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Abstract—Overfitting in deep neural networks occurs less
frequently than expected. This is a puzzling observation, as
theory predicts that greater model capacity should eventually
lead to overfitting — yet this is rarely seen in practice. But
what if overfitting does occur, not globally, but in specific
sub-regions of the data space? In this work, we introduce a
novel score that measures the forgetting rate of deep models
on validation data, capturing what we term local overfitting:
a performance degradation confined to certain regions of the
input space. We demonstrate that local overfitting can arise
even without conventional overfitting, and is closely linked to
the double descent phenomenon.

Building on these insights, we introduce a two-stage approach
that leverages the training history of a single model to recover
and retain forgotten knowledge: first, by aggregating check-
points into an ensemble, and then by distilling it into a single
model of the original size, thus enhancing performance without
added inference cost. Extensive experiments across multiple
datasets, modern architectures, and training regimes validate
the effectiveness of our approach. Notably, in the presence
of label noise, our method — Knowledge Fusion followed by
Knowledge Distillation — outperforms both the original model
and independently trained ensembles, achieving a rare win-win
scenario: reduced training and inference complexity.

Index Terms—Overfitting, Double Descent, Knowledge Dis-
tillation, Noisy Labels, Ensemble Learning

I. INTRODUCTION

Overfitting a training set is considered a fundamental chal-
lenge in machine learning. Theoretical analyses predict that
as a model gains additional degrees of freedom, its capacity
to fit a given training dataset increases. Consequently, there
is a point at which the model becomes too specialized
for a particular training set, leading to an increase in its
generalization error. In deep learning, one would expect to
see increased generalization error as the number of parame-
ters and/or training epochs increases. Surprisingly, even vast
deep neural networks with billions of parameters seldom
adhere to this expectation, and overfitting as a function of
epochs is almost never observed [1]. Typically, a significant
increase in the number of parameters still results in enhanced
performance, or occasionally in peculiar phenomena like the
double descent in test error [2], see Section III. Clearly,
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Fig. 1. Local overfitting and forgetting in a binary classification problem,
where blue and red denote the two classes. Test samples from the blue class
are marked with X’s, and test samples from the red class with circles. The
initial (left) and final (right) decision boundaries of a hypothetical learning
method are shown, with prediction errors circled in black. Although the final
classifier achieves lower generalization error, one test point that was initially
classified correctly becomes misclassified by the end, illustrating forgetting.

there exists a gap between our classical understanding of
overfitting and the empirical results observed when training
modern neural networks.

To bridge this gap, we present a fresh perspective on
overfitting. Instead of solely assessing it through a decline
in validation accuracy, we propose to monitor what we
term the model’s forget fraction. This metric quantifies the
portion of test data (or validation set) that the model initially
classifies correctly but misclassifies as training proceeds (see
illustration in Fig. 1). Throughout this paper we term the
decline in test accuracy as forgetting, to emphasize that the
model’s ability to correctly classify portions of the data is
reduced.

In Section III, we investigate various benchmark datasets,
observing this phenomenon even in the absence of overfitting
as conventionally defined, i.e., when test accuracy increases
throughout. Notably, this occurs in competitive networks
despite the implementation of modern techniques to mitigate
overfitting, such as data augmentation and dropout. Our
empirical investigation also reveals that forgetting of patterns
occurs alongside the learning of new patterns in the training
set, explaining why the traditional definition of overfitting
fails to capture this phenomenon.

Based on the empirical observations reported in Section III,
we propose in Sections IV-V a two phase method that can
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TABLE I
SUMMARY OF METHOD COMPLEXITY AND PERFORMANCE
Complexity Ranking

Method Training Inference Label Noise  Clean Data
Single Model Low Low 5 5
Independent Ensemble High High 2-3 1
Distilled Independent Ensemble High Low 2-3 3-4
Knowledge Fusion (KF) Low High 4 3-4
Distilled KF Ensemble Low Low 1 2

Each method is ranked from 1 (best) to 5 (worst) based on its average
performance across multiple datasets (see Table IV). Note that distilled KF
offers the best performance-efficiency trade-off, ranking first with label noise
and second on clean data, while maintaining low complexity.

effectively reduce the forgetting of test data, thus improving
the final accuracy and reduce overfitting, while maintaining
inference efficiency similar to a single model.

In phase one (Section IV), we introduce a new prediction
method, Knowledge Fusion (KF), that combines knowledge
gained in different stages of training. This method delivers
a weighted average of the class probability output between
the final model and a set of checkpoints of the model from
mid-training. The checkpoints and their respective weights
are selected iteratively using a validation dataset and our
forget metric. The purpose of this phase is two-fold: First, it
improves upon the original model, serving as another strong
indication that models indeed forget useful knowledge in the
late stages of training. Second, it provides a proof-of-concept
that this lost knowledge can be recovered.

In phase two (Section V), we address the increased in-
ference complexity introduced by phase 1. Since phase 1
effectively forms an ensemble by aggregating predictions
from multiple checkpoints, its memory and compute demands
during inference are significantly higher than those of a single
model. This overhead can hinder deployment in resource-
constrained environments. To solve this, in phase 2 we
condense the ensemble into a single, compact model through
two approaches: (i) Knowledge Distillation (KD), where a
student network is trained to mimic the outputs of the KF
ensemble; and (ii) Weight Averaging, a simpler method that
directly averages the weights of selected checkpoints. These
approaches aim to retain the performance benefits of KF
while restoring the efficiency of inference by a single model.

Empirical results, presented in Section VI, validate the
effectiveness of our approach across multiple image classifi-
cation datasets, with and without label noise. Using various
network architectures, including modern networks on Ima-
geNet, the results demonstrate that our method is universally
beneficial, consistently improving upon the original model.
To ensure a fair comparison, we compare against the original
model, which also leverages a validation set to select the best
performing checkpoint for early stopping, since this aligns
with our method’s use of a validation set.

When compared to alternative methods that leverage the
network’s training history, our approach delivers comparable
or superior performance, while retaining lower inference

complexity. When compared to alternative ensemble methods
of higher training and inference complexity, the distilled
condensed model retains (with a few exceptions), and in some
cases surpasses, the performance of alternative methods. This
provides a win-win scenario: reduced training and inference
costs without sacrificing generalization.

Table I summarizes these results by ranking the afore-
mentioned core methods across two criteria: performance
on noisy and clean datasets, and their training/inference
complexity. Rankings (1 = best, 5 = worst) are computed
by first ranking the methods separately on each dataset
and then averaging those ranks, based on accuracy scores
from Table IV of Section VI. Notably, the distilled KF
ensemble achieves the best performance on noisy datasets
and strong performance on clean datasets, while maintaining
low complexity in both training and inference. In contrast,
while the independent ensemble performs best on clean
data, it incurs significantly higher computational costs. These
results underscore the distilled KF ensemble as offering the
most favorable trade-off between performance and efficiency
across both clean and noisy data settings.

The theoretical investigation of forgotten knowledge is
presented in Section VII, which adopts the framework of
over-parameterized deep linear networks. In the preliminary
conference version of this work [3], it is shown that the
theoretical analysis of forgotten points correlates significantly
with empirical results, offering insights into local overfitting
and the phenomenon of forgotten knowledge.

Our main contributions

(i) A novel perspective on overfitting, formalizing the
notion of local overfitting. (ii) Empirical evidence that over-
fitting occurs locally even without a decrease in overall
generalization. (iii) An effective method to reduce local
overfitting, and its empirical validation. This method retains
the low training and inference costs of a single model, while
preserving superior performance.

II. RELATED WORK
Study of forgetting in prior work

Most existing studies examine the forgetting of training
data, where certain training points are initially memorized
but later forgotten. This typically occurs when the network
cannot fully memorize the training set. In contrast, our
work focuses on the forgetting of validation poeints, which
arises even when the network successfully memorizes the
entire training set. Another related but distinct phenomenon
is “catastrophic forgetting” [4], which occurs in continual
learning settings where the training data evolves over time,
differently from the static training scenario considered here.
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Ensemble learning

Ensemble learning has been studied extensively see [5].
Our methodology is rooted in “implicit ensemble learning”,
in which only a single network is trained in a way that
“mimics” ensemble learning [6]. Utilizing checkpoints from
the training history as a ’cost-effective’ ensemble has also
been considered. This was achieved by either considering
the last epochs and averaging their probability outputs [7],
or by employing exponential moving average (EMA) on all
the weights throughout training [8]. The latter method does
not always succeed in reducing overfitting, as discussed in
[9].

Several methods modify the training protocol to converge
to multiple local minima, which are then combined into an
ensemble classifier. While these approaches show promise
[10], they add complexity to training and may even hurt per-
formance [11]. Our comparisons (see Table V) demonstrate
that our simpler method either matches or outperforms these
techniques in all studied cases.

Studies of overfitting and double descent

Double descent with respect to model size has been studied
empirically in [12, 13], while epoch-wise double descent
(which is the phenomenon analyzed here) was studied in
[14, 15]. These studies analyzed when and how epoch-wise
double descent occurs, specifically in data with label noise,
and explored ways to avoid it (sometimes at the cost of
reduced generalization). Essentially, our research identifies
a similar phenomenon in data without label noise. It is
complementary to the study of “benign overfitting”, e.g., the
fact that models can achieve perfect fit to the train data while
still obtaining good performance over the test data.

Knowledge distillation

Knowledge Distillation (KD) [16] is a technique in which
a smaller ”student” model is trained to replicate the behavior
of a larger “teacher” model by learning from its output
predictions. In traditional KD, the teacher model provides
“soft targets” for the student to learn from, instead of relying
solely on hard labels. This enables the student to capture a
more nuanced understanding of the data distribution, which
often results in improved performance.

Recall that ensemble learning can significantly increase
computational costs at inference time. Knowledge distillation,
where the ensemble acts as the teacher and a single model
serves as the student, offers a way to reduce these costs,
although often with some loss in performance. Interestingly,
in certain settings such as those with high label noise, the
distilled model can even outperform the ensemble itself [17,
18].

Self-distillation is a technique in which a model learns
from its own prior predictions, enhancing performance with-
out the need for a separate teacher model. This technique

has been shown to enhance the original model’s performance,
particularly in noisy environments [19, 20, 21], with several
theoretical explanations proposed for its effectiveness.

Somewhat counter-intuitively, recent studies have shown
that higher-performing models do not necessarily make better
teachers in knowledge distillation. Accordingly, [22] show
that an intermediate checkpoint from a teacher’s training
trajectory can serve as a more effective teacher than the final,
fully trained model. They also demonstrate that ensembles
built from a random sample of checkpoints, while under-
performing independently trained ensembles, are better able
to guide student models. [23] expands on this idea by
proposing to use a self-attention mechanism to adaptively
weight intermediate models during distillation.

Some of our empirical findings mirror these insights, par-
ticularly the superior performance of ensembles composed of
intermediate checkpoints over independently trained models
in knowledge distillation. While [23] primarily addresses the
problem of how to weight each randomly sampled check-
point, we focus on a complementary challenge - the effective
selection of checkpoints - guided by the notion of forgotten
knowledge. Their proposed adaptive weighting technique
further adds complexity to the training. Consequently, and
given the absence of publicly available code, our empirical
comparisons are limited to a classical checkpoint sampling
method (see Table VIII). Nonetheless, we note that the
adaptive weighting of checkpoints can be incorporated into
our approach as a complementary enhancement.

III. OVERFITTING REVISITED

The textbook definition of overfitting entails the co-
occurrence of increasing train accuracy and decreasing gen-
eralization. Let acc(e, S) denote the accuracy over set S
in epoch e, where E is the total number of epochs, and
T is the test dataset.! When approximating generalization
by test accuracy, overfitting is said to occur at epoch e if
acc(e,T) > acc(E,T).

We begin by investigating the hypothesis that portions of
the test data 7' may be forgotten by the network during
training. When we examine the ’epoch-wise double descent’,
which frequently occurs during training on datasets with
significant label noise, we indeed observe that a notable
forgetting of the test data coincides with the memorization of
noisy labels. Here, forgetting serves as an objective indicator
of overfitting. When we further examine the training of
modern networks on standard datasets (devoid of label noise),
where overfitting (as traditionally defined) is absent, we dis-
cover a similar phenomenon (though of weaker magnitude):
the networks still appear to forget certain sub-regions of
the test population. This observation, we assert, signifies
a significant and more subtle form of overfitting in deep
learning.

'Throughout this paper, the terms “test set” and validation set” are used
interchangeably.
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Fig. 2. (a)—(b): Blue denotes test accuracy. Among those correctly recognized in each epoch e, orange denotes the fraction that remains correctly recognized
at the end. The test accuracy (the blue curve) in (b) shows a clear double ascent of accuracy, which is much less pronounced in the orange curve. During
the decrease in test accuracy—the range of epochs between the first and second dashed red vertical lines—the large gap between the blue and orange plots
indicates the fraction of test data that has been correctly learned in the first ascent and then forgotten, without ever being re-learned in the later recovery
period of the second ascent. This gap also appears in (a), demonstrating that forgetting occurs even without double ascent. (c)—(d): The difference between
the number of clean and noisy datapoints at each epoch during the second ascent of test accuracy (the epochs after the second dashed red vertical line),
counting datapoints with large loss only. Positive (negative) values indicate that clean (noisy) datapoints are more dominant in the corresponding epoch.

Local overfitting

Let M. denote the subset of the test data mislabeled by
the network at some epoch e. We define below two scores
L. and F,:

acc(e, Mg) - |Mg|

Fe: 9 Le:
7]

acc(E, M.) - |M,|
7|

&)

The forget fraction F. represents the fraction of test points
correctly classified at epoch e but misclassified by the final
model. L. represents the fraction of test points misclassified
at epoch e but correctly classified by the final model. The
relationship acc(E,T) = acc(e,T) + L. — F, follows.? In
line with the classical definition of overfitting, if L. < F¢,
overfitting occurs since acc(E,T) < acc(e, T).

But what if L, > F. Ve? By its classical definition,
overfitting does not occur since the test accuracy increases
continuously. Nevertheless, there may still be local overfitting
as defined above, since F, > 0 indicates that data has been
forgotten even if L, > F..

Local overfitting vs local underfitting

When F. > 0, two interpretations are possible, depending
on how the training error behaves near the forgotten points.
If the local training error continues to decrease, the effect is
consistent with local overfitting. If instead the local training
error increases together with the test error, the more appro-
priate interpretation is local underfitting.

To distinguish between these cases, we examined how
training and test accuracies evolve around the forgotten test
points. As described in Appendix E, we embed all samples in
a fixed semantic space and, for each forgotten point, collect
all training examples within a radius r to form its local
neighborhood. We then track accuracy on the forgotten point
and on its nearby training samples across epochs. Figure 3

2acc(E,T)— Le = acc(e, T) — Fe is the fraction of test points correctly
classified in both e and E.

presents the aggregated curves, averaged over all forgotten
points and their neighborhoods.

The results show a clear pattern. Accuracy on the neigh-
boring training samples continues to improve, while accuracy
on the forgotten points declines. Since local training accu-
racy does not deteriorate together with local test accuracy,
this behavior does not support local underfitting. Instead, it
indicates that the model becomes increasingly specialized
to nearby training samples and loses generalization to test
examples in the same regions. This provides direct evidence
that forgetting reflects local overfitting.
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Fig. 3. Aggregated local train and test accuracy around forgotten instances.
For each forgotten point, accuracy is computed over training samples within
a radius-defined neighborhood and over the forgotten point itself. Across
training, accuracy on local training samples rises, while accuracy on the
forgotten points decreases, indicating local overfitting (see Appendix E).

Reflections on the epoch-wise double descent

Epoch-wise double descent (see Fig. 2) is an empirical
observation [12], which shows that neural networks can
improve their performance even after overfitting, thus causing
double descent in test error during training (note that we
show the corresponding double-ascent in test accuracy). This
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phenomenon is characteristic of learning from data with label
noise, and is strongly related to overfitting since the dip in test
accuracy co-occurs with the memorization of noisy labels.

We examine the behavior of score F, in this context and
make a novel observation: when we focus on the fraction of
data correctly classified by the network during the second rise
in test accuracy, we observe that the data newly memorized
during these epochs often differs from the data forgotten
during the overfitting phase (the dip in accuracy). In fact,
most of this data has been previously misclassified (see
Fig. 2b). Figs. 2c-2d further illustrate that during the later
stages of training on data with label noise, the majority of
the data being memorized is, in fact, data with clean labels,
which explains the second increase in test accuracy. It thus
appears that epoch-wise double descent is caused by the
simultaneous learning of general (but hard to learn) patterns
from clean data, and irrelevant features of noisy data.

Forgetting in the absence of label noise

When training deep networks on visual benchmark datasets
without added label noise, overfitting rarely occurs. In con-
trast, we observe that local overfitting, as captured by our
new score F,, commonly occurs, as demonstrated in Fig. 2a.
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Fig. 4. (a) Fe score (1) of ConvNeXt trained on ImageNet, 3 network
sizes: small — blue, base — orange, and large — green. Accuracy remains
consistent across all network sizes, while F, increases with the network
size. (b) Within the set of wrongly classified test points after training, we
show the last epoch in which each sample was classified correctly.

To investigate this phenomenon, we trained various neural
networks (ConvNets: Resnet, ConvNeXt; Visual transform-
ers: ViT, MaxViT) on various datasets (CIFAR-100, Tiny-
ImageNet, ImageNet) using a variety of optimizers (SGD,
AdamW) and learning rate schedulers (cosine annealing,
steplr). Results on ImageNet are shown in Fig. 3a; the results
of additional experiments on other datasets and configura-
tions can be found in Appendix A.

Across all settings, we observe that networks consistently
forget a subset of the data during training, in a manner similar
to what is observed with label noise, even when test accuracy
continues to improve. Fig. 4b (see additional results and
analysis in Figs. 2b-2c in Appendix A) demonstrates that
this effect is not simply due to random fluctuations: many
test examples that are incorrectly classified post training

have been correctly classified during much of the training.
These results are connected to overfitting in Fig. 4a: when
investigating larger models and/or relatively small amounts of
train data, which are scenarios that are expected to increase
overfitting based on theoretical considerations, the forget
fraction F is larger.

Summary We see that neural networks can, and often
will, forget” significant portions of the test population as
their training proceeds. In a sense, the networks are overfit-
ting, but this only occurs at some limited sub-regions of the
feature space. The reason this failing is not captured by the
classical definition of overfitting is that the networks continue
to learn new general patterns simultaneously. In Section IV
we discuss how we can harness this observation to improve
the network’s performance.

IV. KNOWLEDGE FUSION (KF)

In Section III we showed that neural networks often
achieve better performance in mid-training on a subset of
the test data, even when the test accuracy is monotonically
increasing with training epochs. In this section, we introduce
an approach to integrate the knowledge obtained in both mid-
and post-training epochs during inference time, to improve
performance. To this end we must determine: (i) which
versions of the model to use; (ii) how to combine them with
the post-training model; and (iii) how to weigh each model
in the final ensemble.

We call our method KnowledgeFusion (KF). Below, we
outline the core components of the approach and provide
further implementation details in the following subsections.

a) Choosing an early epoch of the network: Given a
set of epochs {1,..., E} and corresponding forget fractions
{F.}., we first single out the model n4 obtained at epoch
A = argmax.cqy gy Fe. This epoch is most likely to
correctly fix mistakes of the model on “forgotten” test data.

b) Combining the predictors: Next, using validation
data we determine the relative weights of the two mod-
els—the final model ng, and the intermediate model n 4
with maximal forget fraction. Since the accuracy of ng is
typically much higher than n 4, and in order not to harm the
ensemble’s performance, we expect to assign ng a higher
weight.

c) Improving robustness: To improve our method’s
robustness to the choice of epoch A, we use a window
of epochs around A, denoted by {na_w, -, A, ooy DALw -
The vectors of probabilities computed by each checkpoint
are averaged before forming an ensemble with ng. In our
experiments we use a fixed window w = 1, achieving close
to optimal results, as verified in the ablation study Section VI.

d) Iterative selection of models: As we now have a
new predictor, we can find another alternative predictor from
the training history that maximizes accuracy on the data
misclassified by the new predictor, in order to combine their
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knowledge as described. This can be repeated iteratively, until
no further improvement is achieved.

e) Choosing hyper-parameters: In order to compute F,
and assign optimal model weights and window size, we use a
validation set, which is a part of the labeled data not shown to
the model during initial training. This is done post training
as it has no influence over the training process, and thus
doesn’t incur additional training cost. Following common
practice, we show in the ablation study below that after
optimizing these hyper-parameters, it is possible to retrain
the model on the complete training set while maintaining the
same hyper-parameters. T,he performance of KF thus trained
is superior to alternative methods trained on the same data.

A. Hyper-parameter Calculation

Algorithm 1 outlines the hyper-parameter search phase of
our method, Knowledge Fusion, which is performed once
after training. It is responsible for selecting the most relevant
epochs and their associated weights.

Algorithm 1 KF - hyper-parameter calculation
Input: all past checkpoints during training of the neural
network { ng,....,ng }, w, and validation data V.
Output: list of alternative epochs and their weights.
class_probs < get_class_probs({ ng,...ng }, V)
prob < class_probs[E]
explore = { ng,....ng }
Alternative_epochs = {}
epsilons = {}
while explore is not empty do
F' < calc_forget_per_epoch(prob, class_probs)
altEp + argmax(F[explore])
Alternative_epochs.append(altEp)
explore.remove(altEp - 1, altEp, altEp + 1)
for ¢ € {0,0.01,...,1} do
probs < mean(class_probs[A; —w : A; + w])
combProb < € - probs + (1 —¢€) - prob
if validAcc(combProb) > validAcc(prob) then
best_prob < combProb
best_epsilon < ¢
end if
end for
prob < best_prob
epsilons.append(best_epsilon)
end while
Return Alternative_epochs, epsilons

B. Prediction

Algorithm 2 shows the prediction step of Knowledge
Fusion (KF). Using the epochs and weights computed in
Algorithm 1, it combines the predictions of selected check-
points to produce the final output for a test sample. As

in Algorithm 1, the get_class_probs function is utilized to
obtain the class probabilities for a given example and a list
of predictors.

Algorithm 2 Knowledge Fusion (KF) Prediction

Input: Checkpoints of trained model { no,...,ne }, selected
epochs { Ai,...,Ax }, associated weights { e1,....ex }, w, test-pt
T.
Output: prediction for x.
prob < get_class_probs[E]
for i + 1 to k do
proba < mean(get_class_probs[A4; —w : A; + w])
prob < &; - proba + (1 —&;) - prob
end for
prediction < argmax(prob)
Return prediction

C. Discussion

Empirical results (see Section VI) show that KF consis-
tently performs on par with, or better than, strong baselines.
This holds across a range of architectures, datasets, and
training conditions.

At the same time, the checkpoint selection step in Al-
gorithm 1 relies on a greedy procedure, which offers no
theoretical guarantees of optimality. Although this strategy
works well in practice, exploring alternatives such as global
optimization or submodular-style selection procedures as po-
tential alternatives may offer promising directions for future
work.

A key limitation of our method lies in its computational
cost at inference. Since predictions involve aggregating out-
puts from multiple model checkpoints, runtime and memory
usage scale linearly with the number of components in the en-
semble. This cost can be prohibitive in resource-constrained
deployment settings, making the method less practical despite
its accuracy benefits.

To address this, the next section introduces strategies for
condensing the KF ensemble into a single, compact model.
These strategies aim to preserve the performance advantages
of the ensemble while enabling efficient inference, thereby
broadening the practical applicability of KF.

V. CONDENSING KNOWLEDGE FUSION

The KF method is designed to enhance model accuracy
while successfully mitigating local overfitting, as demon-
strated in Section VI. It can be applied as a post-processing
step to any trained model with only a minor increase in
training costs. However, because KF produces an ensemble
classifier, its adoption results in a substantial increase in
inference time.

To address this issue, we explore an additional post-
processing step that compresses the ensemble classifier into
a single model, thereby reducing inference costs to a level
comparable with the baseline. Below, we discuss two such
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methods that entail a trade-off between implementation com-
plexity and model accuracy, as demonstrated in Section VI.

A. Method 1: Distilled KF

Our first approach leverages Knowledge Distillation (KD).
This technique involves training a smaller, more efficient
model (the student) to replicate the behavior of a larger,
more complex model (the teacher). In the context of Knowl-
edge Fusion, the teacher model is represented by the KF
ensemble, while the student is a single model distilled from
this ensemble. The goal is to combat local overfitting by
leveraging the combined knowledge that KF has accumulated
from earlier stages of training, while fully eliminating the
memory overhead and increased inference time associated
with maintaining a complete ensemble.

In our experiments presented later in this section, the dis-
tilled network was designed to match the size of the original
single network. This ensures a fair comparison in terms of
resource usage during inference and similar training times.
We conducted multiple experiments across various settings,
including different noise levels and datasets, all of which
demonstrated the effectiveness of this approach. Our results
indicate that applying Knowledge Distillation to Knowledge
Fusion not only enhances computational efficiency but also
preserves the high accuracy of the ensemble, confirming its
practicality for large-scale tasks.

Brief Overview of Knowledge Distillation We now de-
scribe the standard implementation of Knowledge Distillation
(KD), introduced earlier in Section II. KD typically relies
on two loss terms: a soft target loss that compares teacher
and student predictions, and a true label loss computed using
ground-truth labels.

The soft target loss is computed by comparing the logits
of the teacher model with the logits of the student model.
Both sets of logits are scaled by a temperature parameter 7',
which smooths the logits and generates softened probability
distributions. This allows the student to learn from the
teacher’s more informative, probabilistic outputs.

Neural networks typically produce class probabilities by
applying the softmax function to the output logits. Given a
vector of logits z € R, the temperature-scaled softmax func-
tion converts each logit z. into a probability by comparing
it with the other logits:

ezC/T
Z]Cfl e%i/T '

This results in a smooth probability distribution over the C
classes, with higher temperature T" producing a more uniform
distribution.

Given teacher logits zt and student logits zs, we define
their soft probability vectors as

softmax (i) =
T/)c

pr = softmax (ZTT) , Ds = softmax (ZTS) .

The soft target loss is defined as the Kullback-Leibler (KL)
divergence between the teacher and student distributions:

‘Csofl = T2 - KL (ﬁT || 155) .

The factor of T2 ensures that the gradient magnitudes remain
comparable across different values of 7', as suggested by [16].
Beyond the soft target loss, there is also the student’s
original loss, denoted as L, Which represents the true
label loss. In our case, it is the cross-entropy loss computed
using the student model’s logits and the true labels y:

Liapel = cross_entropy(zs,y)

The total loss is a weighted sum of the soft target loss and
the true label loss with hyperparameter « € [0, 1]:

Liotal = @ - Lot + (1 - a) - Liabel (2)

This formulation allows the student model to retain knowl-
edge from the teacher model (via soft targets), while ensuring
that it also performs well on the ground-truth labels.

B. Method 2: Averaged KF

As an alternative to augmenting KF with Knowledge Dis-
tillation, and a baseline to assess the necessity of distillation,
we explored a simpler approach to reducing the complexity of
the KF ensemble. This method directly combines the weights
of the ensemble models into a single model.

The procedure mirrors the Knowledge Fusion (KF) algo-
rithm, where we iteratively select model checkpoints with
high forgetting scores and incorporate them into the current
model. However, rather than creating an ensemble of models,
we average the network weights of the selected models to
produce a single set of weights. This method allows for
predictions with only a single forward pass, thus reducing the
computational and memory costs compared to an ensemble.

As in the ensemble approach, each model’s contribution
to the final mechanism is weighted according to its perfor-
mance. The optimal weight for each model is determined
by testing the same set of € values used in the Knowledge
Fusion algorithm on the validation set and selecting the one
that yields the best performance.

VI. EMPIRICAL EVALUATION

In this section, we evaluate the performance of our method,
with and without phase 2, against the original predictor (i.e.,
the early-stopped trained network) and other baselines. Full
implementation details are provided in Appendix B.

Our experiments strictly maintain disjoint training, vali-
dation, and test partitions. Full details of the protocol and
checks ensuring data isolation are provided in Appendix D.
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A. Baselines

KF incurs the training cost of a single model, and thus,
following the methodology of [24], we begin by comparing
our method to methods that require the same amount of
training time. The first group of baselines includes methods
that do not alter the training process:

« Single network: The original network, after training,
which in this case refers to the early-stopped version of
the model, where the validation set is used to choose
the best stopping point.

o Self-Adaptive Training (SAT) [25]: a robust-training
method designed specifically for noisy-label regimes.
SAT gradually replaces the hard labels with soft targets
obtained from an exponential moving average of the
model’s own predictions; to the best of our knowledge,
it is the current state-of-the-art approach for the label
noise setting.

o Horizontal ensemble [7]: This method uses a set of
epochs at the end of the training, and delivers their
average probability outputs (with the same number of
checkpoints as we do).

o Fixed jumps: This baseline was used in [24], where sev-
eral checkpoints of the network, equally spaced through
time, are taken as an ensemble.

The second group includes methods that alter the training
protocol. While this is not a directly comparable set of
methods, as they focus on a complementary way to improve
performance, we report their results in order to further
validate the usefulness of our method. This group includes:

o Snapshot ensemble [24]: The network is trained in
multiple “cycles,” each ending with a sharp learning rate
increase to escape local minima and promote conver-
gence to diverse solutions for ensembling.

TABLE II
COMPARISON ON CLEAN DATASETS

Method/Dataset CIFAR-100 TinyImageNet
architecture Resnet18 Resnet18
baseline network 78.85 £+ .32 65.30 4 .36
SAT 77.84 + .01 63.10 + .20
Ensembles
horizontal 78.42 + 17 65.61 4+ .31
fixed jumps 78.21 + .46 67.41 + .21
KF 79.36 + .17 68.33 + .17
Condensed Models
Averaged KF 78.48 £+ .26 65.17 + .23
Distilled KF 80.29 + .16 69.96 + .15
improvement | 1.44£36 [ 4.66+£.39

Mean (over random validation/test splits) test accuracy (in percent) and
standard error on image classification datasets, comparing our method and
baselines described in the text. The last row shows the improvement of the
best performer over the baseline network. Bolded values indicate the best
performer in each column.

o Stochastic Weight Averaging (SWA) [9]: The network
is first trained conventionally, then continuing with a
constant or cyclic learning rate to reach multiple local
minima, whose weights are averaged. For fair compari-
son, we adopt their setup: using our strategy for 75% of
the epochs, followed by SWA for the remaining 25%.

o Fast Geometric Ensembling (FGE) [26]: Like SWA,
where this method averages the output probabilities of
diverse models rather than their weights. Computational
budgets are matched as described above.

B. Results

Main Results Table II reports the performance obtained
by all variants of our method on CIFAR-100 and TinyIm-
ageNet. For comparison, we report the results of both the
original model and the aforementioned baselines. Additional
results for scenarios associated with overfitting are shown
in Table III, where we test our method on these datasets
with injected symmetric and asymmetric label noise (see
Appendix B), and CIFAR-100N - a real world dataset with
label noise. As is customary, label noise is present only in the
training data, while the test data remains clean for evaluation.

The results in Tables II and III reveal a rather surprising
finding: the distilled KF model not only matches but often
outperforms the KF ensemble of phase 1, on both clean and
noisy data. While this may seem counterintuitive—since dis-
tillation typically aims to mimic a stronger teacher—it aligns
with prior findings that student models can occasionally
surpass their teachers in accuracy and robustness [19, 20, 21].
In our case, this is likely due to the synergy between two
known effects: the strength of checkpoint-based ensembles
[see 23, 22], and the regularizing benefits of distillation.

Independent Ensembles Since KF yields an ensemble
classifier at inference time, we conclude its evaluation by
comparing it to a standard independent ensemble and its
distilled variant, see Table IV. We observe that a standard
ensemble, which involves training multiple independent net-
works, often outperforms KF. However, this comes at a
substantial increase in training costs, which may render the
approach impractical in some scenarios.

After applying distillation to condense the respective en-
sembles, this performance gap disappears—a single con-
densed KF model outperforms the condensed standard en-
semble. Surprisingly, in the presence of label noise, the
condensed KF can even surpass the original, independent
ensemble classifier, achieving the best performance with
significantly reduced training and inference complexity.

After distillation, a consistent pattern emerges from Ta-
ble IV: in most cases, distilling the independent ensemble
leads to a drop in performance, whereas the KF-based
ensemble improves. This not only narrows the performance
gap between the two approaches, but often allows the distilled
KF ensemble to outperform its independent counterpart. This
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TABLE III

COMPARISON ON NOISY DATASETS
Method/Dataset CIFAR-100N CIFAR-100 TinyImageNet
architecture / % noise 40 % 20%asym | 40%asym | 20%sym | 40% sym 20% sym | 40% sym
baseline network 54.53 + .44 67.07 + .42 49.95 + .53 65.16 + .25 59.03 + .68 56.25 + .47 49.83 + .3
SAT 53.18 + .43 74.43 £ .07 63.26 + .13 71.97 + .10 66.67 + .09 60.59 + .17 54.01 4+ .20
Ensembles
fixed jumps 60.38 + .57 71.46 +1.91 59.9 + .6 72.8 + .1 66.5 + .1 60 + .8 54.16 4+ .3
horizontal 55.14 + .57 73.04 £+ .47 585+ .1 71.1 + .38 65.2 + .1 57.74 + .47 51.7+ .2
KF 63 + .39 74.58 £+ .28 63.37 + .53 72.68 + .15 67.43 + .12 62.22 + .38 55.66 £+ .37
Condensed Models
Averaged KF 62.67 + .48 70.72 £+ .44 56.4 + .8 69.08 + .53 64.16 + .37 57.08 + .43 50.39 4+ .38
Distilled KF 64.12 + .31 74.96 £+ .33 63.4 + .47 72.86 + .26 68.42 1 .23 62.04 + .47 56.28 + .24
improvement [ 959F£.71 [[ 7515 [ 1355+x.73 ] 7.7£.27 | 939+£.65 [ 579+£.66 | 6.44+£.37

Mean test accuracy (in percent) and standard error of ResNet18, comparing our method and the baselines on datasets with large label noise and significant
overfitting. We include a comparison using the CIFAR-100N dataset, which has innate label noise. The last row shows the improvement of the best
performer over the baseline network. Bolded values indicate the best performer in each column.

TABLE IV
COMPARISON WITH INDEPENDENT ENSEMBLES

Method/Dataset CIFAR-100 TinyImageNet

architecture / % noise 0% | 20% asym | 40% asym 0% | 20%sym | 40% sym
single network 78.85 + .32 67.07 £ .42 49.95 £ .53 65.30 + .36 56.25 + .47 49.83 £ .3
independent ensemble 82.13 73.89 55.18 71.88 64.22 57.56
distilled independent ensemble 79.93 + .21 74.54+ .18 | 56.84 + .22 67.58 + .22 62.54 £+ .25 57.24 + .33
KF ensemble (ours) 79.36 + .17 74.58 + .28 63.37 + .53 68.33 £ .17 | 62.22+ .38 | 55.66 £ .37
distilled KF ensemble (ours) 80.29+ .16 | 74.96 £ .33 63.4+ .47 69.96 + .15 | 62.04 + .47 | 56.28 +.24
averaged KF ensemble (ours) 78.48 £ .26 70.72 £ .44 56.79 4 .92 65.17 4 .23 57.08 & .43 50.32 & .45

A comparison of the Knowledge Fusion ensemble and its two condensed variants with an independent ensemble and its distilled version.

TABLE V
METHODS ALTERING THE TRAINING PROCEDURE
Method/Dataset | CIFAR-100 CIFAR-100 asym CIFAR-100 sym
% label noise 0% 20% 40% 20% 40% 60%
FGE 789+ 4 67.1+.2 48.1+.3 66.5 = .1 52.1£.1 383+.7
SWA 78.8 .1 66.6 + .1 46.9 £ .2 65.6 £ .4 50.0+ .1 30.5+.7
snapshot 784+ .1 721+ .4 52.8 £ .6 70.8 £ .5 63.8 £ .2 55.6 £ .2
KF 79.36 £.17 || 7458+ .28 | 63.37 £ .53 7268+ .15 | 67.43 .12 | 57.6 = .2

Mean test accuracy of Resnetl8 on CIFAR100 with and without label noise, comparing KF with baseline methods that alter the training procedure.

pattern is consistent with prior findings on the distillation of  C. Ablation Study
dependent versus independent ensembles, see Section II.

We conducted an extensive ablation study to investigate
the limitations, and some practical aspects, of our method,
focusing on the key design choices of the KF ensemble
(phase 1). For conciseness, we only provide brief summaries
of the specific ablations listed in items (6)-(11) below; the full
results and detailed analysis for these ablations are provided
in Appendix C.

Additional Comparisons In Tables V and VI we compare
our method to additional methods that adjust the training
protocol itself, using both clean and noisy datasets. We
employ these methods using the same network architecture
as our own, after suitable hyper-parameter tuning.

TABLE VI . .

METHODS ALTERING THE TRAINING PROCEDURE 1) Architecture Choice: To demonstrate the robustness
Method/Dataset | AnimallON TinyImageNet and generality of our method, we evaluate it across a wide
% label noise 8% H 20% | 40% range of contemporary neural network architectures. Given
FGE 86.5+ 0.6 53.8 4.1 404+ .3 the increased representational capacity of these models, we
SWA 88.1+.2 52.5+.2 39.4+.3 apply them to the ImageNet dataset, which presents a more

snapshot 86.8 +.3 62.6 £ .1 56.5 £+ .3 .
KF 878+ 4 || 6222+ 38 | 556+ .39 challenging and large-scale benchmark compared to CIFAR-

100 or TinyImageNet. As shown in Table VII, our method

Like Fig. V, for additional datasets. . . .
the g, V. for additional catasets consistently outperforms all baselines across all architectures.
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TABLE VII
COMPARISON ACROSS ARCHITECTURES ON IMAGENET
Method/Architecture ResNet50 ConvNeXt-L ViT-B/16 MaxViT-T
Baseline network 75.74 £ .14 82.92+ .11 79.16 + .1 82.51 £+ .15
Horizontal 76.42 £ .1 83.02 £ .06 79.53 + .13 82.93 £ .14
Fixed jumps 75.72 £ .18 83.86 £ .06 79.11 + .13 83.78 £ .15
KF 76.52 + .16 83.96 £+ .09 80.34 + .08 83.81+ .14
Improvement .78 £ .04 1.03 £ .13 1.17 £ .08 1.29 £ .02

Mean test accuracy (in percent) and standard error on ImageNet, comparing
our method and baselines across several modern architectures. Bolded values
indicate the best performer in each column.

TABLE VIII
COMPARISON WITH EMA

Method/Dataset CIFAR-100 || TinyImageNet
EMA (decay = 0999) | —0.34 + .14 0.73 + .11
EMA (decay = 0.9999) | —0.06 % .33 2.51 £ .01
KF 1.05 + .14 3.54+ .14

Mean (over random validation/test split) improvement in test accuracy (in
percent) and standard error on image classification datasets, comparing our
method and EMA with different decay values. We use the best epoch for
EMA, calculated using the validation set.

2) Comparisons to Additional Baselines: In addition to
the condensing methods presented in Section V, an alterna-
tive method to combining checkpoints is to apply an expo-
nential moving average (EMA) to the model weights during
training. This technique is known to have some advantages
[8] and is used sometimes to reduce overfitting [1, 27], see
[28] for example. In Table VIII, we explore this option for
two datasets while using the same ResNet-18 architecture,
showing that our method can be of use when EMA isn’t
effective, and that EMA improves performance much less
than our method.

TABLE IX
TRANSFER LEARNING COMPARISON
Method/Dataset CIFAR-100 TinyImageNet
fully finetuned Resnetl8 80.72 4+ .53 75.01 + .12
fully finetuned Resnetl8 + KF 81.64 + .27 75.6 +£.18
partially finetuned Resnetl8 61.7 £ .60 54.78 + .13
partially finetuned Resnetl8 + KF 65.24 + .67 59.5 .03

Mean test accuracy over random validation/test split. Our method uses
ResNet18 pre-trained on ImageNet, while finetuning the entire model (top)
or only the head (bottom).

3) Transfer Learning: Another popular method to improve
performance and reduce overfitting employs transfer learning,
in which the model weights are initialized using pre-trained
weights over a different task, for example, ImageNet pre-
trained weights. This is followed by fine-tuning either the
entire model or only some of its layers (its head for example).
In Table IX, we show that our method is complementary
to transfer learning, improving performance in this scenario
as well. Notably, when fine-tuning only the final layers, the
overhead of KF is negligible, as the majority of the model is

used only once at inference. The only overhead comes from
the memory and inference costs of storing and processing the
different checkpoint heads used during fine-tuning, which are
small in comparison to the size of the full model.

4) Test Time Augmentation: In TTA, each test sample
is classified multiple times using different augmentations,
and the final prediction is obtained by averaging the class
probabilities from all augmented versions. The results in
Table X show that our method is comparable or better
than TTA, even in the presence of label noise. Moreover,
our approach is complementary to TTA, offering potential
benefits when used together.

5) Model Size: A common practice nowadays is to use
very large neural networks, with hundreds of millions of
parameters, or even more. However, enlarging models does
not always improve performance, as a large number of param-
eters can lead to overfitting. In Fig. 4a we show that indeed
the forget fraction increases with the model’s size, which also
improves the benefit of our approach (see Table XI), making
it especially useful while using large models.

6) Using Training Set for Validation (Appendix C.1):
The results reported above summarize experiments in which
half of the test data was used for validation, to evaluate
our method’s hyper-parameters (the list of alternative epochs
and {e;}). The accuracy reported above was computed over
the remaining test data, averaged over three random splits
of validation and test data with different random seeds. In
our ablation study we repeated these experiments using the
original train/test split, where a subset of the training data
is set aside for hyper-parameter tuning. As customary, these
same parameters are later used with models trained on the full
training set, demonstratively without deteriorating the results.

7) Number of Checkpoints (Appendix C.2): Knowledge
Fusion remains effective when using only a small fraction
(5—-10%) of the available training checkpoints.

8) Optimal vs Sub-Optimal Training (Appendix C.3): KF
is particularly useful under limited hyperparameter tuning;
in sub-optimal training regimes, it helps close the gap to
optimally trained models.

9) Fairness (Appendix C.4): KF does not negatively affect
model fairness across standard fairness benchmarks.

10) Window Size (Appendix C.5): We find that using a
window size of w = 1 when averaging checkpoints is
both necessary and near-optimal for the effectiveness of the
method.

11) Knowledge Distillation Hyperparameter Sensitivity
(Appendix C.6): To examine the stability of our method
with respect to distillation hyperparameters, we conducted
an ablation over the loss weight a and the temperature 7" on
the CIFAR-100 dataset with clean labels. The results remain
statistically identical across a wide range of values surround-
ing those reported in the main experiments, indicating that
the performance of our method is largely insensitive to these
hyperparameters.
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TABLE X
TEST TIME AUGMENTATION

Method/Dataset | CIFAR-100 CIFAR-100 asym CIFAR-100 sym TinyImageNet
% label noise 0% 10% 20% 40% 20% 40% 0%

TTA 79.21 + .3 7297+ .1 71.00 £ .1 54.53 +.1 70.14 + .2 63.59 £ .1 65.67 + .3

KF 79.36 £ .17 73.61+.1 7124+ 5 56.19 + .8 72.21+.3 65.75 + .1 68.33 £ .17

KF + TTA 79.55 +.3 7483+.1 | 7265+ .2 | 57.71+.3 7233+.2 | 65.71+.1 69.05 + .3

Mean test accuracy (in percent) and STE of ResNet-18, comparing KF with Test Time Augmentation (TTA) on datasets with and without label noise.

TABLE XI
COMPARISON OF MODEL SIZE
Method/model size H small ‘ base ‘ large
single network 83.21+ .01 | 83.31+.15 82.92 £+ .09
KF 83.17+ .04 | 83.57+.15 | 83.96 £ .09

Mean (over random validation/test split) test accuracy (in percent) and
standard error on image classification datasets, comparing our method and
the original predictor (ConvNeXt, trained on ImageNet) with a varying
number of parameters.

D. Summary and Discussion

Our method significantly improves performance in modern
neural networks. It complements other overfitting reduction
methods like EMA and proves effective where these methods
fail, as in fine-tuning of pre-trained models. In challenging
scenarios, such as small networks handling complex data or
datasets with label noise, it further enhances performance,
reducing errors by around 15% in cases of 10% asymmetric
noise. Our approach outperforms or matches baselines, es-
pecially in settings like ViT16 over ImageNet and Resnet18
over TinylmageNet, regardless of training choices. Unlike
some horizontal methods and fixed-jump schedules that show
limited improvement, our method remains effective without
extensive hyper-parameter tuning.

We provide a spectrum of model variants derived from
the core KF algorithm, offering different trade-offs between
performance, training cost, and inference efficiency. While
the distilled model consistently yields the strongest results,
simple weight averaging provides clear improvements over
the vanilla model, without requiring an additional training
phase or the maintenance of multiple networks at inference
time. This flexibility allows practitioners to choose the variant
that best aligns with their computational and deployment
constraints.

VII. FORGOTTEN KNOWLEDGE: THEORETICAL ANGLE

To gain insight into the nature of knowledge forgotten
while training a deep model with Gradient Descent (GD), we
analyze over-parameterized deep linear networks trained by
GD. While such models do not capture the full complexity of
deep nonlinear architectures, they offer a tractable analytical
framework that may shed light on the underlying forgetting
dynamics. Extending this analysis to nonlinear settings re-
mains a promising direction for future work.

Deep linear models are constructed through the concatena-
tion of linear operators in a multi-class classification scenario:
y=Wrgr-....Wix, where x € R<. For simplicity, we focus on
the binary case with two classes, with the following objective
function:

n

2
min ; WL Wi = i (3)
Above the matrices {W; }}, represent the 2D matrices cor-
responding to L layers of a deep linear network, and points
{x;}1"_, represent the training set with labeling function
y; = =£1 for the first and second classes, respectively. Note
that w = Hllz 1 Wy is a row vector that defines the resulting
separator between the classes. The classifier is defined as:

f(x) = sign (Hz I/le) for x € RY,

Preliminaries. Let w(™) = ]_[ll=
rator after n GD steps, where w™ = [w
For convenience, we rotate the data representation so that
its axes align with the eigenvectors of the data’s covariance
matrix. [29] showed that the convergence rate of the j*"
element of w with respect to n is exponential, governed by
the corresponding j*" eigenvalue:

n opt
1= AJJwi™,

W( ™) denote the sepa-
0wl e e,

RESPUHSES N=1—7s;L (4)
Here, w©® denotes the separator at initialization, wPt de-
notes the optimal separator (which can be derived analytically
from the objective function), s; represents the 4t singular
value of the data, and ~y is the learning rate. Notably, while
w°P! is unique and HllzL Wl(") — wP!, the specific

solution at convergence {WZ(OO)}IL:1 is not unique.

Forget Time in Deep Linear Models. Let A denote
diag({\;}) - a diagonal matrix in R%*¢, and I the identity
matrix. It follows from (4) that

w(n) ~ w(O)An + wopt [I _ An] (5)

We say that a point is forgotten if it is classified correctly
at initialization, but not so at the end of training. Let x
denote a forgotten datapoint, and let N denote the number
of GD steps at the end of training. Since by definition
f(x) = sign(w™x), it follows that x is forgotten iff
{w®yx >0} and {w™Myx < 0}.
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We define the forget time of point x as follows:
Definition 1 (Forget time). GD iteration 1 that satisfies
w(ﬁ)yx <0

(6)
w™yx >0

Vn <
Claim 1. Each forgotten point has a finite forget time .

Proof. Since {w©yx > 0} and {w™Myx < 0}, (6) follows
by induction. O

Note that Def 1 corresponds with the Forget time seen in
deep networks (cf. Fig. 4b). The empirical investigation of
this correspondence is discussed in [3].

To characterize the time at which a point is forgotten, we
inspect the rate at which F(n) = w(™yx changes with n.
We begin by assuming that the learning rate -y is infinitesimal,
so that terms of magnitude O(7?) can be neglected. Using
(5) and the Taylor expansion of A; from (4)

F(n) ~ (w(O) _ wopt) A"yx + woPlyx

d
= wPlyx + Z(wj(-o) — w;pt)/\?yxj

d
= wlyx + > (" — W) [1-nrs, L+0()y;

d
= wOyx — HWLZ(UJP _ w;pt)yijj +0(v?)

j=1
It follows that
d
dF(TL) 0 o
e —yyL Z(wj( ) wjpt)ijj +0(*) ()
j=1

Discussion. Recall that {s;} is the set of singular values,
ordered such that s; > sy > --- > s4, and x; is the
projection of point x onto the j eigenvector. From (7), the
rate at which a point is forgotten, if at all, depends on vector
[s;7;];, in addition to the random vector w(?) —w°" and label
y. All else being equal, a point will be forgotten faster if the
length of its spectral decomposition vector [x;] is dominated
by its first components, indicating that most of its mass is
concentrated in the leading principal components.

VIII. SUMMARY AND CONCLUSIONS

We revisited the problem of overfitting in deep learning
by proposing a method to track the forgetting of validation
data as a means to detect local overfitting. We linked this
perspective to the phenomenon of epoch-wise double descent,
empirically extending its scope and showing that a similar
effect arises even in benchmark datasets with clean labels.
Motivated by these empirical insights, we introduced a simple
yet general method to improve classification performance at
inference time. We then demonstrated its effectiveness across

a range of datasets and modern network architectures. These
results confirm that models do forget useful information in
the later stages of training, and provide a proof of concept
that recovering this knowledge can lead to improved per-
formance. When combining this method with Knowledge
Distillation, we showed enhanced performance accompanied
by reduced complexity - particularly in noisy environments
- offering a win-win strategy that improves accuracy while
reducing both training and inference costs.
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