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Abstract

Robustness and resource-efficiency are two highly desirable
properties for modern machine learning models. However,
achieving them jointly remains a challenge. In this pa-
per, we identify high learning rates as a facilitator for si-
multaneously achieving robustness to spurious correlations
and network compressibility. We demonstrate that large
learning rates also produce desirable representation prop-
erties such as invariant feature utilization, class separation,
and activation sparsity. Our findings indicate that large
learning rates compare favorably to other hyperparame-
ters and regularization methods, in consistently satisfying
these properties in tandem. In addition to demonstrating
the positive effect of large learning rates across diverse spu-
rious correlation datasets, models, and optimizers, we also
present strong evidence that the previously documented suc-
cess of large learning rates in standard classification tasks
is related to addressing hidden/rare spurious correlations
in the training dataset. Our investigation of the mecha-
nisms underlying this phenomenon reveals the importance
of confident mispredictions of bias-conflicting samples un-
der large learning rates.

1. Introduction

The requirement to function well in novel circumstances
and being resource-efficient are two central challenges for
modern machine learning (ML) systems, which are ex-
pected to perform critical functions with less resources and
on smaller hardware, in the face of limited access to com-
putational resources, environmental concerns about energy
consumption, and tightening bottlenecks around computa-
tional hardware [9, 10, 21]. As ML-based technologies in-
creasingly permeate every aspect of daily and industrial life
[25], it becomes urgent to determine the inductive biases
that help the models address both challenges together.

Although no learner can be expected to perform well un-
der arbitrary changes in the environment [80], they are ex-
pected to do so under “reasonable” distribution shifts – a ca-
pability commonly exhibited by numerous animal species.
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Figure 1. (Top left) When trained on the Double MNIST spurious
correlation (SC) dataset with higher learning rates (LR), models
tend to be more robust against SCs (higher accuracy), more com-
pressible, and have more favorable core/invariant feature utiliza-
tion and class separation. (Top right) Given images containing
core and spurious features (bright vs. dim digit), high LR mod-
els are more likely to be attuned to the core feature vs. spuri-
ous feature, unlike low LR models. (Bottom) Our findings extend
to standard classification tasks since vulnerability to SCs, such as
background, strongly associate with accuracy drops. All ranges
normalized in y-axis to highlight relationship to LR.

Such robustness to distributions that differ from the training
data in principled ways have been studied under the um-
brella term out-of-distribution (OOD) generalization [79].
Although scaling models and datasets, as well as target-
ing specific aspects of this issue have shown some success
[6, 45], OOD generalization remains an open problem both
theoretically and in practice [12].

A critical obstacle for OOD generalization is the pres-
ence of spurious correlations1 (SCs) in training data, which
can intuitively be described as the relationships between the

1Unless noted otherwise, throughout the paper any references to robust-
ness or OOD generalization will be in the context of spurious correlations.

This ICCV paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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input features and output label in the training set that do
not transfer to the test set. A canonical example is high-
lighted by [4], where models are likely to misclassify a cow
on sand as a camel, due to learning the misleading statisti-
cal association between camels and desert backgrounds in
the training data. [65] show empirically and theoretically
how overparameterization can cause pathological learning
dynamics, amplifying the emphasis on SCs and degrading
OOD performance. Similarly, [17, 37] show that AI sys-
tems and large language models (LLMs) can be susceptible
to large performance drops if training data contains easily
exploitable patterns not carrying over to new environments.

The challenge of OOD generalization becomes even
more pronounced when coupled with the need for model
compressibility, given the increased demands of resource-
efficiency on modern ML systems. It remains unclear
whether these two objectives –robustness and efficiency–
are inherently in conflict or can actually complement each
other [14, 18]. We posit that understanding this interplay is
critical for the design of next generation ML models.

To date, explaining the counterintuitive observation that
overparameterization often improves rather than harms gen-
eralization, especially under SCs, remains to be illuminated,
as does understanding when and why models become com-
pressible [2, 3, 5, 15, 55, 61]. One key factor in this puzzle
is the learning rate (LR), or step size, used during gradient-
based training. Various studies have highlighted the impact
of large LRs on generalization [40, 43, 53], model com-
pressibility [3], and representation sparsity [1]. Recent re-
search confirms that LR remains a crucial hyperparameter
in the training of multimodal foundational models [75].

In light of these, in this paper we hypothesize that in
deep neural networks, learning rate plays a pivotal role in
achieving robustness to SCs without sacrificing efficiency.
We then confirm this hypothesis via extensive analyses,
making the following key contributions:
1. We establish that large LRs simultaneously and consis-

tently promote both compressibility and robustness
specifically to SCs across a wide range of architectures,
datasets, and training schemes.

2. We identify that these effects are accompanied by im-
proved core feature utilization, class separation, and
compressibility in the learned representations.

3. We show that large LRs produce a unique combination
of the aforementioned desirable properties, in com-
parison to other major hyperparameters and regularizers.

4. We provide strong evidence that the robustness against
SCs that large LRs confer, contribute to their previously
documented success in standard generalization tasks.

5. Our investigation into the mechanisms reveal the impor-
tance of confident mispredictions of bias-conflicting
samples under high LRs.

In Fig. 1 we share an overview of our results.

2. Related Work

Robustness to Spurious Correlations. Overreliance on
simple, easily exploitable features that have limited bearing
on a test set have been pointed out by [22] and [67]. [65] ex-
amine the role of overparametrization in producing models
that rely on spurious features, and [54] point out how two
features of the data distribution (that they name geometri-
cal and statistical skews) might lead to a max-margin clas-
sifier ending up utilizing spurious features. [57] point out
the importance of features learned in early training, where
easy-to-learn, spurious features might not be replaced by
better-generalizing features. Various methods have been
previously proposed to alleviate this problem. Methods that
assume access to spurious feature labels/annotations exploit
this information in different ways to improve worst group
or unbiased test set performance [28, 64]. In the absence of
group annotations, alternative methods rely on assumptions
about the nature of the spurious features and the inductive
biases of the learning algorithms [45, 59, 74].
Inductive Bias of Large Learning Rates, Model Com-
pressibility. [43] provide one of the earliest set of findings
regarding the inductive bias of LRs in standard machine
learning tasks, and examine how large vs. small LRs lead
to qualitatively different features to be learned by the neu-
ral network. [29] point out how LRs in early training pre-
vents the iterates from being locked into narrow valleys in
the loss landscape, where the curvature in certain directions
are high, to the detriment of the conditioning of the gradi-
ent covariance matrix. [40, 53] point out the importance of
large LRs in early training [30]. [63] demonstrates the cru-
cial role of spurious / opposing signals in early training, and
how progressive sharpening [8, 78] of the loss landscape
in the directions that pertain to the representation of these
features lead to the eventual down-weighting of such non-
robust features. [14] find that lottery-ticket style pruning
methods present the most advantageous trade-off between
performance, robustness, and compressibility. To date, no
study has systematically explored how LR influences ro-
bustness to SCs or how it interacts with compressibility. See
our suppl. material for an extended literature review.

3. Setup
We consider a classification setting, where the task of a
model (e.g.,, a neural network) f is to predict the discrete
label y ∈ Y , given a d-dimensional input x ∈ Rd. In order
to assess the quality of a neural network represented by its
weights w, we consider a loss function ℓ : Y × Y 7→ R≥0,
such that ℓ(y, fw(x)) measures the error incurred by pre-
dicting the label of x as argmaxj fw(x)[j], when the true
label is y. We define a data distribution µZ over Z , and a
training dataset with n elements, i.e.,, S = {z1, . . . , zn},
where each zi := (xi, yi)

i.i.d.∼ µZ . We then denote the popu-
lation and empirical risks as R(w) := Ex,y [ℓ(y, fw(x))]
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and R̂(w) := 1
n

∑n
i=1 ℓ(yi, fw(xi)). Unless otherwise

noted, we utilize the (minibatch) stochastic gradient descent
(SGD) algorithm for empirical risk minimization: wt+1 =
wt−η∇wt

1
b

∑
i∈Ωt ℓ(yi, fw(xi)), where Ωt is a randomly

sampled fixed-size subset of the training set, b := |Ωt| is
batch size, and η is learning rate (LR; aka step size).

3.1. Spurious Correlations

OOD generalization describes the case whenever we have
access to S = {z1, . . . , zn}, zi := (xi, yi)

i.i.d.∼ µtrain
Z ,

yet we are interested in evaluating risk under a differ-
ent distribution R(w) := Ex,y∼µtest

Z
[ℓ(y, fw(x))], where

µtrain
Z ̸= µtest

Z . This difference between training and
test distributions is called distribution shift. Some ex-
amples of distribution shift include subpopulation shift,
where µtrain

Z (y) ̸= µtest
Z (y), and mechanism shift, where

µtrain
Z (x|y) ̸= µtest

Z (x|y). A subtype of mechanism shift
is of special importance in the literature and of particular
importance for this paper: A model trained on S is said
to potentially be vulnerable to spurious correlations2 in the
training dataset when it is possible to define a decomposi-
tion of x = (xc,xs), such that µtrain

Z (xc|y) = µtest
Z (xc|y),

and µtrain
Z (xs|y) ̸= µtest

Z (xs|y). In such cases, xc are fre-
quently called core features (aka invariant features), and xs

are frequently called spurious features.

In previous research that addressed this problem, the as-
sumed data distributions can vary considerably [56, 79]. In
this study we focus on one of the most canonical cases,
previously called “perception tasks” [59] or “easy-to-learn”
tasks [54], where the core features are perfectly informa-
tive with respect to the label in the training set, and spu-
rious features imperfectly so. In such tasks, the former
are construed to be more difficult to learn. We assume
a separate generative model for spurious features. We
define a bias label b ∈ Y , as opposed to the class la-
bel y ∈ Y for core features, admitting the decomposi-
tion µZ(x

c,xs, y, b) = µZ(x
c|y)µZ(x

s|b)µZ(y, b), and
while µtest

Z (y, b) = µtest
Z (y)µtest

Z (b), we have µtrain
Z (y, b) ̸=

µtrain
Z (y)µtrain

Z (b). More specifically, we further assume
µtrain
Z (y = a, b = a) ≫ µtrain

Z (y = a)µtrain
Z (b = a), where

the mutual information between y and b in the training set
presents a challenge for the learner. The value ρtrain :=
1−µtrain

Z (y = b) determines the rate of bias-conflicting ex-
amples in the training dataset, which a learner can exploit
to avoid utilizing spurious features. Although there does
not exist a canonical definition of easy vs. difficult-to-learn
features in the literature [60], they can be construed as the
difficulty of estimating µtrain

Z (y|xc) vs. µtrain
Z (b|xs).

2As is common in the literature, here we use the term spurious correla-
tions to also include non-linear relationships induced by a confounder.

Colored MNIST Corrupted CIFAR-10

Double MNIST MNIST-CIFAR

Figure 2. Example images from semi-synthetic SC datasets.

3.2. Compressibility

A frequently used metric for characterizing compress-
ibility, especially for activations, is sparsity. Given a
d-dimensional vector z ∈ Rd it can be defined as
Sparsity(z) = 1 − ∥z∥0/d. Although this is an intuitive
and useful metric, more nuanced notions of compressibil-
ity are desirable, e.g. when considering activation functions
like sigma that does not output 0 values. This is because
a (deterministic or probabilistic) vector might be “summa-
rizable” with a small subset of its elements regardless of
the number of entries in the vector that exactly equal 0.
Therefore, we use (q, κ)-Compressibility inspired by [23]:
(q, κ)−Compressibility(z) = 1 − inf∥y∥0≤⌈κd⌉ ∥z−y∥q

∥z∥q
. In-

tuitively, if a vector’s (2, 0.1)-Compressibility is high, this
means that this vector can be approximated with little error
(in an ℓ2 sense) by using 0.1 of its d elements.

While sparsity or (q, κ)-Compressibility have merit as
compressibility metrics, given our interest in compress-
ibility in relation to OOD generalization performance,
quantifying network/parameter compressibility while tak-
ing the downstream effects of compression on perfor-
mance into account is crucial. For this purpose we de-
fine κ-Prunability; given a predictor f and its (unbi-
ased) test accuracy Accµtest(f) it is defined as κP(f) =
Accµtest(f (κ)) /Accµtest(f), where f (κ) corresponds to f
with κ ∈ [0, 1] of its parameters pruned (set to 0). This mea-
sures the retention of (unbiased) test accuracy after prun-
ing a fraction κ of parameters. Here, we utilize structured
(neuron/filter) pruning given its computationally desirable
properties [41]. Instead of committing to a particular κ,
we will use

∑
κ∈k κP(f), k = (0.1, 0.2, . . . , 0.9). Given

our chosen metric, we will use the terms network prunabil-
ity and network compressibility interchangeably throughout
the rest of the text. See suppl. material for qualitatively
identical results with alternative metrics.
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Figure 3. (Left) Effects of learning rate on OOD performance (unbiased test acc.), network prunability, and representation properties with
the parity dataset. See suppl. material for min. and max. values. (Right) Prediction attributions (i.e. feature importance) for core, spurious,
and noise pixels throughout training for low and high LR models.

3.3. Metrics for Representation Analysis

We now define metrics we use when analyzing learned
representations beyond compressibility. Unless otherwise
noted, all analyses on representations target post-activation
values in the penultimate neural network layer, often re-
ferred to as learned representations in the literature.
Class Separation. We use different metrics to quantify rep-
resentations’ class-sensitivity. The first metric we utilize is
class separation R2, where we adopt the definition of [34],
who investigate this notion in relation to model generaliza-
tion performance as well as representations’ transferability
under different training losses: R2 = 1 − d̄within/d̄total,
where d̄within =

∑K
k=1

∑Nk

m=1

∑Nk

n=1
1−sim(xk,m,xk,n)

KN2
k

and

d̄total =
∑K

k=1

∑K
j=1

∑Nj

m=1

∑Nk

n=1
1−sim(xj,m,xk,n)

K2NjNk
, with

K denoting number of classes, Nj number of samples with
label j, and sim a similarity metric such as cosine similarity.
Core vs. Spurious Feature Utilization. Though im-
portant for a classification task, class separation does not
quantify sensitivity of specific neurons to classes. For
this, we use class-selectivity index (CSI) [38, 62]: CSI =
ρmax

πmax−π−max

πmax+π−max+ϵ . As in prior works, we take πmax to be
largest class-conditional activation mean for a given neuron,
where the means are computed over a sample of inputs, and
π−max is the mean of the remaining classes. In contrast to
previous use of this metric, given the prevalence of activa-
tion sparsity in our experiments, we scale this fraction with
ρmax, which corresponds to the ratio of instances belong-
ing to the said class for which the neuron is activated. This
factors in the “coverage” of a particular neuron for the in-
stances belonging to a class, and prevents computing high
class-selectivity for a neuron that fires rarely for the mem-
bers of the said class. When computed over an unbiased test
set, this metric serves to characterize a neuron’s sensitivity
to core features. This is especially useful when the core
features and spurious features overlap and attribution meth-
ods cannot be reliably used to investigate a specific neuron’s
responsiveness to core features. We average over neurons’
class sensitivities (in learned representations) to character-
ize a network’s core feature utilization. Note that if acces-
sible, spurious feature labels can be used to compute the
counterpart bias-selectivity index (BSI).

Input Image Attributions. To quantize the influence of
particular input pixels or features over models’ predictions,
we utilize the commonly used interpretability method In-
tegrated Gradients (IG) [71] to compute pixel-wise attribu-
tions over 10 random seeds. See suppl. material for details
of IG, identical results under other interpretability methods,
and how it provides convergent results with the aforemen-
tioned CSI regarding core/spurious feature utilization.

4. Datasets, Models, and Training Procedure
4.1. Datasets
We investigate the effect of LR on the model behavior on
four classes of datasets: 1- Synthetic SC, 2- Semi-synthetic
SC, 3- Naturalistic SC, and 4- Naturalistic classification.
We describe each class of datasets below. As described in
our setup, all SC datasets will involve a simple (spurious)
feature that is predictive of the true label in the training set
but not in the test set, and a more complex (core) feature
that is predictive of the label in both training and test.
Synthetic SC data. We utilize two synthetic datasets from
the literature to investigate the effects of LR on robustness
to SCs and compressibility. These are the parity dataset
proposed in [60] and the moon-star dataset proposed in
[22]. The advantage of utilizing synthetic datasets is the
clear definition of simple vs. complex features they enable,
as well as total control they afford over bias-conflicting
sample ratio (ρ). In the parity dataset, the core and spu-
rious features are binary vectors of size C and S, with their
parity bits (i.e. whether the vectors include odd number of
1’s) corresponding to the true label y vs. spurious label b.
Setting C > S leads the spurious feature to be simpler than
the complex feature. The moon-star dataset is a binary clas-
sification task where the classifier is expected to distinguish
moon shaped objects from star shaped objects, with the spu-
rious feature being the quadrant of the image on which the
object is located. For both datasets we set bias-conflicting
sample ratios as ρtrain = 0.1 and ρtest = 0.5.
Semi-synthetic SC data. These are arguably the most com-
monly used dataset types in research on SCs [32, 56, 59,
60, 65]. The reason for their popularity is the attractive
combination they provide in the form of having relatively
realistic inputs with a decent control over dataset proper-
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Figure 4. Effects of learning rate on OOD performance (unbiased test acc.), network prunability, and representation (activation) compress-
ibility in semi-synthetic SC data. y-axes are normalized within each figure for each variable, see suppl. material for min. and max. values.

ties such as bias-conflicting sample ratios and the com-
plexity of the core vs. spurious features. We present the
bulk of our results on four such datasets: Colored MNIST,
Corrupted CIFAR-10, MNIST-CIFAR, and Double MNIST
(see Fig. 2 for examples from each). The former two were
proposed by [56], and have been frequently used in the liter-
ature. MNIST-CIFAR dataset is the extension of the domino
dataset proposed by [67] to all 10 classes of MNIST and
CIFAR-10, while Double MNIST has been designed by the
authors for this paper. Each dataset includes some combina-
tion and/or modification of the well-known image datasets
MNIST [39] and CIFAR-10 [35]. The core and spurious
features for these datasets can be specified as digit shape vs.
digit color for Colored MNIST, object vs. corruption type
for Corrupted CIFAR-10, left digit vs. (brighter) right digit
for Double MNIST, and CIFAR-10 vs. MNIST targets for
MNIST-CIFAR. We set ρtrain = 0.025 for Colored MNIST
and Double MNIST datasets, and ρtrain = 0.1 for the re-
maining two, given the higher baseline difficulty thereof.
Naturalistic SC data. We also investigate the effect of
LR on two naturalistic image classification datasets CelebA
[46] and Waterbirds [76], both of which have been fre-
quently used in research on SCs [64]. In the CelebA dataset,
spurious and core features are the hair color and gender of
the person in the images respectively. In the Waterbirds
dataset, these correspond to the background of the pictured
bird and their natural habitat (water vs. land). In keeping
with literature [83], we examine worst-group test accuracy
in our experiments with CelebA and Waterbirds [64], while
for the rest we use unbiased test set accuracy [56].
Standard classification data. As we extend our inquiry
from SC datasets to naturalistic classification tasks, we in-
vestigate the effects of LR on model behavior using CIFAR-
10, CIFAR-100, and ImageNet-1k datasets [11, 35]. The
former two include 32 × 32 images of 10 and 100 classes
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Figure 5. Effects of learning rate on OOD performance (unbi-
ased test acc.) and representation properties in semi-synthetic SC
datasets. y-axes are normalized within each figure for each vari-
able, see suppl. material for min. and max. values.

of objects or animals, respectively. We use the traditional
train-test splits in our experiments, consisting of 50000 and
10000 samples. ImageNet-1k consists of 1,331,167 color
images scaled to 256 × 256 belonging to 1000 classes. We
use the traditional train-validation split with 1,281,167 and
50000 samples each.

4.2. Architectures, Training, & Implementation
To investigate the diversity of contexts in which LR has the
aforementioned effects, we utilize a variety of architectures.
These include fully connected networks (FCN) with ReLU
activation, convolutional neural networks (CNN; a slightly
simplified variant of VGG11 [69]), ResNet18 and ResNet50
[26], and Wide ResNet-101-2 [84]. We further include a vi-
sion transformer model, namely the Swin Transformer by
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Figure 7. Effects of LR with a Swin Transformer and CelebA
dataset on (top) model attributions and (bottom) network statistics.

[47]. Unless otherwise stated, all models are trained with
a constant LR until 100% accuracy with no explicit L1/L2
regularization. Batch sizes are set to 16 for CelebA, Water-
birds, and ImageNet experiments, and 100 for the remaining
experiments. An exception to the training scheme above is
the training of the Swin Transformer on CelebA and Water-
birds datasets, where we utilize an AdamW optimizer com-
bined with an ImageNet-1K pretraining initialization, to in-
vestigate the effects of LRs under more realistic training
schemes. Our suppl. material provides additional details
for our experiments and implementation, while showing
that using different convergence criteria, optimizers (Adam
[31], PSGD [42]), or LR schedulers (Cosine annealing [48],
WSD [27]) leads to qualitatively identical, and sometimes
stronger results. Unless otherwise noted, the results pre-
sented are the average of experiments run with at least 3
different random seeds. Since high LRs can lead to diver-
gence and/or drastic performance loss at the extremes, we
utilize LRs up to the point of divergence or drastic perfor-
mance loss (> 25% in test accuracy) among any one of the
seeds. Lastly, since our results involve the examination of
a number of variables simultaneously, in figures y-axes are
normalized for each variable to highlight the effects of LR,
and value ranges for all variables are separately provided in
the supp. material for readability. See our public reposi-
tory3 for additional implementation details.

5. Results
How does LRs affect robustness to SC and compressibil-
ity? We first investigate the effects of LR on compressibil-

3https://github.com/mbarsbey/spurious_comp

ity and robustness to SCs, using the parity dataset in Fig. 3,
with a fully connected network (FCN) with 3 hidden lay-
ers of width 200. The results show a clear effect of LR on
robustness to SC and compressibility: Robustness and com-
pressibility increases as a function of LR. The same figure
also shows how the attributions to core, spurious, and noise
pixels/features evolve for low and high LR models. Moving
on to semi-synthetic SC datasets. Fig. 4 shows that across
datasets and architectures, larger LRs lead to increased ro-
bustness to SCs, strongly supporting our central hypothe-
sis. This increase in robustness is also accompanied by in-
creased network and activation compressibility. Recall that
the notion of κ-Prunability we employ here is computed un-
der an unbiased test set, emphasizing the high LRs effect on
achieving these aims jointly. See suppl. material for addi-
tional details and similar results with moon-star and Cor-
rupted CIFAR-10 datasets.

How does LR affect learned representations? Our results
regarding representation properties induced by high LRs are
presented in Fig. 5. The results demonstrate that the in-
crease in unbiased test performance and compressibility is
accompanied by an increase in core feature utilization and
class separation in the learned representations. Given recent
results demonstrating learned representations’ insensitivity
to explicit SC interventions [32], it is important to high-
light that the positive effects of high LRs are reflected in the
learned representations themselves.

Do the observed effects of LR generalize to larger mod-
els? To make sure our results are not limited to small models
and (semi-)synthetic data, we investigate the effect of LRs
using a larger, transformer architecture and naturalistic data.
As described in Sec. 4.2, we train a Swin Transformer on
the CelebA dataset, and present its effects on worst-group
performance, compressibility, and representation properties
in Fig. 7. The results show that high LRs co-achieve ro-
bustness and compressibility in this scenario as well, further
supporting our motivating hypothesis. See suppl. material
for similar results on Waterbirds dataset.

How does LR behave when compared to and combined
with other hyperparameters? We then move on to inves-
tigate how large LRs compare to other fundamental hyper-
parameters in a machine learning pipeline. The comparison
set includes batch size, momentum, L1 and L2 regulariza-
tion of the parameters, an alternative loss function designed
for better exploitation of rare difficult examples (focal loss;
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Figure 8. Attributions of a trained ResNet18 model on different datasets. For all datasets, top row includes original images; middle and
bottom rows includes attributions of a model trained under low vs. high learning rate respectively.
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Figure 9. Training loss, unbiased test acc., and spurious feature
utilization landscapes for models with different LRs and FL.
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Figure 10. Higher LRs yield favorable generalization, compress-
ibility, and core feature utilization for CIFAR datasets.

FL [44]), and an optimization procedure for finding well-
generalizing (wide) minima in the training loss landscape
(adaptive sharpness aware minimization; ASAM [19, 36]).
We repeat our experiments by varying the each hyperpa-
rameter in question (In the case of FL and ASAM these
correspond to their central hyperparameters respectively, γ
and ρ). Fig. 6 demonstrates our results using a ResNet18
model: High LRs consistently facilitate a combination of
OOD generalization, network compressibility, and core fea-
ture utilization, either on par with or surpassing other in-
terventions. We also observe that other interventions (e.g.
L1/L2 regularization) can be combined with high LRs to
achieve even better trade-offs. Importantly, in Fig. 9 we
highlight how different methods create robustness through
different dynamics in the loss and feature utilization land-
scape, as discussed further in suppl. material, where we
also share further details and results with other models and
datasets, as well as more background on FL and SAM.
Does LR have similar effects on generalization in stan-
dard classification tasks? We next investigate whether the
robustness against SCs afforded by high LRs could help ex-
plain their success in generalization under standard classi-
fication tasks [3, 43, 51]. A positive answer to this ques-
tion would imply that in realistic machine learning settings,
even a seemingly IID generalization task can involve OOD

generalization subtasks due to implicit and/or rare SCs in
the training distribution (see e.g. [63]). We start our anal-
yses with CIFAR-10 and CIFAR-100, and then move on to
ImageNet-1k.

To qualitatively investigate whether the generalization ad-
vantage of large LRs in naturalistic classification tasks per-
tain to SCs, under a ResNet18 model, we examine input at-
tributions for samples most likely to be predicted correctly
by high LR models compared to low LRs (see suppl. ma-
terial for details), presented in Fig. 8. Our results show
that high LR models are likelier to focus on core vs. spuri-
ous features not only in the semi-synthetic MNIST-CIFAR
dataset, but also in the CIFAR-10 and CIFAR-100 datasets
as well. In both these datasets, low LR models focus much
more on backgrounds and/or the color/texture of the fore-
ground object, whereas the high LR models are likelier to
focus on the object contours. The results strongly suggest
that high LRs might be obtaining increased generalization
through robustness to hidden SCs in the training data. We
thus proceed to test this hypothesis quantitatively.

Quantitatively measuring SCs in naturalistic datasets re-
mains an open problem [83]. Nevertheless, here we develop
two complementary metrics to assess the effects of LR on
spurious feature utilization. The first, attribution entropy
relies on computing the entropy of a normalized input at-
tribution map since exploiting background information or
object textures/colors would lead to more dispersed attri-
bution maps as opposed focusing on contours of an object.
We complement this relatively simple metric with a more
targeted one in background attribution percentage: Utiliz-
ing the DeepLabV3 segmentation algorithm to extract back-
ground maps [7], we compute the percentage of attributions
that fall within vs. outside these image background seg-
ments. We present the results in Fig. 10. The results not
only replicate the benevolent effects of large LRs seen in
previous datasets, they also show that higher LR models are
less likely to use background/texture information.

ImageNet-1k. We lastly examine the effects of large LRs
on models trained on ImageNet-1k dataset. The results pre-
sented in Fig. 11 clearly show that the previously observed
effects of LR extend to larger datasets, furthering the impli-
cations of our findings to realistic scenarios.
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Figure 11. Effects of LR with ImageNet-1k dataset and ResNet18
model on model statistics and attributions.

10 3 10 2 10 1

Learning Rate ( )

70

75

80

85

90
Colored MNIST

Test Accuracy
Max. BC/Total Loss

0.7

0.8

0.9

10 3 10 2 10 1

Learning Rate ( )

45

50

55

60

Corrupted CIFAR-10

0.6

0.7

0.8

0.9

1.0

10 3 10 2 10 1

Learning Rate ( )

40

50

60

MNIST-CIFAR

0.80

0.85

0.90

0.95

Figure 12. Unbiased test accuracy strongly correlates with maxi-
mum bias-conflicting loss ratio during training.

6. On the mechanism of large LRs
While plausible mechanisms through which large LRs cre-
ate compressibility have been proposed [24], those through
which large LRs can create robustness against SCs are much
less explored, which we now investigate. Previous work
indicates that simple spurious features are learned earlier
than more complex core features [57, 60], regardless of
LR [82, Theorem 4.1]: this produces a phase in learning
where bias-aligned (BA) samples are predicted correctly,
while bias-conflicting (BC) samples are misclassified. We
find that at this stage, another effect of large LRs, namely
fast norm growth of model parameters and logits, become
important4. This is because with cross-entropy (CE) loss,
up-scaled logits under high LRs lead to confident mispre-
dictions of BC samples. Due to the nonlinearty of CE, the
mini-batch loss (and thus the gradient) is then increasingly
dominated by mispredicted BC samples, corresponding to
an implicit reweighting of the dataset in favor of BC sam-
ples. We now formalize this statement.

Proposition 1 Let fw be a predictor in a binary classifi-
cation task, trained under the cross-entropy loss ℓ. Let
Ω = {z1 . . . z|Ω|} be a training mini-batch such that
(xi, yi, bi)

i.i.d.∼ µtrain
Z . Let Ωbc := {zi ∈ Ω|yi ̸= bi} and

Ωba := {zi ∈ Ω|yi = bi} represent the bias-conflicting
and bias-aligned subsets of Ω. If fw predicts according to
the spurious decision rule, i.e. b = argmaxj fw(x)[j], then
for some α > 0, as the logit-scaling factor k → ∞∑

x,y∈Ωbc
ℓ(y, kfw(x))∑

x,y∈Ωba
ℓ(y, kfw(x))

= O(keαk). (1)

The proof is deferred to the suppl. material, which also
presents another proposition, showing how this can result
in an increase in the gradient norms to the subnetworks

4While norm growth under large LRs is well-established by previous
research [49, 52, 66], its effects are underexplored in robust generalization.
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Figure 13. Large LRs lead to losses from bias-conflicting samples
to dominate the gradient, resulting in increased utilization of core
features. (Left) Attribution maps (right) model statistics for Col-
ored MNIST and CIFAR-10 through training.

that utilize spurious vs. core features. These imply that
large LRs generate strong gradients that discourage re-
liance on spurious features, whereas small LRs lack this
pressure, allowing models to retain spurious subnetworks
while memorizing BC samples. Through experiments with
ResNet18, Fig. 12 demonstrate that unbiased test accuracy
very strongly correlates with the maximum loss ratio (i.e.
BC loss/total minibatch loss) encountered during training
across datasets, supporting our proposed mechanism (see
suppl. material for similar results with additional datasets
and models). Fig. 13 visualizes training dynamics under a
large vs. small LR (η = 0.001 vs 0.1): early focus on spuri-
ous features are weaned off under large LRs, as BC samples
dominate the loss due to confident mispredictions, both in
Colored MNIST dataset and CIFAR-10 datasets.

We can interpret these large, disruptive updates to the
network under the outsized influence of bias-conflicting ex-
amples as a recurring lottery ticket type scenario [20], where
spurious subnetworks are effectively reset by large gradient
updates whenever they rely too much on spurious feature
and lead to confident mispredictions, similar to the “cata-
pult mechanism”, proposed by [40].

7. Conclusion
Robustness to SCs and compressibility are crucial re-
quirements for advancing safe, trustworthy, and resource-
efficient deep learning. In the absence of strong theoretical
guarantees, our investigation demonstrates the efficacy of
LR as a significant inductive bias for addressing these con-
cerns simultaneously. We show that high LRs jointly obtain
robustness to spurious correlations, network compressibil-
ity, and favorable representation properties.
Limitations and future work. Our work is far from an end-
to-end, convergent explanation involving optimization dy-
namics, parameter loss landscapes, and representations. Fu-
ture work should also study how multiple/hierarchical SCs
interact with training dynamics, and design explicit training
procedures for more robust, efficient models.
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