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Machine learning models often rely on simple spurious features - patterns in
training data that correlate with targets but are not causally related to them,
like image backgrounds in foreground classification. This reliance typically
leads to imbalanced test performance across minority and majority groups. In
this work, we take a closer look at the fundamental cause of such imbalanced
performance through the lens of memorization, which refers to the ability to
predict accurately on atypical examples (minority groups) in the training set
but failing in achieving the same accuracy in the testing set. This paper sys-
tematically shows the ubiquitous existence of spurious features in a small set
of neurons within the network, providing the first-ever evidence that mem-
orization may contribute to imbalanced group performance. Through three
experimental sources of converging empirical evidence, we find the property
of a small subset of neurons or channels in memorizing minority group
information. Inspired by these findings, we hypothesize that spurious mem-
orization, concentrated within a small subset of neurons, plays a key role in
driving imbalanced group performance. To further substantiate this hypoth-
esis, we show that eliminating these unnecessary spurious memorization
patterns via a novel framework during training can significantly affect the
model performance on minority groups. Our experimental results across
various architectures and benchmarks offer new insights on how neural net-
works encode core and spurious knowledge, laying the groundwork for future
research in demystifying robustness to spurious correlation.

Machine learning models often achieve high overall performance, yet
struggle in minority groups due to spurious correlations - patterns
that align with the class label in training data but have no causal rela-
tionship with the target'. For example, considering the task of dis-
tinguishing cows from camels in natural images, it is common to find
95% cow images with grass backgrounds and 95% of camel images on
sand. Models trained using standard Empirical Risk Minimization

(ERM) often focus on minimizing the average training error by
depending on spurious background attributes ("grass” or “sand”)
instead of the core characteristics ("cow” or “camel”). In such settings,
models may yield good average accuracy but lead to high error rates in
minority groups ("cows on sand” or “camel on grass”)**. This illustrates
a fundamental issue: even well-trained models can develop systematic
biases from these spurious attributes in their data, thus leading to
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Fig. 1| Imbalanced group performance on waterbirds. Majority groups (G, and
G3) show a minimal gap between training and test accuracy, while minority groups
(G, and G,) yield a significantly larger discrepancy. Both models are trained

with ERM.

alarmingly consistent performance drop for minority groups where
the spurious correlation does not hold. Indeed, in Fig. 1, we present
both the training and test accuracy on the majority and minority
groups of the Waterbirds benchmark for two popular models: ResNet-
50° and ViT-small’. It is clear from Fig. 1 that the test performance is
poor on minority groups (1 and 2). Moreover, we observe that majority
groups have a smaller gap between the training and testing accuracy,
as compared to minority groups that have a more significant gap.
Thus, understanding the underlying causes of this unbalanced per-
formance between the majority and minority groups is crucial to their
reliable and safe deployment in various real-world scenarios’™°.

The minority groups are atypical examples to neural networks
(NNs), as these small subsets of examples bear a similarity to majority
groups due to the same spurious attribute, but have distinct labels.
Recent efforts have shown that NNs often ‘memorize’ atypical exam-
ples, primarily in the final few layers of the model'®", and possibly even
in specific locations of the model”?. Memorization, in this context, is
defined as the neural network’s ability to accurately predict outcomes
for atypical examples (e.g., mislabeled examples) in the training set
through ERM training. This is in striking analogy to the spurious cor-
relation issue, because 1) the minority examples are atypical examples
by definition, and 2) the minority examples are often more accurately
predicted during training but poorly predicted during testing, as
demonstrated in Fig. 1. Therefore, a natural open question arises: Does
memorization play a role in spurious correlations?

In this work, we present the first study to systematically under-
stand the interplay of memorization and spurious correlations in deep
overparametrized networks. We undertake our exploration through
the following avenues: 1) What makes the comprehensive condition for
the existence or non-existence of spurious correlations within NNs? 2)
How do NNs handle atypical examples, often seen in minority groups,
as opposed to typical examples from majority groups? and 3) Can NNs
differentiate between these atypical and typical examples in their
learning dynamics?

To achieve these goals, we show the existence of a phenomenon
named spurious memorization. We define ‘spurious memorization” as
the ability of NNs to accurately predict outcomes for atypical (i.e.,
minority) examples during training by deliberately memorizing them
in certain part of the model. Indeed, we first identify that a small set of
neurons is critical for memorizing minority examples. These critical
neurons significantly affect the model performance on minority
examples during training, but only have minimal influence on majority
examples. Furthermore, we show that these critical neurons only
account for a very small portion of the model parameters. Such a
memorization by a small portion of neurons causes the model per-
formance on minority examples to be non-robust, which leads to the
poor testing accuracy on minority examples despite the high training

accuracy. Overall, our study offers a potential explanation for the
differing performance patterns of NNs when handling majority and
minority examples.

Our systematic study is performed in two stages. In Stage I, to
verify the existence of critical neurons, we identify two experimental
sources to trace spurious memorization at the neuron and layer level.
These two sources are unstructured tracing (assessing the role of
neurons within the entire model for spurious memorization using
heuristics including weight magnitude and gradient) and structured
tracing (assessing the role of neurons within each individual layer with
similar heuristics). Specifically, by evaluating the impact of spurious
memorization via unstructured and structured tracing at the magni-
tude and gradient level, we observe a substantial decrease in minority
group accuracy, contrasting with a minimal effect on the majority
group accuracy. This suggests that at unstructured and structured
level, the learning of minority group opposes the learning of majority
group, and indicates that 1) critical neurons for spurious memorization
indeed exist within NNs; 2) both gradient and magnitude criteria are
effective tools for identifying these critical neurons; and 3) NNs tend to
memorize typical examples from majority groups on a global scale,
whereas a miniature set of nodes (critical neurons) is involved in the
memorization of minority examples to a greater extent than other
neurons. Overall, we provide converging empirical evidence to con-
firm the existence of critical neurons for spurious memorization.

In Stage I, inspired by the observations above, we develop a fra-
mework to investigate and understand the essential role of critical
neurons in spurious memorization that would incur the imbalanced
group performance of NNs. Specifically, we construct an auxiliary
model which is an adaptively pruned version of the target model, and
then contrast the features of this auxiliary model with those of the
target model. Our motivation comes from recent empirical finding”
that pruning can improve a network’s robustness to accurately predict
rare and atypical examples (minority groups in our case). This allows
the target model to identify and adapt to various spurious memor-
ization at different stages of training, thereby progressively learning
more balanced representations across different groups. Through
extensive experiments with our training algorithm across a diverse
range of architecture, model sizes, and benchmarks, we confirm that
the critical neurons have emergent spurious memorization properties,
thereby more friendly to pruning. More importantly, we show that
majority examples, being memorized by the entire network, often
yield robust test performance, whereas minority examples, memor-
ized by a limited set of critical neurons, show poor test performance
due to the miniature subset of neurons. This provides a convincing
explanation for the imbalanced group performance observed in the
presence of spurious correlations.

Concretely, we summarize our contributions as follows: (1) To the
best of our knowledge, we present the first systematic study on the
role of different neurons in memorizing different group information,
and confirm the existence of critical neurons where memorization of
spurious correlations occurs. (2) We show that modifications to spe-
cific critical neurons can significantly affect model performance on the
minority groups, while having almost negligible impact on the majority
groups. (3) We propose spurious memorization as a new perspective
on explaining the behavior of critical neurons in causing imbalanced
group performance between majority and minority groups.

Results

Identifying the existence of critical neurons

We validate the existence of critical neurons in the presence of spur-
ious correlations. We comprehensively examine the underlying beha-
vior of ‘critical neurons’ on the Waterbirds dataset with the ResNet-50
backbone. Within this section, the term ‘neurons’ specifically refers to
channels in a convolutional kernel. It is worth noting that the Water-
birds dataset comprises two majority groups and two minority groups.
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For clarity in our discussions and figures, we use the following nota-
tions, aligned with the dataset’s default setting: The majority groups
are G, (Landbird on Land) and G; (Waterbird on Water), while the
minority groups are G; (Landbird on Water), G, (Waterbird on Land).

In the following discussion, we consider the model as f(6, - ), with
0 representing the collection of all neurons. Individual neurons are
denoted as z;, for i € [M]: = {1, --- , M}, and 0 can be expressed as
0 = {z;, z,, --- , 7»4. For the training data, we use D, D;, D,, D; to
represent the datasets, where D; comprises examples from group G;,
for eachj € {0, 1, 2, 3}, respectively. Finally, let £ signify the cross-
entropy loss. We emphasize that all the group accuracy evaluated
before and after pruning in this section is evaluated on the training set,
which strictly complies with the definition of memorization from
Section Introduction.

To begin with, we adopt unstructured tracing to assess the effect
of neurons on spurious memorization across the entire model, using
weight magnitude and gradient as criteria. For the gradient-based
criterion, we begin with a model trained by ERM. We then select the
neurons with the largest gradient, measured in the ¢, norm, across the
entire model. Zeroing out these neurons, we can then observe the
resultant impact on group accuracy. To be specific, we compute the
loss gradient for each of the 4 Waterbirds groups. The loss gradient
v( ) on groupj w.r.t. neuron i is defined as

_0L(f(6,D))

V(i,j)— az. ,i € {L :M}§j € {O, 13} (1)

For each group j, we select those neurons i's of which the ||v(i, )|, are
the top-k largest among all M neurons. In our experiments, we evaluate
cases with k =1, 2, 3. We demonstrate that even just pruning the top-1
largest gradient neuron can significantly affect the minority group
training accuracy. We denote the indices of these neurons as Z;, where
7;is asubset of {1, --- , M}. To assess the importance of these selected
neurons in memorizing examples, we zero them out and calculate the
change in group accuracy on the training set. The pruned model is
identified as film; © 6, - ), where m; is a mask with neurons in Z; being
masked. The change in accuracy A4,.. for each group j is given by
Ay () = lace(D;, (8, 1)) — acce(D;, f(m; © 6, )|, where acc represents
the accuracy. In our experiments below, all the group accuracy change
is based on the following training accuracy: 97.34% (G,), 47.83% (G,),
69.64% (G,), 97.63% (G;). For completeness, we also report the baseline
test accuracy: 96.98% (G,), 35.68% (G;), 56.98% (G,), and 96.26% (G5).
The baseline test accuracy follows the same pattern as the training
accuracy.

Similarly, when using magnitude as the selection criterion, the
tracing procedure remains the same except that we zero-out the
neurons with the largest magnitude measured in £, norm. That is,
instead of ||v(i, j)||», we select neurons with largest ||z;,. It is worth
noting that the magnitude-based selection approach here is group
invariant - the magnitude used for selection does not vary with the
model’s input.

We demonstrate that zeroing out the top-1 to top-3 critical neu-
rons can significantly impact the training accuracy of minority groups.

300

200 A B

100 A B

Neuron Counts

A natural inquiry arises: are three neurons sufficient? In essence, we
investigate whether pruning additional neurons can amplify the per-
formance drop. Thus, we conduct an ablation study varying the
number of pruned neurons. The findings are summarized in Table 3 (in
Supplementary materials). We assert that similar trends persist as
observed in Fig. 2, despite altering the number of pruned neurons.
Notably, the decline in performance among minority groups (G; and
G,) exceeds that of majority groups (G, and G), even with an increase
to 10 neurons pruned.

In our study, we plot the change in accuracy, 4,..(j), for each
group j as shown in Fig. 2. For every group, we consider three sce-
narios: pruning the top-1, top-2, and top-3 neurons, which corresponds
to the 3 bars for each group in Fig. 2 Note that we limit our reporting to
the results involving up to 3 critical neurons based on experimental
findings indicating that pruning the top-3 neurons is adequate. This
decision is supported by the number of pruned neurons, detailed in
Supplementary Materials Table 3 (in Supplementary materials). It can
be clearly observed that the accuracy of minority groups exhibits
significant shifts, while the accuracy of majority groups shows only
minimal impact. Specifically, for the majority groups G, and G;, the
maximum of the group accuracy shifts stands at 2.15% when we zero
out the top 3 neurons with the largest gradient. While for minority
group G, and G,, the maximum of the group accuracy shifts stands at
11.96% when we zero out the top 2 neurons with the largest gradient.
This is a sharp contrast between the groups, where accuracy shifts
significantly, underscoring the critical role of selected neurons in
memorizing minority examples at both gradient and magnitude levels.
Meanwhile, the substantial contrast in accuracy shifts between
majority and minority groups provides initial evidence that the mod-
el’s performance on minority groups can be solely dependent on a few
neurons, occasionally even as few as three or fewer.

Interestingly, we observe that both the gradient-based and
magnitude-based criteria can yield similar effects. We show in the
following that it is attributed to an overlap in the distribution of critical
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Fig. 2| Group accuracy change by pruning Top-k neuron(s) with gradient-based
(left) and magnitude-based (right) criterion. Within each group g, three bars with
gradated hues indicate the accuracy shift after zeroing out the neurons with the
top-1, top-2, and top-3 largest gradients or magnitudes, respectively. Note that the
minority groups G; and G, are emphasized with the star superscript (*).
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Fig. 3 | Largest gradient neurons’ magnitude ranking distribution (left) and largest magnitude neurons’ gradient ranking distribution (right). The x-axis per-
centage refers to the relative ranking of neurons' gradients or magnitudes across the entire network (0%: smallest, 100%: largest).
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neurons identified by each criterion. To delve deeper, in Fig. 3, we
analyze the relative magnitude ranking among all neurons for the
neurons with the largest gradient, and the relative gradient ranking for
neurons with the largest magnitude. In the left of Fig. 3, we show the
magnitude ranking for the neurons with top 0.01% largest gradient,
and Fig. 3 right subfigure demonstrates the gradient ranking for the
top 0.01% largest magnitude neurons. In both histograms, there is a
noticeable clustering in the rightmost two bins (ranging from 95% to
100%). This suggests that the neurons with the highest magnitudes
tend to exhibit large gradients, and the neuron with the largest gra-
dient often coincides with a high weight magnitude. This finding
provides tantalizing evidence of the similar distribution of critical
neurons under both criteria and explains the matching phenomenon
observed between the two criteria.

Our experiments thus far offer preliminary evidence for the
existence of critical neurons. To gain a more comprehensive under-
standing, we explore alternatives to pruning, especially studying the
effects of random initialization and random noise. These two experi-
ments are motivated by our desire to investigate the effects of per-
turbation from two perspectives: perturbation on the original neuron
weights and perturbation on the pruned neurons. By examining these
perturbations, we draw more credible supporting evidence on the
existence of critical neurons by evaluating the sensitivity of group
accuracy to specific neurons more comprehensively.

To implement random initialization, instead of performing
pruning on the selected neurons, we opt to initialize them randomly
using a zero-mean Gaussian random variable. That is, we replace the
neuron weight z; with Z, = ¢; where €; ~ NV'(0, 6%). The accuracy change
is formulated as:

Aaec(J) = lace(D;, £(8, ) — ace(D;, (8, ), )

where = {Z)igz, U (Zi);g,- The result is in Fig. 4.

To implement random noise, we add an extra noise term, which is
a zero-mean Gaussian random variable, to the selected neurons, i.e.,
Z;=1;+¢;, where ¢; ~ N'(0, 6%). The result is shown in Fig, 5.

In Figs. 4 and 5, we found that 1) the results from random initi-
alization (o = 0.005) closely resemble those from the pruning method.
Notably, the minority groups show a 2-12% shift in group accuracy
compared to the majority groups’ 0-2.6% shift, since random initi-
alization converges to pruning as the standard deviation of the Gaus-
sian random variables {e;};; decreases; 2) with random noise added
(0 =0.005), the accuracy changes in minority groups still surpass those
in majority groups. We also observe that the extent of accuracy change
with random noise is much smaller than that observed with random
initialization and pruning. This occurs because, in the presence of
random noise, neuron values are not reset to a mean-zero state,
allowing their initial values to impact the model’s performance across
different groups. Moreover, we conduct the additional unstructured
tracing experiment on CelebA, as shown in Table 11 (in Supplementary
materials). We can see that the results for the minority group of CelebA
align with those obtained on the Waterbirds dataset. As shown in
Table 13 (in Supplementary materials), our results in the Waterbirds
dataset reveal that when modifying critical neurons, the training
accuracy for minority groups (G; and G,) consistently drops across
nearly all experimental setups, whereas the corresponding test accu-
racy remains relatively stable. This discrepancy reinforces the inter-
pretation that these neurons play a memorization role. Furthermore,
the raw values reported in Table 14 (in Supplementary materials) fur-
ther substantiate these findings, showing that for minority groups,
training accuracy decreases consistently in all experimental settings
and for every choice of k in the top-k analysis. Together, these results
provide compelling evidence that identified critical neurons are pri-
marily responsible for memorization in minority groups, rather than
affecting overall generalization. Additional experimental results on
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Fig. 4 | Group accuracy change by random initialize Top-k neuron(s) with
gradient-based (left) and magnitude-based (right) criterion. For each group, 3
bars with gradated hues indicate the accuracy shift after random initializing top-1,
top-2, and top-3 neurons with the largest gradient or magnitude, respectively.
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Fig. 5| Group accuracy change by adding random noise to Top-k neuron(s) with
gradient-based (left) and magnitude-based (right) criterion. For each group, 3
bars of gradated hues indicate the group accuracy change after adding random
noise to top-1, top-2, and top-3 neurons with largest gradient or magnitude.

random initialization and random noise with various standard devia-
tions can be found below.

For all random initialization (Fig. 11 in Supplementary materials)
and noise-adding (Fig. 12 in Supplementary materials) experiments, we
choose the random variable with multiple standard deviations to
validate the existence of critical neuron. For each subfigure in
Figs. 11 and 12 (in Supplementary materials), the results is averaged
over 10 random seeds.

Overall, regardless of the scale variation in the accuracy shifts, our
experiments using pruning, random initialization, and random noise
consistently demonstrate that the accuracy of minority groups is sig-
nificantly sensitive to the alteration of a handful of selected neurons.
This finding suggests that a small subset of critical neurons contributes
more significantly to the memorization of minority examples during
training than other neurons. Moreover, it validates that both gradient-
based and magnitude-based criteria are effective in identifying these
critical neurons.

In unstructured tracing, we select neurons from the entire
model without considering any sub-structures (i.e., layers, blocks)
of networks. To gain a deeper understanding of how these sub-
structures influence memorization, we use structured tracing for
probing and comprehending the role of sub-structures in the net-
works. Specifically, we begin by fixing a particular layer, and then
selecting neurons within the layer to assess the importance of these
neurons in memorizing examples from groups. We still employ
either gradient-based or magnitude-based criterion for neuron
selection, but the scope of this specific experiment is confined to
the individual layer. This process is identically repeated for each
layer in the entire model.
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In Fig. 7 (in Supplementary materials), we employ a heatmap to
visualize how accuracy changes across different groups when we
selectively zero-out a subset of neurons within a specific layer. What
becomes evident is that deactivating the same number of neurons with
the highest gradients or magnitudes within a layer consistently leads to
a more significant shift in accuracy for the minority groups compared
to the majority groups. This difference is clearly discernible in the
brighter color associated with the minority groups G, and G, in the
middle two rows. Furthermore, we notice that these within-layer cri-
tical neurons appear to be distributed across multiple layers in the
early stages of the model, rather than being confined to the final few
layers. This finding aligns with the literature which indicates that the
memorization of atypical examples can be distributed and localized
throughout the neural networks®.

Spurious memorization by critical neurons

In the aforementioned findings, our experiments have empirically
demonstrated the presence of a small set of critical neurons involved
in the memorization of minority examples during training. This
underscores the role of spurious memorization as a significant factor
in imbalanced group performance. In this section, we take a further
step in demystifying the cause of imbalanced group performance
under spurious correlation, particularly focusing on the discrepancy in
the test accuracy between majority and minority groups.

To further validate the hypothesis that spurious memorization is a
key factor in the imbalanced group performance, we investigate
whether countering spurious memorization during training could lead
to improved test accuracy on minority groups. Our findings affirma-
tively answer this question. By specifically targeting and removing
spurious memorization via a specialized fine-tuning framework, we
observe a consistent improvement in the test accuracy for minority
groups. We report extensive experimental results across different
model architectures, including ResNet-50 and ViT-Small, and on
benchmark datasets including Waterbirds"* and CelebA”, providing
comprehensive analysis on the effects of spurious memorization on
imbalanced group performance.

Figure 9 (in Supplementary materials) summarizes our fine-tuning
framework for analyzing spurious memorization. By default, our fra-
mework is built upon simCLR', adhering to its key components such
as data augmentations and the non-linear projection head. The pri-
mary distinction between ours and simCLR is centered around two
models: a target model and an auxiliary model. The auxiliary model is
essentially a pruned version of the target model, where certain critical
neurons are masked while the remaining neurons retain the same
weights as the target model. This allows the framework to feed two
augmented images into separate models, yielding two distinct feature
representations for contrasting with each other.

More specifically, we begin with the target model, represented as
f(@, - ), where @ denotes the model weights. These weights are initi-
alized by pretraining the model using ERM. The next stage involves
fine-tuning the target model. To this end, we construct a pruned
model, flm © 6, - ), with m being a masking vector. The mask is created
based on criteria derived from either gradient or magnitude, as
inspired in the previous findings. In our experiments, we zero-out the
top 0.01% of neurons based on their £,-norm of their gradient or
magnitude, where 0.01% serves as a hyperparameter.

To calculate the gradient, it is worth noting that for gradient cal-
culation, we do not rely on group labels as in the previous findings, but
instead use the model’s predictions as pseudo labels for sample
selection. During each epoch, we calculate the cross-entropy loss for
each sample, select the top 256 samples with the highest loss, and
randomly sample 128 out of them to form the batch for gradient
computation.

During training, contrasting output features of the two models -
target and auxiliary - enables adaptive online identification of critical

neurons for the current target model. This approach implicitly gives
greater emphasis to these samples in the loss function, effectively
tailoring the training process to bolster the model in recalling these
challenging forgotten examples. In particular, the key innovation in
our training framework is to restrict the target model’s tendency to
memorize atypical examples using only a small set of neurons. Inspired
by the observation® that pruning reduces a model’s prediction accu-
racy on rare and atypical instances, we enforce feature alignment by
adopting the NT-Xent loss” as we find that these samples typically
exhibit the greatest prediction disparities between the pruned and
non-pruned models. Utilizing pruning as an experimental tool will
amplify the prediction disparity between the pruned and non-pruned
models, resulting in an implicit rebalancing of the loss.

Consider an arbitrary input image x, and denote by x’ and x" two
augmentations of x. The loss term on the input x (together with its
positive and negative pairs) can be formulated as:

exp(sim(r, r,) /T)

3
>k exp(sim(r, 1) /1)’ ©)

Lnt_xent(0,X)= — log

where ris the output feature of input x by the target model f(0, X'), r,, is
the output feature of the auxiliary model fim © 6, X), and r, is the
output feature of negative pairs. And 7 is the loss temperature, and
sim( -, - ) is the cosine similarity: sim(u, v) = u - v/(||u| - ||b])).
Additionally, we incorporate a supervised loss for the target
model. Interestingly, we found that the Mean Squared Error (MSE) loss
had a more pronounced effect than the Cross Entropy (CE) loss in our
experiments'®. Thus, we adopt the MSE loss, as defined as:

Lyse(@.X,y)= 1|y —YI3, (4)

wherey is the one-hot vector of the ground-truth class of input x, and y
is the model prediction vector. The final loss function is formulated as:

‘Ctotal (0, X, y) = ‘CNT(Br X) + /]"CMSE(OI X, )’): (5)

where A > 0 is a hyperparameter for balancing loss terms.

In summary, we initiate the process by pretraining the target
model using ERM and subsequently fine-tune it further using the
above-mentioned framework for a few additional epochs. At the start
of each fine-tuning epoch, we create an auxiliary model by pruning a
small portion of neurons from the target model based on either gra-
dient or magnitude. The target and auxiliary models are then trained to
align their output features with each other, fostering robust learning.

In this study, our primary objective is to investigate whether
mitigating spurious memorization can lead to an enhancement in the
test accuracy of minority groups. The findings are illustrated in Fig. 6,
where we compare the Worst Group Accuracy (WGA) between
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Fig. 6 | Comparison of Worst Group Accuracy (WGA) across various archi-
tectures and datasets. The light-colored bars corresponds to the standard ERM
training, and the dark color corresponds to our proposed framework.
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standard ERM training and our proposed framework. The WGA for
ERM training is evaluated by the testing set with the best-performing
checkpoint (on the validation set) among the first 100 epochs. Notably,
we observe a significant increase in WGA under all scenarios. Specifi-
cally, with the ResNet-50 backbone, we observe a significant 16.87%
and 10.77% improvement in WGA for the Waterbirds and CelebA
datasets, respectively. Similarly, on ViT-Small model, we observe
23.83% and 9.45% improvements in WGA. Furthermore, the statistical
summary is included in Table 12 (in Supplementary materials).

It is important to highlight that our auxiliary model is essentially a
pruned version of the target model, with only 0.01% of the neurons
being masked. Despite this seemingly small modification, the con-
sistent performance boost in WGA across different architectures and
datasets is strikingly remarkable. This improvement suggests that by
strategically disrupting the spurious memorization mechanism
through contrasting two model branches, we can guide the target
model to learn atypical or minority examples more robustly. These
findings lend further support to our hypothesis that spurious mem-
orization contributes to imbalanced group performance. Additionally,
we have conducted comprehensive ablation studies to explore various
aspects of our framework, including the choice of kick-in and fine-
tuning epoch, loss balancing term A, pruning ratio, different gradient
sources, and loss function.

In the following, we perform extensive ablation studies to offer a
more comprehensive perspective of the framework. All the ablation
experiments are conducted using the Waterbirds dataset with the
ResNet-50 model. (1) Loss Functions: we use MSE as one of the loss
terms in the model fine-tuning (see Eqs. (4) and (5)). Here we compare
MSE with Cross Entropy (CE) loss. Using CE, the final loss becomes
Liowal(0,X,¥) = Ly1(0,X) + AL (0, X,y), as compared to Eq. (5). The
result is shown in Supplementary Table 4. We observe that MSE is more
effective in terms of WGA gain than CE under the same pruning per-
centage. Still, both choices manifest significant WGA gain against ERM,
corroborating our hypothesis that spurious memorization in the cri-
tical neurons might play a critical role in imbalanced group perfor-
mance. (2) Kick-in Epoch: in our training framework, we first pretrain
the target using ERM for 40 epochs and then switch to a fine-tuning
stage with loss function Eq. (5). In other words, our framework kicks in
at epoch 40. Here we test different choices of the kick-in epoch. The
result is shown in Table 5 (in Supplementary materials). Overall, we see
that epoch 30 is not effective, while the choice of 40, 50, and 60 all
return meaningful returns. This reason is that the ERM training of the
target model has not converged yet at epoch 30. (3) Number of Fine-
tuning Epochs: we then compare the number of epochs for the fine-
tuning stage. The result is shown in Table 6 (in Supplementary mate-
rials). Observe that, there is no difference between the result for using
20 or 30 fine-tuning epochs. This is because the best model check-
point appears within 20 epochs. The result indicates that fine-tuning
for more epochs is unnecessary. (4) Data Source for Gradient Calcu-
lation: we compare different source of gradient in the calculation of
gradient-based criterion. As introduced before, the neuron gradient is
computed on a selected subset of training data. By default, this subset
is chosen as the worst predicted examples by the target model in terms
of the CE loss. From Table 7 (in Supplementary materials), we observe
that, calculating the gradient on the subset of worst predicted exam-
ples from the minority groups does not show any benefit. Considering
the fact that using minority groups as the gradient source requires
access to the group label which is sometimes unavailable, we suggest
using the full training set as the gradient source. (5) Loss Term Ratios:
we compare different choice of the loss term ratio A in Eq. (5). The
result is shown in Table 8 (in Supplementary materials). (6) Pruning
Percentage: we compare different choice of pruning percentage for
both the gradient-based criterion and magnitude-based criterion. The
result is shown in Table 9 (in Supplementary materials). (7) Combined
Pruning Criteria: we test a mixed pruning criterion which combines the

gradient-based criterion with the magnitude-based one. The result is
shown in Table 10 (in Supplementary materials).

To interpret the outcome of the trained neural networks by ERM
and our fine-tuning strategy, we visualize the GradCAM on ResNet-50
trained by solely ERM and our fine-tuning strategy. The target layer is
set to layer4.2.conv3.weight, and the target dimension in output fea-
ture is set to dimension 0. Figure 10 (in Supplementary) clearly shows
that by our fine-tuning strategy, the neural network shifts its focus
from the spurious element (i.e.,, background) to the main object
(i.e., bird).

Discussion

In this paper, we conduct the systematic investigation aimed at
uncovering the root structural cause of imbalanced group perfor-
mance in the presence of spurious correlations. This phenomenon is
characterized by both majority and minority groups achieving high
training accuracy, yet minority groups experiencing reduced testing
accuracy. Our comprehensive study verifies the presence of spurious
memorization, a mechanism involving critical neurons significantly
influencing the accuracy of minority examples while having minimal
impact on majority examples. Building upon these key findings, we
demonstrate that by intervening with these critical neurons, we can
effectively mitigate the influence of spurious memorization and
enhance the performance on the worst group. Our findings shed light
on the reasons behind NNs demonstrating robust performance with
majority groups but struggling with minority groups, and establish
spurious memorization as a pivotal factor contributing to imbalanced
group performance. We hope that our discoveries offer valuable
insights for practitioners and serve as a foundation for further
exploration into the intricacies of memorization in the presence of
spurious correlations.

Mitigating spurious correlations in machine learning and statis-
tical models is a key step towards crafting more reliable and trust-
worthy medical Al. Our research uncovers that by eliminating spurious
memorization, we can pinpoint critical neurons, whose modification
significantly influences the model’s performance, particularly in
recognizing minority groups. Concerning privacy risks, these are
relatively low in our approach, as the analysis requires existing access
to the dataset and the capability to train models. Looking forward, our
future research will aim to address challenges within the broader scope
of spurious correlations, extending beyond vision applications to
include language datasets, among others. This expansion will help in
developing Al solutions that are more versatile and universally
applicable.

Methods

Datasets and models

In our study, we conduct experiments on two popular benchmark
datasets for spurious correlation: Waterbirds'*, and CelebA”. We
comprehensively evaluate the extent to which spurious memorization
exists in the large pre-trained models (ResNet-50° and ViT-Small®) on
ImageNet”. Note that we report the average performance of 10 inde-
pendent runs with different random seeds for experiments including
unstructured tracing and structured tracing. In the experiments
detailed in Section Results, we strictly adopt the standard dataset splits
for both Waterbirds and CelebA, following the setting in ref. 20. Our
adoption of ResNet or ViT models pre-trained on ImageNet is con-
sistent with the main literature”*. Furthermore, the high baseline
accuracy achieved by pre-trained models is critical for studying
memorization, which is a focal point of our study.

Identification of critical neurons

For identifying critical neurons, we utilize two key metrics: gradient-
based and magnitude-based criteria. Here, gradient refers to the gra-
dients calculated during backpropagation with respect to a specific
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data batch. Magnitude, on the other hand, is determined by the norm
of neuron weights. Details of data batch selection are given in Section
Results.

Neurons and layers

For our study on convolutional neural networks (e.g., using ResNet-50
as the backbone), we consider channels as the basic units in order to
preserve the channel structure, as suggested in prior work'>. On the
other hand, for our study involving Vision Transformer (e.g., using ViT-
Small as the backbone), we consider individual neurons as the basic
units. Therefore, for ease of reference in our study, we use the term
‘neuron’ to collectively refer to both channels in ResNet-50 and neu-
rons in ViT-Small.

Experimental setup

In all our experiments, we keep the experimental setup consistent. We
use a single NVIDIA Titan RTX GPU. We conduct our experiments using
PyTorch 1.13.1+cull7 and Python 3.10.4, to ensure reproducibility.

Data preprocessing

Our dataset preprocessing remains consistent across all datasets and
experiments. For details, please refer to Table 1 (in Supplementary
materials). These steps ensure that the resulting image size is 224 x 224
pixels, suitable for both ResNet-50 and ViT-S/16@224px. Following
these augmentation steps, we normalize the image by subtracting the
average pixel values (mean =[0.485, 0.456, 0.406]) and dividing by the
standard deviation (std =[0.229, 0.224, 0.225]). This normalization
procedure aligns with the approach used in CLIP**. No further data
augmentation is applied after these steps.

Hyperparameters
A comprehensive collections of hyperparameters and their values is
presented in Table 2 (in Supplementary materials).

Implementation details
In Section Results, we implemented the ERM with specific configura-
tions. We utilized an Adam optimizer with a weight decay of 0 and a
momentum of 0.9. The learning rate was set at a fixed value of 1 x 107,
and the models were trained for a total of 100 epochs. To dynamically
adjust the learning rate, we employed a ReduceLROnPlateau sche-
duler, which reduces the learning rate by a factor of 0.5 after a patience
of 3 epochs. For the ERM method, the batch size used in the ERM
process was set to 256, and the model’s parameters were initialized
with torchvision.models.ResNet50 Weights.IMAGENETIK_ V2. In our
experiments involving gradient-based neuron modification, we first
curated a set of 256 worst-performing samples. From this set, we
randomly sampled 128 samples for calculating both the loss and the
gradient. Our model selection process remained consistent across all
methods. After each epoch, we evaluated the model’s performance on
the validation set and selected the model with the highest worst-group
accuracy as the final model for testing. It's important to note that all
accuracy metrics reported in this paper are derived from the test set.
Figure 3 presents an analysis of the distribution and relative
rankings of neurons in two aspects: their gradient magnitude for
neurons with the highest magnitudes, and their magnitude for neurons
with the largest gradients. Specifically, in a model’s convolutional
layer, each neuron possesses a magnitude (the norm of the weight) and
a gradient magnitude (the norm of the gradient). In the upper part of
Fig. 3, we select neurons from the convolutional layer that are in the
top 0.01% in terms of gradient magnitude. We then calculate the per-
centage rank of these selected neurons based on their magnitude
compared to all neurons in the convolutional layer. Similarly, in the
lower part of Fig. 3, we select neurons that are in the top 0.01% in terms
of weight magnitude and calculate the percentage rank of these based
on their gradient magnitude relative to all neurons in the convolutional

layer. Both histograms in Fig. 3 show a significant concentration in the
two rightmost bins (which represent the range from 95% to 100%). This
indicates that neurons with the highest weight magnitudes tend to
have large gradients, and neurons with the highest gradients often
have substantial weight magnitudes. This observation provides intri-
guing evidence of a similar distribution pattern for critical neurons
under both criteria, explaining the observed correlation between these
two metrics.

All the methods we assess utilize an Adam optimizer with a
weight decay of 0 and a momentum of 0.9. The learning rate is held
constant at 2 x 10~* throughout the training process, which lasts for
20 epochs. Additionally, we implement a ReduceLROnPlateau
scheduler, which dynamically adjusts the learning rate. This sche-
duler reduces the learning rate by a factor of 0.5 and waits for 1
epoch before making adjustments. In our experiments involving
gradient-based pruning, we selected 256 of the poorest-performing
samples and then randomly sampled 128 from this group to calcu-
late both the loss and the gradient. Our model selection standard
remains uniform across all methods. After each epoch, we evaluate
the model’s performance on the validation set and choose the one
that achieves the highest worst-group accuracy as the final model
for testing. It’s important to note that all accuracy metrics pre-
sented in this paper are derived from the test set. For selecting
positive and negative pairs, within our framework, we define posi-
tive pairs in contrastive learning as the output features that origi-
nate from the same input image. Conversely, when dealing with
output features from different images within the batch, we regard
them as negative samples relative to the current feature.

Data availability

The Waterbirds dataset is available at https://github.com/kohpangwei/
group_DRO, formed from https://www.vision.caltech.edu/datasets/
cub_ 200 2011/ and http://places2.csail. mit.edu/. And the CelebA
dataset is available at http://mmlab.ie.cuhk.edu.hk/projects/CelebA.
html/. All requests from institution-affiliated researchers for access to
processed data for purposes of study validation will be considered and
should be directed to C.Y. (chenyu.you@yale.edu), and will be handled
within 1 month. Source data are provided with this paper.

Code availability
The code that supports the findings of this study is available at https://
github.com/aarentai/Silent-Majority.
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