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Abstract

Neural networks often learn simple explanations that fit the majority of the data
while memorizing exceptions that deviate from these explanations. This leads to
poor generalization when the learned explanations are spurious. In this work, we
formalize the interplay between memorization and generalization, showing that
spurious correlations, when combined with memorization, can reduce the training
loss to zero, leaving no incentive to learn robust, generalizable patterns. To address
this issue, we introduce memorization-aware training (MAT). MAT leverages the
flip side of memorization by using held-out predictions to adjust a model’s logits,
guiding it towards learning robust patterns that remain invariant from training to
test, thereby enhancing generalization under distribution shifts.

1 Introduction

Neural networks can learn simple explanations that work for the majority of their training data
(Geirhos et al., 2020; Shah et al., 2020; Dherin et al., 2022). These models might then treat minority
examples—those that do not conform to the learned explanation—as exceptions (Zhang et al., 2021).
This becomes particularly problematic if the learned explanation is spurious, meaning it does not
hold in general or is not representative of the true data distribution (Idrissi et al., 2022; Sagawa et al.,
2020; Pezeshki et al., 2021; Puli et al., 2023).

Empirical Risk Minimization (ERM), the standard learning algorithm for neural networks, can
exacerbate this issue. ERM enables neural networks to quickly capture spurious correlations and,
with sufficient capacity, memorize the remaining examples rather than learning the true patterns that
explain the entire dataset. This could be dangerously misleading, as a model that appears to excel in
most cases may have actually captured a spurious correlation. Combined with memorization of the
remaining minority examples, a neural network can fully mask its failure to grasp the true patterns
in the data, giving a false sense of reliability and robustness.

Identifying whether a model with nearly perfect accuracy on the training data has learned generalizable
patterns or merely relies on a mix of spurious correlations and memorization is critical. The answer
lies in the model’s performance on held-out data, particularly on minority examples. Metrics such as
held-out average accuracy or more fine-grained group accuracies can help us identify a better model.
A question that arises is: How can one use held-out performance signals to proactively guide a model
toward learning generalizable patterns?

Traditionally, held-out performance signals are primarily used for hyperparameter tuning and model
selection. However, in this work, we propose a novel approach that leverages these signals more strate-
gically to guide the learning process. But we first need to precisely understand when memorization
can hinder generalization. Towards this goal, our paper makes the following contributions:
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» Formalizing the interplay between memorization and spurious correlations: We study how
memorization affects generalization in an interpretable setup, revealing that spurious correlations
alone do not cause poor generalization in neural networks. Instead, it is the combination of
spurious correlations with memorization that leads to this problem. Our analysis shows that models
trained with ERM tend to rely on spurious features for the majority of the data while memorizing
exceptions, achieving zero training loss but failing to generalize on minority examples.

e Introducing memorization-aware training (MAT): MAT is a novel learning algorithm that leverages
the flip side of memorization by using held-out predictions to adjust a model’s logits during
training. This adjustment guides the model toward learning invariant features that generalize
better under distribution shifts. Unlike ERM, which relies on the i.i.d. assumption, MAT is built
upon an alternative assumption that takes into account the instability of spurious correlations
across different data distributions.

The main body of the paper examines our first contribution: the link between memorization and
generalization, showing how their interaction impacts a model’s ability to learn robust patterns versus
spurious correlations through controlled experiments. For more on this interaction in other tasks, such
as regression, and how memorization-aware training (MAT), our second contribution, can improve
generalization, see the appendix (Sections C and A). For related work, refer to Section D.

2 The Interplay between Memorization and Spurious Correlations in ERM

Problem Setup and Preliminaries. We consider a standard supervised learning setup for a K -class
classification problem. The data consists of input-label pairs («, y), where @ is the input vector and
y € {1,..., K} is the class label. Let p(y | ) denote the training data distribution and let a denote
any attribute or combination of attributes within « that may or may not be relevant for predicting the
target y.

The objective is to learn a model p(y | «) that accurately estimates p(y | «). Given input , let
f(x;w) € RE be the output logits of a model, where each fj, (x; w) represents the logit for class .
The estimated conditional probability p(y = k | «; w) is computed using a softmax function with

temperature 7 > 0: ( /o)
Wy = k | @ __exp fe(x;w) /T -
P =R I@w) = o (7 s )7

In order to generalize well under the i.i.d. assumption that p(y, ) is invariant between training
and test sets, empirical risk minimization (ERM) seeks to minimize the following regularized cross-
entropy loss over a training dataset D" = {(x;, y;)}™;:

n

1 R A
LM = o Zl(yi,p&(y | i;w)) + §||w||2a

i=1

where I(y;, p"(y | z;;w)) = — Zszl I(y; = k)logp"(y = k | @;; w) is the cross-entropy loss, and
2 Jw|[? is weight-decay regularization.

In cases where there is a distribution shift between training and test, in the presence of spurious
correlations, the i.i.d. assumption breaks down, and when combined with memorization, ERM can
result in poor generalization. We study such scenario in the following section.

Memorization Can Exacerbate Spurious Correlations Adapting the frameworks introduced in
Sagawa et al. (2020) and Puli et al. (2023), we now study the interplay between memorization and
spurious correlations in an interpretable setup.

Setup 2.1 (Spurious correlations and memorization). Consider a binary classification problem with
labels y € {—1,+1} and an unknown spurious attribute a € {—1,+1}. Each input x € R+?
is given by & = (xy,VZq, €), where x,, € R is a core feature dependent only on y, x, € R is a
spurious feature dependent only on a, and € € R? are noise features uncorrelated with both 1y and a.
The scalar v € R modulates the rate at which the model learns to rely on the spurious feature x,
effectively acting as a scaling factor that increases the feature’s learning rate relative to the core
feature x,,. The attribute a is considered spurious because it is correlated with the labels y at training
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but has no correlation with y at test time, potentially leading to poor generalization if the model
relies on x,. Specifically, the data generation process is defined as:

y  wp.p,
@ y ~Nlyoy) ‘- {—y w.p. 1=p,
zq ~N(a,0,%) v (irain)
e ~N(0,02I _ )P, (traim),
T = ( @ ) € Ré+2 ( ) P {0.5, (test).

To better understand this setup, one can think of a classification task between cow and camel
images. In this example, @ represents the pixel data, y € {cow, camel} are the class labels, and
a € {grass, sand} are the background labels. Here, x, represents the pixels associated with the
animal itself (either cow or camel), x, represents the pixels associated with the background (grass
or sand), and e represents irrelevant pixels that are specific to each individual example. The key
assumption is that the joint distribution of class labels and attribute labels differs between training
and test datasets, i.e., p*(a,y) # p*®(a,y). For example, in the training set, most cows (camels)
might appear on grass (sand), while in the test set, cows (camels) appear equally on each background.

ERM - 05 = 0 (memorization not possible) ERM-0;=1
1.0 o 1.0 — 1.0
’
I r
0.8 1 0.8 'r 0.8
] |
> l I — 2
% o6 B o6 I Majority Train 2064
e I e 1 — = Minority Train <1
3 | 3 I —— Majority Test 2
Soa , Soa i <= oy Test | Zoad | b
i ~—— Majority Train 1 I I i —— Majority Train
0.2 1 = = Minority Train 02{ V) o2l g/ = = Minority Train
—— Majority Test L’ _____________ 5 —— Majority Test
00 —— Minority Test 00 N e 00 3! —— Minority Test
0 200 400 600 800 1000 0 200 400 600 800 1000 0 200 400 600 800 1000
Epochs Epochs Epochs

9900 15 10 05 00 05 10 15 20 220 15 10 05 00 05 10 15 20 20 15 10 o5 oo 05 10 15 20
Figure 1: Illustration of two scenarios in the interpretable classification setup involving spurious
correlations and memorization. The left panel represents a scenario without input noise (o — 0),
where memorization is not possible. In this case, the model trained with ERM initially learns the
spurious feature x, serving the majority, but eventually adjusts the decision boundary to the core
feature x,;, resulting in good generalization on minority test examples. The middle and right panels
depict a scenario with input noise (o > 0), where memorization is possible. Here, the model
trained with ERM fails to generalize as it memorizes exceptions using the noise features € leaving
no more incentive for the model to learn the core feature. In contrast, the model trained with MAT
(Appendix A) learns the invariant features, and generalizes well even in the presence of noise.

Illustrative Scenarios. We first empirically study a configuration of the above setup where v = 5
making the spurious feature easier and faster for the model to learn while being only 90% correlated
with the class label, i.e., p" = 0.9. In contrast, the core feature x,, is 100% correlated with y, but due
to a smaller norm, it is learned more slowly. Here we consider two cases:

1. Noiseless input = Spurious Features but No Memorization = ERM generalizes well. Figure
1-(left) presents a case where there are no input noise features (0 — 0). As training progresses,
the model first learns x, due to its larger norm, resulting in perfect accuracy on the majority
examples. Once the model achieve nearly perfect accuracy on the majority examples, it starts
to learn the minority examples. At this point, the model must adjust its decision boundary to
place more emphasis on the core feature x,, ultimately achieving perfect generalization on both
majority and minority examples.
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2. Noisy input = Spurious Features + Memorization = ERM fails to generalize.
Figure 1-(middle) presents a similar setup to the former, but this time with input noise features
(0e > 0). Again, initially, the model learns the spurious feature z,. However, unlike Case 1,
the noise features € provides the model an opportunity to memorize minority examples directly.
As a result, the model achieves zero training loss by memorizing minority examples using the
noise dimensions instead of learning to rely on the core feature x,,. Consequently, the model fails
to adjust its decision boundary to align with z,,, and does not generalize on held-out minority
examples. We argue that most real-world scenarios resemble this case rather than the former case.

These results illustrate that the combination of spurious correlations and memorization creates a
‘loophole’ for the model. When memorization happens, there is no more incentives for the model to
learn the true, underlying patterns necessary for robust generalization.

Theoretical Analysis. We now provide a formal analysis to formalize our empirical observations.
Complete proofs are provided in Appendix E.

Theorem 2.2 (Memorization Exacerbates Spurious Correlations). Consider a binary classification
problem under the setup described in Setup 2.1, where a linear model f(x;w) = x " w is trained
using Empirical Risk Minimization (ERM). Let Wegy = (Wy, Wa, We) € R*2 denote the learned pa-
rameters, where W, W, € R correspond to the core feature x,, and spurious feature x, respectively,
and W, € R? corresponds to the noise features e.

Assume the following asymptotic conditions hold:

A= 0", n— oo, \WWn — oo,
where \ > 0 is the weight decay regularization parameter, and n is the number of training samples.
These conditions ensure that ERM converges to the maximum likelihood estimator. For a training

dataset D" generated under p" > 0.5, where p is the probability that a = y at training time, the
following results hold:

The ERM-trained classifier Yrry(x) = sign(x " Wery) achieves perfect accuracy on all training
examples:
p(Z/J\ERM(m) =y ‘ T € Dtr) — 1.

For held-out (test) examples, denote the classifier as i, (x). Then:

1. Noiseless Input Case: In the noiseless case where the noise variance o, — 0%, the ERM-
trained classifier converges to a classifier that relies solely on the core feature x,. For a
random test point x:

=ho _
p (yERM(w) = y) — 1.

2. Noisy Input Case: Suppose d > logn (where d is the dimension of the noise features) and
¥ > ger/d/m, where m := p'"n is the number of majority samples in the training set. Then,
at test time, the ERM-trained classifier Ygry(x) relies pathologically on the spurious feature
Zq. For a random test point x:

D (%??M(x) = a) — 1.

The condition d > logn ensures that noise features from different samples are approximately

orthogonal, and ~ > o¢+/d/m guarantees that the spurious feature x, is learned faster by gradient
descent than other features.

3 Discussion

In our first contribution, we showed that spurious features alone do not solely cause poor generaliza-
tion. Instead, memorization features remove the incentive for the model to learn the true underlying
patterns from minority cases. However, to achieve our main goal of learning generalizable patterns, it
is crucial to provide the model with feedback on its failures. Held-out performance, which is free
of memorization, offers a way to achieve this. To address this, we propose MAT (Memorization-
Aware Training), a method that adjusts model logits during training to encourage the learning of
generalizable features. Details of MAT are provided in Appendix A. In addition, we introduce and
analyze three types of memorization—bad, good, and ugly—highlighting their effects and relevance
in different scenarios of benign and malign overfitting. This discussion is elaborated in Appendix C.
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A Memorization-Aware Training (MAT)

As exemplified in Section 2, the i.i.d. assumption underlying ERM is violated in the presense of
spurious correlations between the label y and certain attributes a. If a classifier () relies on these
unstable correlations, it may fail to generalize to test data where p"(y, a) # p*®(y, a). To address this
distribution shift, we propose an alternative assumption.

A.1 An Alternative to the i.i.d. Assumption

We assume that any predictive path involving a is unreliable because p(y, a) changes between training
and test. To focus on the stable relationship independent of a, we introduce an invariant quantity that
remains consistent across both distributions. Specifically, we assume that:

Py |z o Py | =)
Yo Pyl a)pt(alx) 3, p(y | a)p(alx)’

where the term ) p(y | a)p(a | «) represents the conditional probability of y given & when passing
through a as an intermediate attribute.

ey

Deriving a New Learning Algorithm. To derive a new learning algorithm based on this assumption,
we aim to express p"(y | @) in terms of p'°(y | «). Starting from the assumption in Equation 1, we
have:

Py | ) Pe(y | x) .
) b t 2
S %y | a)p(a ] @) x S oy | a)pcla] @) (by assumption) (2)
Py | =) Py | =) . .
= Za P(y | a)p(a| z) X 7e(y) ) (assuming y L a in test set) (3)
="y | =) <y @) > p(y|a)p(a] =), (assuming p(y) ~U) (4)
Pyl ®) o p(y | ) pa(y | =), (change of variable) (5)

Pyl =) pily | =)
S Py ) iy [ z)

where pl(y | «) is the correction term accounting for the prediction of label y given @ that goes

through a:
Pily | @): Zp“y\a (a| ).

Py | x) = (normalization so it sums to 1)  (6)

Instead of directly estimating p'* (y | =), we estimate p*®(y | ) using a softmax on the logits of a
model. Thus, the expression for p** (y = k | x) is:

exp (fi(; w) +logpl(y =k | x))

prly=Fk|z)= >, exp (fy (3 w) +log pi(y | z))

(see Lemma F.1). ™

Equation 7 proposes adjusting the logits of a model to account for the fact that p,(y | =) is unreliable
and varies from training to test. This formulation is related to prior work on logit adjustment (Kang
et al., 2019; Menon et al., 2020; Ren et al., 2020; Liu et al., 2022; Tsirigotis et al., 2024), but differs
in how the adjustment is computed.

A.2  Estimating p,(y | x) Using Held-Out Predictions

In Section 2, we showed that a model trained with ERM under Setup 2.1 tends to rely heavily on
spurious attributes when evaluated on held-out data. Specifically, for a given input x, the predicted
label %, aligns almost exclusively with the spurious attribute a, implying p(yigy = a | ) — 1.
This implies that for a specific a = a*, p(a* | ) = 1 and p(a | ) = 0 for all other a # a*.
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Table 1: Average/worst accuracies comparing methods for environment discovery. We specify access
to annotations in training data (e") and validation data (e**). Symbol ~ denotes inferred group
annotations by the method, and symbol 1 denotes original numbers.

Waterbirds CelebA MNLI CivilComms
v en Avg Worst Avg Worst Avg Worst Avg  Worst
X v ERM 838 664 955 551 816 720 843 740
v v/ GroupDRO 90.2 8.5 931 883 80.6 734 842 738
X v LCt - 90.5 - 88.1 - - - 70.3
X v MAT 804 882 88.0 8.6 TBD TBD TBD TBD
X X ERM 83.6 664 953 586 81.8 69.1 815 647
X ~ ulLAf 915 861 939 865 - - - -
~ ~  XRM+GroupDROt 89.3 881 914 89.1 758 721 84.0 722
X ~ MAT TBD TBD TBD TBD TBD TBD TBD TBD

This observation simplifies the estimation of p¥(y | ) as:

pay @) = p"(y | a)p™(a| ) = p"(y | a),

where a* = arg max, p(Jioy = a | ).

To compute p"(y | a*), following (Liu et al., 2022), we use the empirical counts from the training
data:
count(y, a*)

tr *\ _
Py la’) = count(a*)

Thus, the held-out predictions of the ERM model provide a straightforward way to estimate p (y | x),
allowing us to adjust the model logits accordingly for improved generalization.

Specifically, MAT employs a shared backbone network with three classification heads:

* Heads A and B: These heads are trained on two random non-overlapping splits of the training
data using ERM. Each head provides held-out predictions for the other head’s split, from
which we estimate p*(y | a*).

* Head C: This is the main classifier whose logits are adjusted using Equation 7, based on the
held-out predictions from Heads A and B.

During training, all three heads—A, B, and C—are updated simultaneously. Heads A and B optimize
only their head parameters. Head C updates its own parameters as well as those of the shared
backbone. To further reinforce reliance on spurious correlations, we employ Label Flipping strategy
(Pezeshki et al., 2023) on Heads A and B. Flipping is done according to held-out probabilities and
hence amplifies the biases of the auxiliary classifiers.

B Experiments

We first, conduct experiments to demonstrate the effectiveness of Memorization-Aware Training
(MAT) in improving generalization under subpopulation shift. We then provide a detailed analysis of
the memorization behaviors of models trained with ERM and MAT.

B.1 Experiments on Subpopulation Shift

We evaluate our approach on four datasets under subpopulation shift. In all experiments, we assume
that spurious correlation or environment annotations are not available during training. We consider
two settings: (1) group annotations are available in the validation set for model selection, and (2) no
annotations are available even in the validation set.

For evaluation, we report two key metrics on the test set: (1) average test accuracy and (2) worst-group
test accuracy, the latter being computed using ground-truth annotations.
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Table 1 compares the performance of MAT with several baseline methods, including ERM, GroupDRO
(Sagawa et al., 2019), and other environment discovery methods like LC (Liu et al., 2022), uLA
(Tsirigotis et al., 2024) and XRM+GroupDRO (Pezeshki et al., 2023). These methods vary in their
assumptions about access to annotations, both in training and validation for model selection. For
instance, ERM does not assume any training group annotations, while GroupDRO has full access to
group annotations for both training and validation data.

In the Waterbirds dataset, MAT demonstrates strong performance with 88.2% worst-group accuracy
when the groung truth group annotations of the validation set are used for model selection, improving
substantially over ERM. Similarly, on the CelebA dataset, MAT achieves competitive results, with a
worst-group accuracy of 85.6%. These results suggest that MAT’s memorization-aware approach
effectively mitigates overfitting to spurious correlations, particularly in challenging worst-group
scenarios.

B.2 Analysis of Memorization Scores

To understand the extent of memorization in models trained with ERM, we analyze the distribution
of memorization scores across subpopulations. We focus on the Waterbird dataset, which includes
two main classes—Waterbird and Landbird—each divided into majority and minority subpopulations
based on their background (e.g., Waterbird on water vs. Waterbird on land). This setup allows us to
investigate how memorization varies with group size and context.

The memorization score is derived from the influence function, which measures the effect of each
training sample on a model’s prediction. Formally, the influence of a training sample ¢ on a target
sample j under a training algorithm A is defined as:

. .. ~(A ~(A
ll’lﬁ(A,'D,’L,]) = p(D )(yj | mj) 7p(Dﬁ)(mi,y,)(yj ‘ wj) (®)

where D is the training dataset, Dﬁ(wi,yi) denotes the dataset with the sample (x;, y;) removed. The
memorization score is a specific case of this function where the target sample (x;, y;) is the same as
the training sample. It measures the difference between a model’s performance on a training sample
when that sample is included in the training set (held-in) versus when it is excluded (held-out).

Calculating self-influence scores with a naive leave-one-out approach is computationally expensive,
but recent methods like TRAK (Park et al., 2023) provide an efficient alternative. TRAK approximates
the data attribution matrix. The diagonal of this matrix directly gives the self-influence scores.

Figure 2 depicts the distribution of self-influence scores across subpopulations in the Waterbird
dataset. We note that minority subpopulations (e.g., Waterbirds on land) show higher self-influence
scores compared to their majority counterparts (e.g., Waterbirds on water) for a model trained with
ERM. A model trained with MAT, however, shows a similar distribution of self-influence for both the
majority and minority examples.

C Memorization: The Good, the Bad, and the Ugly

We showed that the combination of memorization and spurious correlations, rather than spurious
correlations alone, could be key reason for poor generalization. Neural networks can exploit spurious
features and memorize exceptions to achieve zero training loss, thereby avoiding learning more
generalizable patterns. However, an interesting and somewhat controversial question arises: Is
memorization always bad?

To explore this, we look into a simple regression task to understand different types of memorization
and their effects on generalization. We argue that the impact of memorization on generalization can
vary depending on the nature of the data and the model’s learning dynamics, and we categorize these
types of memorization into three distinct forms.

Setup C.1 (Regression with Memorization). Let x, € R be a scalar feature that determines the
true target, y* = f(x,). Let D = {(x;,y;) }1_, be a dataset consisting of input-target pairs (x,y).
Define the input vector as x = concat(xzy, €) € R™T!, where € ~ N(0,021) € R™ represents input
noise concatenated with the true feature x,,. The target is defined as y = y* + €, where € ~ N (0, o)
represents additive target noise.

11
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Figure 2: Self-Influence estimation of the Waterbird groups by ERM and MAT. The distribution of
self-influence scores is shown for both the majority and minority subpopulations (e.g., Waterbirds
on water vs. Waterbirds on land). Models trained with ERM exhibit higher self-influence scores for
minority subpopulations, suggesting increased memorization in these groups. In contrast, models
trained with MAT show more uniform self-influence distributions across both majority and minority
subpopulations. The rightmost plots display the proportion of samples in different self-influence
intervals, with MAT producing a more balanced distribution compared to ERM.

Good memorization - o5 =1e —4 Bad memorization - o;=1e -3 Ugly memorization - o5 =0.0
© (Noisy) Training examples
044 B 0.4 0.4 4 H
= = True function f(z*) o ) o
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0.2 /7 0.2 ) 0.2 4 l id
) N0 ) N0 ) N0
e\ / [ f [N /
0\ \ % 170\ 14 7" 4
/4 \ / / \ / 4 \ /
0.0 f 3 | 0.0 ; 3 4 0.0 4 /d 3 7
y) \Y dl 7 A / 4 \ u
/ ° ° / ® | 90 /) ¢ 9l
/79 1/ ” \ L/ ”» %)
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Figure 3: Three types of memorization in regression models trained with different levels of input
noise (o). The plots show the ERM-trained model g(z) = g(x,, €) (solid blue line) versus the true
underlying function f(z,) (dashed gray line) and the noisy training examples. In all the three, the
models are trained until the training loss goes below le — 6. Good memorization (Left, 0. = 1le —4):
Model learns the true function f(z,) well but slightly memorizes residual noise in the training data
using the input noise €. This type of memorization is benign, as it does not compromise generalization.
Bad memorization (Middle, . = 1le — 3): The model relies more on noise features than learning
the true function f(z,), leading to partial learning of f(x,) and fitting of noise-dominated input
features. This type of memorization impedes learning of generalizable patterns and is considered
malign. Ugly memorization (Right, . = 0.0): Without input noise, the model overfits the training
data, including label noise, resulting in a highly non-linear and complex model that fails to generalize
to new data. This type is referred to as catastrophic overfitting.

In this context, =, can be interpreted as the core feature (e.g., the object in an object classification
task), € as irrelevant random noise, and € as labeling noise or error. Now, consider training linear
regression models § = g(x) on this dataset. Fixing o, we train three models under three different
input noise levels: o. € {0,0.01,0.1}. The results, summarized in Figure 3, showcases three types
of memorization:

The Good. At an intermediate level of input noise, o = le — 4, the model effectively captures
the true underlying function, f(x,). However, due to the label noise, the model cannot achieve a
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zero training loss solely by learning f(z,). As a result, it begins to memorize the residual noise in
the training data by using the input noise €. This is evidenced by sharp spikes at each training point,
where the model, g(x), precisely predicts the noisy label if given the exact same input as during
training. Nevertheless, for a neighboring test example with no input noise, the model’s predictions
align well with f(z,), demonstrating good generalization.

This phenomenon is often referred to as “benign overfitting” where a model can perfectly fit (overfit
in fact) the training data while relying on noise and unreliable features, yet still generalize well to
unseen data (Belkin et al., 2019a; Muthukumar et al., 2020; Bartlett et al., 2020). The key insight is
that the overfitting in this case is “‘benign” because the model’s memorization by relying on noise
features does not compromise the underlying structure of the true signal. Instead, the model retains
a close approximation to the true function on test data, even though it memorizes specific noise in
the training data. This has been shown to occur particularly in over-parameterized neural networks
(Belkin et al., 2019b; Nakkiran et al., 2021).

The Bad. At a higher level of input noise, 0. = le — 3, the model increasingly rely on the
input noise features ¢ rather than fully learning the true underlying function f(z,). In this case,
memorization is more tempting for the model because the noise dominates the input, making it
difficult to recover the true signal. As a result, the model g(x) might achieve zero training loss by
only partially learning f(z,) and instead relying heavily on the noise in the inputs to fit the remaining
variance in the training data.

This is an instance of bad memorization as it hinders the learning of generalizable patterns. It becomes
particularly problematic when the data contains spurious correlations. A model can achieve zero
training loss by relying on a combination of spurious correlations and memorization of any errors
that are not already satisfied by the spurious correlation. This phenomenon is referred to as "malign
overfitting" in Wald et al. (2022), where a model perfectly fits the training data but in a way that
compromises its ability to generalize, especially in situations where robustness, fairness, or invariance
are critical.

It is important to note that both good and bad memorization stem from the same learning dynamics.
ERM, and the SGD that drives it, do not differentiate between the types of correlations or features
they are learning. Whether a features contributes to generalization or memorization is only revealed
when the model is evaluated on held-out data. If the features learned are generalizable, the model
will perform well on new data; if they are not, the model will struggle, revealing its reliance on
memorized, non-generalizable patterns.

The Ugly. Finally, consider the case where there is no input noise, o, = 0.0. In this case, the
model may initially capture the true function f(x, ), but due to the presence of label noise, it cannot
achieve zero training loss by learning only f(z,). Unlike the previous cases, the absence of input
noise means the model has no additional features to leverage in explaining the residual error. As a
result, the model is forced to learn a highly non-linear and complex function of the input x = z,, to
fit the noisy labels.

In this situation, memorization is ugly: The model may achieve perfect predictions on the training
data, but this comes at the cost of catastrophic overfitting— where the model overfits so severely that
it not only memorizes every detail of the training data, including noise, but also loses its ability to
generalize to new data (Mallinar et al., 2022).

These examples show that memorization is not always bad; its impact varies with the nature of
the data. While MAT mitigates the negative effects of memorization in the presence of spurious
correlations, there are cases where memorization can benefit generalization or even be essential
(Feldman & Zhang, 2020). Future work could focus on distinguishing these scenarios and exploring
the nuanced role of memorization in large language models (LLMs). Recent work (Carlini et al.,
2022; Schwarzschild et al., 2024) have highlighted the importance of defining and understanding
memorization in LLMs, as it can inform how these models balance between storing training data and
learning generalizable patterns.
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D Related Work

Detecting Spurious Correlations. Early methods for detecting spurious correlations rely on human
annotations (Kim et al., 2019; Sagawa et al., 2019; Li & Vasconcelos, 2019), which are costly and
susceptible to bias. Without explicit annotations, detecting spurious correlations requires assumptions.
A common assumption is that spurious correlations are learned more quickly or are simpler to learn
than core features (Geirhos et al., 2020; Arjovsky et al., 2019; Sagawa et al., 2020). Based on
this, methods like Just Train Twice (JTT) (Liu et al., 2021), Environment Inference for Invariant
Learning (EIIL) (Creager et al., 2021), Too-Good-To-Be-True Prior (Dagaev et al., 2023), and
Correct-n-Contrast (CnC) (Zhang et al., 2022) train models with limited capacity to identify "hard"
(minority) examples. Other methods such as Learning from Failure (LfF) (Nam et al., 2020) and
Logit Correction (LC) (Liu et al., 2022) use generalized cross-entropy to bias classifiers toward
spurious features. Closely related to this work is Cross-Risk Minimization (XRM) (Pezeshki et al.,
2023), where uses the held-out mistakes as a signal for the spurious correlations.

Mitigating Spurious Correlations. Reweighting, resampling, and retraining techniques are widely
used to enhance minority group performance by adjusting weights or sampling rates (Idrissi et al.,
2022; Nagarajan et al., 2020; Ren et al., 2018). Methods like Deep Feature Reweighting (DFR)
(Kirichenko et al., 2022) and Selective Last-Layer Finetuning (SELF) (LaBonte et al., 2024) retrain
the last layer on balanced or selectively sampled data. GroupDRO (Sagawa et al., 2019) minimizes
worst-case group loss, while approaches like LfF and JTT increase loss weights for likely minority
examples. Data balancing can also be achieved through data synthesis, feature augmentation, or
domain mixing (Hemmat et al., 2023; Yao et al., 2022; Han et al., 2022).

Logit adjustment methods are crucial for robust classification under biased training conditions.
Menon et al. (2020) propose a method that corrects model predictions based on class frequencies,
building on prior work in post-hoc adjustments (Collell et al., 2016; Kim & Kim, 2020; Kang et al.,
2019). Other methods, such as Label-Distribution-Aware Margin (LDAM) loss (Cao et al., 2019),
Balanced Softmax (Ren et al., 2020), Logit Correction (LC) (Liu et al., 2022), and Unsupervised
Logit Adjustment (uLA) (Tsirigotis et al., 2024), adjust classifier margins to handle class or group
imbalance effectively.

Memorization and Spurious Correlations. Research has shown that memorization in neural
networks can significantly affect model robustness and generalization. Arpit et al. (2017); Maini et al.
(2022); Stephenson et al. (2021); Maini et al. (2023); Krueger et al. (2017) explore memorization’s
impact on neural networks, examining aspects like loss sensitivity, curvature, and the layer where
memorization occurs. Yang et al. (2022) investigate "rare spurious correlations,” which are akin
to example-specific noise features that models memorize. Bombari & Mondelli (2024) provide a
theoretical framework quantifying the memorization of spurious features, differentiating between
model stability with respect to individual samples and alignment with spurious patterns. Finally,
Yang et al. (2024) propose Residual-Memorization (ResMem), which combines neural networks with
k-nearest neighbor-based regression to fit residuals, enhancing test performance across benchmarks.
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E Proofs

e
i ei@®
po(y =J | z) suchthat ps(y = j | ) x w(j,x)p1(y = j | x) for some weighting function w(j, ).
Then,

Lemma E.1. Let p1(y = j | ) = be a softmax over the logits ¢;(x) and define

i (@) +log w(jx)

=7 xTr) = :
p2(y .7| ) Z§:1 ebi(x)+logw(i,x)

Proof. Given pa(y = j | ) x w(j,z)p1(y = j | =), we substitute the expression for p; (y = j | x):
e®i (@)
pa(y =Jj | ) ocw(j,z) - S @
Since w(j, x) - €9 (®) = i (@) Hogw(i2) e have
o3 (@)+log w(j,)
Zi’cﬂ e?i(®)

To ensure that pa(y = j | «) is a valid probability distribution that sums to 1, we need a normalization
factor. Define the normalization constant Z as follows:

P2y =7|x) o

7 = i e%i(@)+Hlogw(jx)
j=1
Thus, the properly normalized form of po(y = j | x) is:
_ e®i(z)+logw(j,x)
mly=jla)= "
Substituting back the expression for Z, we get

ed)j (z)+log w(j,x)

=1 ) = N
p?(y J | ) Zle e®i(z)+log w(i,r)

This completes the proof. O

F Proof of Theorem 2.2

Setting derivatives of the objective equation ?? zero gives the normal equation
1 n
- Z(s(x;rw) —yi)T; + Aw = 0.
j=1

Solving for w then gives

n ~
N . T =T . ~
W= E a;z;, with a; == — ; L with 7, = Ly >0y, i i= s(v;), v; i=x; W, n:=n\.  (9)

=1

Note that the v;’s correspond to logits, while the o« = («y, . . ., ay,) € R™ should be thought of as the
dual representation of the weights vector w. Indeed, by construction, one has

o =X"a, (10)
where X € R"*? is the design matrix.

Our mission is then to derive necessary and sufficient conditions for e > 0, where

n n

€= ’V{U\spure - {U\core = Z(’WUEI) - ‘rEQ))ai = Z(Wgai - Si)ai7 (11)
=1 i=1

where s; := 2y; — 1.
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F.1 Fixed-Point Equations

Define subsets 11, S, L C [n] and integers m, k € [n] by
I ={ien]|yyu==x1}, S:={ien|a=~y}, L:={icn]l|a=—yy}, (12)
m:=E|S|=pn, k:=E|L =(1-p)n. (13)
Thus, S (resp. L) corresponds to the sample indices in the majority (resp. the minority) class.

One computes the logits as follows
n n n
T~ T 2 T
V; =X; W= E QT Ty =" E Qjzia; + g Q;S;S; + g Q€ €
J=1 J=1 J J=1

a+ Z?:l a]f;»rq, ifie SNIy, (14)
b+ 10@6?61, ificSnI_,

c—i—z 104]6 €, ifie LNy,

e—i—ZJ:laje;rel, ifielnli_,

where a, b, ¢, e € R are defined by

n
— A o~ _ 2
a4 1= YWspu + Weore = (7 Zj + Sj)ajv
j=1
n

b:= —YWspu — Weore = § 7 zZj + SJ ay,

Jj=1
. (15)
e .= ’Yﬂjspu — Weore = Z(’YQZj - Sj)aj’
j=1
n
C .= ﬂ)\core — Vﬁspu = 2(772Zj + Sj)aj
Jj=1
Observe that
b=—a, c=—e. (16)

The following lemma will be crucial to our proof.

Lemma F.1. Ifa > 0 and e > 0, then part (B) of Theorem ?? holds. On the other hand, if a > 0 and
e <0, then part (C) of Theorem ?? holds.

Proof. Indeed, for a random test point (z, a,y), we have

P(Crrum (%) = Cspu(2)) = P(zspu X 270 > 0) = P(Y2Wspu + YT spu@eore + Tspu, We > 0)
= P(—Zspu Be < V2 Wspu + YTspueore)

Now, independent of y, the random variable —x,,x/ @ has distribution N (0,02 ||@.||?). Now,

because @ = X " by construction, the variance can be written as o2 ||, ||? = o2|| X ||?, which is

itself chi-squared random variable which concentrates around its mean o#||c||?. Furthermore, thanks
to equation 19, ||a/|? < 1/(n)2), which vanishes in the limit ??. We deduce that

P(Cerum (7) = Cspu(2)) = P(VBspu + YZspuleore > 0)
= Ply@spu+eore >0} T (1= D)0 —eore >0}
=pliazoy + (1 = p)lie>0}-
Thus, if ¢ > 0 and e > 0, we must have P(Crra(z) = Copu(z)) = p+ 1 — p = 1, that is, part (B)
of Theorem 2.2 holds.
On the other hand, one has
P(Crra (%) = Ceore(2)) = P(Teore X @' @ > 0) = P(Weore + YT spu@spu > 0)
= P GepretvBepu >0t T (1 = P) U @egre —1@pu >0}
= ql{a>0} + (1 = @)1{e<0y,

where ¢ := P(a = y). We deduce that if a > 0 and e < 0, then P(Cgrar(z) = Ceore())
q+1—q=1,1i.e part (C) of Theorem ?? holds.

ol
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F.2 Structure of the Dual Weights

The following result shows that the dual weights a4, . .., «,, cluster into 4 lumps corresponding to
the following 4 sets of indices SN I, SNI_,LNI;,and LNI_.

Lemma F.2. There exist positive constants A, B, C, E > 0 such that the following holds with large
probability uniformly over all indices i € [n]

A, ifieSnI,,

, ~ -B, z-fZ'GSOI,7 a7
C, lf’L elLn I_;,.,
—-FE, ifielLnl_.
Furthermore, the empirical probabilities predicted by ERM are given by
1—7714, lf‘ZESﬁIJ,_,
nB, ifieSnNI_,
T — Yi — i = P 18
T =N 1—-nC, ifieLNnlIy, (18)
nk, ifteLNI_.
Proof. First observe that
1
< —. 19
lall < 1= (19)
Indeed, one computes
1< 1< n 1
2= — T < = 1< <5 =
led” = = ; mi)” < Pt <=,

T o T ~ 2 Qg 2
Next, observe that _, aje; €; = agllell® + D ji Qj€j €0 = oZaid. This is because ale|
concentrates around it mean which equals o2cv;d, while w.h.p,

nlogn /logn logn
TdSUP § O‘jeg €| S el = ol H\f < oA
i€n

The above is because A — Oand (log n)/d — 0 by assumption. Henceforth we simply ignore the
contributions of the terms » . i O e €;. We get the following equations in the limit equation ??

cla;d+a, ificSNI,,

o ola;d+b, ifieSNnI_,
") olad+e, ifieLnly,
cla;d+e, ifieLNI_,
(20)
1—s(c?a;d+a), ifieSNI,
nos = ys — s(vg) = —s(0?a;d +b), ifieSNI_,
v ! 1—s(c?a;d+c), ifieLnlIy,
—s(o?a;d + e), ifieLnli_.
Now, because of monotonicity of o, we can find A, B, C, E > 0 such that
A, ifie SNIiy,
o —-B, ifieSnNI_,
B Nel ific LN,
—-E, ifielnl_,
as claimed. O

We will make use of the following lemma.
Lemma F.3. In the unregularized limit A\ — 07, it holds that nA,nB,nC,nE € [0,1/2].

Proof. Indeed, in that unregularized limit, ERM attains zero classification error on the training dataset
(first part of Theorem 2.2). This means mean that 7; > 1/2 iff y; = 1, and the result follows. O
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F.3 Final Touch (Proof of Theorem ??

We resume the proof of Theorem 2.2. The scalars A, B, C, E must verify
nA =1—s(c?Ad +a) = s(—02Ad — a),
nB = s(—02Bd+b) = s(—0?Bd — a) = 1 — s(¢>Bd + a),

nE = s(—0?Ed +e), @b
nC =1-5(c2Cd+c)=1—5(c2Cd —e) = s(—0?Cd +e).
We deduce that
A=B, C=E, (22)
nA = s(—c2Ad —a), nE =s(—c’Ed+e). (23)

Proof of Part (C). In particular, for the noiseless case where o. — 07, we have nA ~ s(—a) and
nE ~ s(e). We know from Lemma F.3 that nA,nE < 1/2. This implies a > 0 and e < 0, and
thanks to Lemma F.1, we deduce part (C) of Theorem 2.2.

Proof of Part (B). In remains to show that a > 0 and e > 0 in the noisy regime o, > 0, and then
conclude via Lemma F.1.

Define N1 := |SNI4|, Ny := [SNI_|, Ng :=|LNI|, Ny :=|LnNI_|. Note that from the
definition of a, b, ¢, e in equation 15, one has

a= (v +1)(Ni + No)A = (v* = 1)(N3 + Nu)E,

e=(7* = 1)(N1 + N2)A = (v* + 1)(N3 + Na) B,

b=—a, c=—e, (24)
nA = s(—02Ad —a), nE=s(—0’Ed+e),
B=A, C=E.

We now show that a > 0 and e > 0 under the conditions d > logn and v > o, \/%
Indeed, under the second condition, the following holds w.h.p
oZd+ (v + (N1 + No) = (7? + (N1 + Nao) + 02d) ~ (7 + 1)m + old)
~ (Y +1)m~ (" +1)(N + No),
where we have used the fact that N; 4+ N5 concentrates around its mean m = pn. We deduce that
02Ad+a= (c2d+ (* + 1)(N1 + No))A — (42 — 1)(N3 + N, E

~ (2 4+ 1)(Ny + No)A — (72 = 1)(N3 + Ny)E

~ a,
from which we get.

1/2 > nA> s(—02Ad — a) = s(—(1 + o(1))a) = s(—a) + o(1),

i.e s(—a) > 1/2 — o(1). But this can only happen if a > 0.

Finally, the conditions d > logn and v > o.+/d/m imply v > Ko.\/d/k and g > K log(3n) for
any constant ' > 0. Theorem 1 of Pulietal. (2023) https://arxiv.org/abs/2308.12553
then gives e = YWgpy — Weore > 0, and we are done. O
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