Sk

− skySk

)∥∥∥2
2
≤ C2

y ∥y∥
2
2 ,

where the last inequality uses the fact that the sets {Sk}mk=1 are disjoint. Also, we
have saihΘ(t)(xi) = β

(t)
ai,i

from conditions (a) and (e). Together with condition (a), the

assumptions of Lemma 10 are satisfied for all i ∈ [n]. Consequently, β(t+1)
ai,i

> 0 for all
i ∈ [n].

Part (b): According to the dual gradient update in Equation (51b), and using condition (e) at
iteration t, we have:

α
(t+1)
k,j = α

(t)
k,j for all j ∈ [n] with k ̸= aj .

Therefore, condition (b) continues to hold at iteration t+ 1.
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Part (c): By conditions (a) and (e), the gradient update at iteration t for β(t)
k depends only on

the examples in the subset Sk. Hence, the gradient update for an individual neuron is
equivalent to a linear regression gradient descent. As similarly argued in the proof of
Lemma 2, since the step size satisfies η ≤ 1

Cg∥λ∥1
, the linear regression squared loss is

monotonically nonincreasing, and by condition (c) at iteration t, we obtain∥∥∥β(t+1)
k,Sk

− skySk

∥∥∥
2
≤
∥∥∥β(t)

k,Sk
− skySk

∥∥∥
2
≤ Cy

∥∥ySk

∥∥
2
.

Therefore, condition (c) holds at iteration t+ 1.

Part (d): Following the same argument as in Part (d) of Lemma 17, using conditions (b) and (c)
at iteration t+1, together with the eigenvalue bounds from Lemma 12, we can establish
that ∥∥∥α(t+1)

k

∥∥∥
2
≤ Cα

√
nymax

∥λ∥1
for all k ∈ [m],

with probability at least 1− 2e−n/Cg . Thus, condition (d) holds at iteration t+ 1.

Part (e): By Lemma 11, since conditions (b) and (d) hold at iteration t + 1, we conclude that
β
(t+1)
k,j ≤ 0 for all j ∈ [n] with k ̸= aj . Thus, condition (e) holds at iteration t+ 1.

Equipped with Lemma 23, we are ready to prove Theorem 21.
Proof (Theorem 21) The proof follows a similar structure to that of Theorem 4 for single ReLU
models, but now we must track the dynamics of all the neurons {wk}mk=1 simultaneously. Equipped
with sufficient conditions under which the activation patterns are preserved in Lemma 23, we verify
these conditions hold after the first gradient step, and use induction to characterize the full gradient
descent dynamics.

We first verify that the iterate at t = 1 satisfies all the sufficient conditions. With the initializa-
tion

w
(0)
k = X⊤

(
XX⊤

)−1
(

1

Cg
Aky + ϵk

)
,

we have β
(0)
k = 1

Cg
Aky + ϵk. Recalling the definition of Ak in Assumption 4, we have

β
(0)
k,i =

{
ϵai,i, if ai = k, or sk · yi < 0

− |yi|
Cg

+ ϵk,i, otherwise
, (54)

for all k ∈ [m] and i ∈ [n]. Since the theorem assumption ensures ϵk,i ≤ 1
Cαm

ymin and Cα ≳ C2
g ,

we have − |yi|
Cg

+ ϵk,i < 0. Therefore, we obtain

hΘ(0)(xi) =
m∑
k=1

skσ
(
β
(0)
k,i

)
= saiϵai,i − sai

∑
k:sk·yi<0

ϵk,i, (55)
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for all i ∈ [n]. Therefore, using the primal gradient update in Equation (51a), we obtain

β
(1)
k = β

(0)
k − ηskXX⊤D(β

(0)
k )(hΘ(0)(X)− y)

= XX⊤

η
(
skD(β

(0)
k )

(
y − hΘ(0)(X)

)
+

1

η

(
XX⊤

)−1
β
(0)
k

)
︸ ︷︷ ︸

=:α
(1)
k

 , (56)

according to the primal-dual formulation β
(1)
k = XX⊤α

(1)
k in Equation (3). In the below, we show

that at iteration t = 1, the variables β(1)
k and α

(1)
k satisfy all the conditions in Lemma 23.

Part (a): For all i ∈ [n], we show that β(1)
ai,i

> 0 by applying Lemma 10. According to Equa-

tion (54) and Equation (55), we have β
(0)
ai,i

= ϵai,i > 0 and sai · hΘ(0)(xi) = ϵai,i −∑
k:sk·yi<0 ϵk,i ≤ β

(0)
ai,i

. Moreover, we have

∥∥hΘ(0)(X)− y
∥∥
2
≤
∥∥hΘ(0)(X)

∥∥
2
+ ∥y∥2 ≤

m∑
k=1

∥ϵk∥2 + ∥y∥2 ≤
√
n

Cα
ymin + ∥y∥2

≤ Cy ∥y∥2 ,

with Cy ≥ 1+ 1
Cα

. All the conditions of Lemma 10 are satisfied, and therefore, β(1)
ai,i

> 0
for all i ∈ [n].

Part (b): For all j ∈ [n] with k ̸= aj , we verify that α(1)
k,j satisfies the required upper and lower

bounds. We need to discuss two cases: 1) β(0)
k,j = ϵk,j > 0 with sk · yj < 0, and 2)

β
(0)
k,j = − |yj |

Cg
+ ϵk,j < 0 with sk · yj > 0.

Case 1): For β(0)
k,j = ϵk,j > 0 with sk · yj < 0, we work from Equation (56) to get

α
(1)
k,j = ηe⊤j

(
skD(β

(0)
k )

(
y − hΘ(0)(X)

)
+

1

η

(
XX⊤

)−1
β
(0)
k

)
(i)
= η

(
− |yj | − sk

saj ϵaj ,j − saj
∑

k:sk·yj<0

ϵk,j


+

1

η
e⊤j

(
XX⊤

)−1
(

1

Cg
Aky + ϵk

))

= η

−|yj |+ ϵaj ,j −
∑

k:sk·yj<0

ϵk,j +
1

η
e⊤j

(
XX⊤

)−1
(

1

Cg
Aky + ϵk

)
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= η

(
− |yj |+ ϵaj ,j −

∑
k:sk·yj<0

ϵk,j

+
1

η
e⊤j

[
1

∥λ∥1
I +

((
XX⊤

)−1
− 1

∥λ∥1
I

)](
1

Cg
Aky + ϵk

))
(ii)
= η

(
− |yj |+ ϵaj ,j −

∑
k:sk·yj<0

ϵk,j +
ϵk,j

η ∥λ∥1

+
1

η
e⊤j

((
XX⊤

)−1
− 1

∥λ∥1
I

)(
1

Cg
Aky + ϵk

))
(57)

where equality (i) substitutes hΘ(0)(xj) = saj ϵaj ,j − saj
∑

k:sk·yj<0 ϵk,j from Equa-

tion (54) and β
(0)
k = 1

Cg
Aky+ ϵk, and equality (ii) applies (Ak)jj = 0 for k ̸= aj with

sk · yj < 0. For the upper bound, we have

α
(1)
k,j ≤ η

(
−|yj |+ ϵaj ,j +

ϵk,j
η ∥λ∥1

+
1

η

∥∥∥∥(XX⊤
)−1

− 1

∥λ∥1
I

∥∥∥∥
2

∥∥∥∥ 1

Cg
Aky + ϵk

∥∥∥∥
2

)
,

(58)

by dropping negative terms −
∑

k:sk·yj<0 ϵk,j . Next, by applying the upper bound in
Corollary 14 and the upper bounds for ∥y∥2 and ∥ϵk∥2, we have

α
(1)
k,j ≤ η

(
− |yj |+ ϵaj ,j +

ϵk,j
η ∥λ∥1

+
Cg

η ∥λ∥1
C ·max

(√
n

d2
,
n

d∞

)(√
nymax

Cg
+

√
n

Cαm
ymin

))
≤ η

(
−|yj |+ ϵaj ,j +

ϵk,j
η ∥λ∥1

+
Cg

η ∥λ∥1
C · ymin

C0ymax

(
ymax

Cg
+

ymin

Cαm

))
,

where the second inequality substitutes d2 ≥ C2
0
n2y2max

y2min
and d∞ ≥ C0

n1.5ymax

ymin
in As-

sumption 2. Finally, by using the step size assumption 1
η ≤ CCg ∥λ∥1 and the theorem

assumption ϵk,j ≤ 1
Cαm

ymin, we have

α
(1)
k,j ≤

1

CCg ∥λ∥1

(
−ymin +

ymin

Cαm
+

CCgymin

Cαm
+

2C2C2
g

C0
ymin

)
≤ − ymin

Cα ∥λ∥1
,
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with C0 ≳ C2
α and Cα ≳ max{C2

g , CyCg}. For the lower bound, starting from Equa-
tion (57), we have

α
(1)
k,j ≥ η

−|yj | −
∑

k:sk·yj<0

ϵk,j −
1

η

∥∥∥∥(XX⊤
)−1

− 1

∥λ∥1
I

∥∥∥∥
2

∥∥∥∥ 1

Cg
Aky + ϵk

∥∥∥∥
2


(i)

≥ η

(
− |yj | −

∑
k:sk·yj<0

ϵk,j

− Cg

η ∥λ∥1
C ·max

(√
n

d2
,
n

d∞

)(√
nymax

Cg
+

√
n

Cαm
ymin

))
(ii)

≥ 1

Cg ∥λ∥1

(
−ymax −

ymin

Cα
− C2C2

g · ymin

C0ymax

(
ymax

Cg
+

ymin

Cαm

))
(iii)

≥ − 3ymax

Cg ∥λ∥1
,

where inequality (i) applies the upper bound in Corollary 14 and the upper bounds for
∥y∥2 and ∥ϵk∥2, inequalities (ii) applies d2 ≥ C2

0
n2y2max

y2min
and d∞ ≥ C0

n1.5ymax

ymin
in

Assumption 2, and inequality (iii) follows by the constant relationship that C0 ≳ C2
α

and Cα ≳ max{C2
g , CyCg}. Thus, for β(0)

k,j = ϵk,j > 0 with sk · yj < 0, α(1)
k,j satisfies

both the required upper and lower bounds.
Case 2): For β(0)

k,j = − |yj |
Cg

+ ϵk,j < 0 with sk · yj > 0, we work from Equation (56) to
get

α
(1)
k,j = ηe⊤j

(
skD(β

(0)
k )

(
y − hΘ(0)(X)

)
+

1

η

(
XX⊤

)−1
β
(0)
k

)
= e⊤j

(
XX⊤

)−1
(

1

Cg
Aky + ϵk

)
,

where we substitute β
(0)
k = 1

Cg
Aky + ϵk and β

(0)
k,j = − 1

Cg
|yj | + ϵk,j < 0, and this

eliminates the first term, since Djj = 0. Then, α(1)
k,j can further be written as

α
(1)
k,j = e⊤j

[
1

∥λ∥1
I +

((
XX⊤

)−1
− 1

∥λ∥1
I

)](
1

Cg
Aky + ϵk

)
=

1

∥λ∥1

(
−|yj |

Cg
+ ϵk,j

)
+ e⊤j

((
XX⊤

)−1
− 1

∥λ∥1
I

)(
1

Cg
Aky + ϵk

)
.

(59)
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For the upper bound, we have

α
(1)
k,j ≤

1

∥λ∥1

(
− 1

Cg
|yj |+ ϵk,j

)
+

∥∥∥∥(XX⊤
)−1

− 1

∥λ∥1
I

∥∥∥∥
2

∥∥∥∥ 1

Cg
Aky + ϵk

∥∥∥∥
2

(i)

≤ 1

∥λ∥1

(
−|yj |

Cg
+ ϵk,j + CgC ·max

(√
n

d2
,
n

d∞

)(√
nymax

Cg
+

√
n

Cα
ymin

))
(ii)

≤ 1

∥λ∥1

(
−ymin

Cg
+

ymin

Cαm
+ CgC · ymin

C0ymax

(
ymax

Cg
+

1

Cα
ymin

))
≤ − ymin

Cα ∥λ∥1
,

where inequality (i) applies the upper bound in Corollary 14 and the upper bounds for
∥y∥2 and ∥ϵk∥2, inequalities (ii) substitutes d2 ≥ C2

0
n2y2max

y2min
and d∞ ≥ C0

n1.5ymax

ymin
in

Assumption 2. The last inequality follows by C0 ≳ C2
α and Cα ≳ max{C2

g , CyCg}.
For the lower bound, we work from Equation (59) to get

α
(1)
k,j ≥

1

∥λ∥1

(
−|yj |

Cg

)
−
∥∥∥∥(XX⊤

)−1
− 1

∥λ∥1
I

∥∥∥∥
2

∥∥∥∥ 1

Cg
Aky + ϵk

∥∥∥∥
2

≥ 1

∥λ∥1

(
−|yj |

Cg
− CgC ·max

(√
n

d2
,
n

d∞

)(√
nymax

Cg
+

√
n

Cα
ymin

))
≥ 1

∥λ∥1

(
−ymax

Cg
− CgC · ymin

C0ymax

(
ymax

Cg
+

ymin

Cα

))
≥ − 3ymax

Cg ∥λ∥1
,

by the same argument. Thus, for β(0)
k,j = − |yj |

Cg
+ ϵk,j < 0 with sk · yj > 0, α(1)

k,j satisfies
both the required upper and lower bounds. This completes the proof of this part.

Part (c): We verify that the primal variables β(1)
k,Sk

corresponding to active examples minus ySk

satisfy the norm bound. Specifically, we show that
∥∥∥β(1)

k,Sk
− skySk

∥∥∥2
2
≤ C2

y ∥y∥
2
2.

According to Equation (56), we have∥∥∥β(1)
k,Sk

− skySk

∥∥∥2
2
=
∑

i:ai=k

(
β
(1)
k,i − skyi

)2
=
∑

i:ai=k

(
β
(0)
k,i − ηske

⊤
i XX⊤D(β

(0)
k )(hΘ(0)(X)− y)− skyi

)2

=
∑

i:ai=k

ϵai,i − ηsaie
⊤
i XX⊤D(β(0)

ai )(hΘ(0)(X)− y)− |yi|︸ ︷︷ ︸
=:Ti


2

,

(60)

where we substitute β
(0)
k,i = β

(0)
ai,i

= ϵai,i for k = ai, and sai · yi > 0. Next, we bound
the term
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Ti := ϵai,i − ηsaie
⊤
i XX⊤D(β

(0)
ai )(hΘ(0)(X)− y)− |yi| for all i ∈ [n]. We have

Ti = ϵai,i − ηsaie
⊤
i XX⊤D(β(0)

ai )(hΘ(0)(X)− y)− |yi|

= (ϵai,i − |yi|)− ηsaie
⊤
i

[
∥λ∥1 I +

(
XX⊤ − ∥λ∥1 I

)]
D(β(0)

ai )
(
hΘ(0)(X)− y

)
= (ϵai,i − |yi|)− ηsai ∥λ∥1

saiϵai,i − sai
∑

k:sk·yi<0

ϵk,i − yi


− ηske

⊤
i

(
XX⊤ − ∥λ∥1 I

)
D(β

(0)
k )

(
hΘ(0)(X)− y

)
= (1− η ∥λ∥1)ϵai,i − (1− η ∥λ∥1)|yi|+ η ∥λ∥1

∑
k:sk·yi<0

ϵk,i

− ηske
⊤
i

(
XX⊤ − ∥λ∥1 I

)
D(β

(0)
k )

(
hΘ(0)(X)− y

)
,

by applying hΘ(0)(xi) = saiϵai,i − sai
∑

k:sk·yi<0 ϵk,i from Equation (55). Since the
step size assumption guarantees that 1

CCg∥λ∥1
≤ η ≤ 1

Cg∥λ∥1
, and ϵk,i ≤ 1

Cαm
ymin, we

have

(1− η ∥λ∥1)ϵai,i − (1− η ∥λ∥1)|yi|+ η ∥λ∥1
∑

k:sk·yi<0

ϵk,i

≤ ϵai,i − (1− η ∥λ∥1)|yi|+ η ∥λ∥1
∑

k:sk·yi<0

ϵk,i

≤
(

1

m
+

1

Cg

)
1

Cα
ymin −

(
1− 1

Cg

)
ymin

< 0,

with Cα ≳ C2
g . Hence, in order to upper bound T 2

i , it suffices to find the lower bound
for Ti. We have

Ti = (1− η ∥λ∥1)ϵai,i − (1− η ∥λ∥1)|yi|+ η ∥λ∥1
∑

k:sk·yi<0

ϵk,i

− ηske
⊤
i

(
XX⊤ − ∥λ∥1 I

)
D(β

(0)
k )

(
hΘ(0)(X)− y

)
≥ −|yi| − η

∥∥∥XX⊤ − ∥λ∥1 I
∥∥∥
2

∥∥hΘ(0)(X)− y
∥∥
2
,

where the inequality drops the positive terms (1− η ∥λ∥1)ϵai,i, η ∥λ∥1 |yi|, and
η ∥λ∥1

∑
k:sk·yi<0 ϵk,i. We again upper bound

∥∥XX⊤ − ∥λ∥1 I
∥∥
2

by Corollary 14.
With probability at least 1− 2 exp(−n(Cc− ln 9)), we have

Ti ≥ −|yi| − η · C ∥λ∥1 ·max

(√
n

d2
,
n

d∞

)∥∥hΘ(0)(X)− y
∥∥
2

≥ −|yi| −
C

Cg
·max

(√
n

d2
,
n

d∞

)∥∥hΘ(0)(X)− y
∥∥
2
,
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by applying η ≤ 1
Cg∥λ∥1

. Finally, we apply the upper bound that
∥∥hΘ(0)(X)

∥∥
2
≤∑m

k=1 ∥ϵk∥2 ≤
√
n

Cα
ymin and ∥y∥2 ≤

√
nymax, and Assumption 2 ensures that d2 ≥

C2
0
n2y2max

y2min
and d∞ ≥ C0

n1.5ymax

ymin
. We have

Ti ≥ −|yi| −
C

Cg
max

(√
n

d2
,
n

d∞

)(√
n

Cα
ymin +

√
nymax

)
≥ −|yi| −

Cymin

CgC0ymax

(
1

Cα
ymin + ymax

)
≥ −|yi|

(
1 +

2C

CgC0

)
≥ −Cy|yi|,

with the choice of Cy ≥ 2. Substituting T 2
i ≤ C2

yy
2
i into Equation (60), we have∥∥∥β(1)

k,Sk
− skySk

∥∥∥2
2
≤
∑

i:ai=k

C2
yy

2
i = C2

y

∥∥ySk

∥∥2
2
.

As a result, we conclude that
∥∥∥β(1)

k,Sk
− skySk

∥∥∥
2
≤ Cy

∥∥ySk

∥∥
2

as required.

Part (d): We verify the norm bounds on the dual variables. By the triangle inequality, we work
from Equation (56) to get∥∥∥α(1)

k

∥∥∥
2
=

∥∥∥∥η(skD(β
(0)
k )

(
y − hΘ(0)(X)

)
+

1

η

(
XX⊤

)−1
β
(0)
k

)∥∥∥∥
2

≤ η

[
∥y∥2 +

∥∥hΘ(0)(X)
∥∥
2
+

1

η

∥∥∥∥(XX⊤
)−1

∥∥∥∥
2

∥∥∥β(0)
k

∥∥∥
2

]
= η

[
∥y∥2 +

∥∥hΘ(0)(X)
∥∥
2
+

1

η

∥∥∥∥(XX⊤
)−1

∥∥∥∥
2

∥∥∥∥ 1

Cg
Aky + ϵk

∥∥∥∥
2

]
,

by substituting β
(0)
k = 1

Cg
Aky + ϵk. Using ∥y∥2 ≤

√
nymax,

∥∥hΘ(0)(X)
∥∥
2

≤∑m
k=1 ∥ϵk∥2 ≤

√
n

Cα
ymin,

∥∥∥(XX⊤)−1
∥∥∥
2
≤ Cg

∥λ∥1
, ϵk,i ≤ 1

Cαm
ymin, and 1

CCg∥λ∥1
≤

η ≤ 1
Cg∥λ∥1

, we have∥∥∥α(1)
k

∥∥∥
2

≤ 1

Cg ∥λ∥1

[√
nymax +

√
n

Cα
ymin + CCg ∥λ∥1 ·

Cg

∥λ∥1
·
(√

nymax

Cg
+

√
n

Cαm
ymin

)]
≤ 1

∥λ∥1

(
3
√
nymax

)
≤ Cα

√
nymax

∥λ∥1
,

with Cα ≳ max{C2
g , CyCg}. Thus, condition (d) holds at t = 1.
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Part (e): Since we have shown that α(1)
k,j ≤ − ymin

Cα∥λ∥1
and

∥∥∥α(1)
k

∥∥∥
2
≤ Cα

√
nymax

∥λ∥1
for all j ∈ [n]

with k ̸= aj , by Lemma 11, it follows that β(1)
k,j ≤ 0 for all j ∈ [n] with k ̸= aj .

We have shown that at iteration t = 1 the conditions in Lemma 23 are satisfied, and by induction,
these conditions will also hold for t ≥ 1. As a result, wk is trained with only predefined active exam-
ples starting from the iteration t = 0, and it is equivalent to linear regression using only active exam-
ples with initialization w

(1)
k = ηX⊤

(
skD(β

(0)
k )

(
y − hΘ(0)(X)

)
+ 1

η

(
XX⊤)−1

β
(0)
k

)
. Finally,

since wk is trained on disjoint subset of examples by Assumption 4, by Lemma 2, w(∞)
k satisfies

w
(∞)
k = argmin

w∈{w:XSk
w=ySk

}

∥∥∥w −w
(1)
k

∥∥∥
2
.

This completes the proof of Theorem 21.

E.3. Proof of Theorem 22 (Implicit Bias Approximation to w⋆)

Proof (Theorem 22) We restate the definition of w⋆ in Equation (52).

{w⋆
k}mk=1 = argmin

{wk}mk=1

1

2

m∑
k=1

∥wk∥22 (61)

s.t.
m∑
k=1

skσ(w
⊤
k xi) = yi, for all i ∈ [n].

Recall that the gradient descent limit {w(∞)
k }mk=1 satisfies the same set of constraints: it interpolates

all examples. Consequently, both {w(∞)
k }mk=1 and {w⋆

k}mk=1 are feasible solutions to (61). We show
that the norm difference between w

(∞)
k and w⋆

k can be upper bounded by 2 times the norm of w(∞)
k .

m∑
k=1

∥∥∥w(∞)
k −w⋆

k

∥∥∥2
2
≤ 2

m∑
k=1

∥∥∥w(∞)
k

∥∥∥2
2
+ 2

m∑
k=1

∥w⋆
k∥

2
2 ≤ 4

m∑
k=1

∥∥∥w(∞)
k

∥∥∥2
2
,

where it follows the definition of (61). By Lemma 23, we have the upper bound for
∥∥∥w(∞)

k

∥∥∥2
2

as

∥∥∥w(∞)
k

∥∥∥2
2
= α

(∞)⊤
k XX⊤α

(∞)
k ≤ µ1(XX⊤)

∥∥∥α(∞)
k

∥∥∥2
2
≤ Cg ∥λ∥1 ·

C2
αny

2
max

∥λ∥21
=

CgC
2
αny

2
max

∥λ∥1
.

As a result, we have

m∑
k=1

∥∥∥w(∞)
k −w⋆

k

∥∥∥2
2
≤ 4CgC

2
αmny2max

∥λ∥1
.
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Appendix F. Simulations

In this section, we present exploratory visualizations of the evolution of the primal variables at
iteration checkpoints in settings that violate the assumptions underlying our theoretical results.

F.1. Moderate-Dimensional Data and Single ReLU Model

(a) Initialization 1 (t = 0). (b) Initialization 2 (t = 0).

(c) Initialization 1 (t = 19). (d) Initialization 2 (t = 19).

(e) Initialization 1 (t = 80). (f ) Initialization 2 (t = 80).

Figure 3: We illustrate the prediction dynamics of gradient descent for a single ReLU model
under different random initializations when d is comparable with n. In both cases, with suffi-
ciently small step size, the final solution converges to a linear minimum-ℓ2-norm interpolator on
some subset of the training examples, i.e. of the form wlinear-MNI,S = X⊤

S (XSX
⊤
S )

−1ỹS , where
ỹS,i = max{yi, 0}. In contrast to the high-dimensional regime, different initializations lead to dif-
ferent subsets S, indicating that ReLU training implicitly performs an example “selection” process,
that is initialization-dependent, rather than fitting all positively-labeled samples. The experiment
uses n = 10, d = 50, x ∼ N (0, I), y ∼ N (0, 1), w(0) ∼ N (0, 2× 10−6I), and η = 10−4.
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F.2. Gradient Descent Dynamics of Two ReLU Models

(a) Two ReLU model gradient descent dynamic (t = 0).

(b) Two ReLU model gradient descent dynamic (t = 1).

(c) Two ReLU model gradient descent dynamic (t = 17).

Figure 4: Simulation illustrating Theorem 8. In the high-dimensional regime and under our “all-
positive” initialization, after the first gradient step, examples with positive labels remain active
while examples with negative labels become inactive, consistent with Lemma 19. The blue region
shows primal variables that remain positive over training, whereas the red region corresponds to
dual variables that are sufficiently negative and remain unchanged. As training proceeds, w⊕ fits
all positively labeled examples and w⊖ fits all negatively labeled examples. The experiment uses
n = 10, d = 2000, features x ∼ N (0, I), and labels satisfying |y| ∼ U(0.1, 1) with sign(y)
uniformly distributed over {±1}.

74



HIGH-DIMENSIONAL IMPLICIT BIAS OF SQUARED LOSS RELU

(a) Two ReLU model gradient descent dynamic (t = 0).

(b) Two ReLU model gradient descent dynamic (t = 1).

(c) Two ReLU model gradient descent dynamic (t = 40).

Figure 5: Simulation with random initialization in the high-dimensional regime, which violates our
initialization assumption in Theorem 8. Under random initialization, the sufficient conditions of
Lemma 19 are violated at the first gradient step. As a result, positively labeled examples do not
all remain in the active (blue) regime (e.g., example no. 5), nor do negatively labeled examples
consistently enter the inactive (red) regime (e.g., example no. 7). Consequently, during training,
this model fails to converge to a global minimum. The experiment uses n = 10, d = 2000, features
x ∼ N (0, I), and labels satisfying |y| ∼ U(0.1, 1) with sign(y) uniformly distributed over {±1}.
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(a) Two ReLU model gradient descent dynamic (t = 0).

(b) Two ReLU model gradient descent dynamic (t = 1).

(c) Two ReLU model gradient descent dynamic (t = 40).

Figure 6: Simulation with all-positive initialization outside the high-dimensional regime. When the
data dimension is not sufficiently large, the feature vectors are no longer approximately orthogonal.
As a result, the clear separation into active (blue) and inactive (red) regimes observed in Figures 4
and 5 disappears. Consequently, the gradient dynamics become highly coupled across examples
and are no longer analytically tractable using our high-dimensional arguments. The experiment
uses n = 10, d = 15, features x ∼ N (0, I), and labels satisfying |y| ∼ U(0.1, 1) with sign(y)
uniformly distributed over {±1}.
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F.3. Gradient Descent Dynamics of Multiple ReLU Models

(a) Multiple ReLU model gradient descent dynamic (t = 0).

(b) Multiple ReLU model gradient descent dynamic (t = 1).

Figure 7: Failure of stable activation patterns in multiple ReLU models. We illustrate the training
dynamics of a multiple ReLU model when multiple neurons share the same sign. In this setting,
the sufficient conditions of Lemma 23 are violated, and positive primal variables do not necessarily
remain in the active (blue) regime throughout training (e.g. training example no. 0). As a result, the
activation pattern becomes unstable, and the resulting primal dynamics are no longer tractable. The
experiment uses n = 10, d = 2000, m = 4, with neuron signs s1 = s2 = 1 and s3 = s4 = −1,
features x ∼ N (0, I), and labels satisfying |y| ∼ U(0.1, 1) with sign(y) uniformly distributed over
{±1}.
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