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Modern Deep Neural Networks struggle to retain knowledge in streaming data environments, often leading to
forgetting during incremental training. Most Continual Learning (CL) approaches address this issue by rehearsing
past data — stored in a replay buffer — while acquiring new knowledge. However, in practical scenarios, noisy
labels can contaminate the replay buffer, undermining performance. This work builds upon the previous “May
the Forgetting Be with You”, designed to tackle Continual Learning with Noisy Labels (CLN). By leveraging the
distinct learning dynamics between correctly and incorrectly labeled examples, the method induces targeted
forgetting to identify and filter out noisy labels. We propose EARL, which improves on its predecessor by intro-
ducing i) a detailed analysis of the learning dynamics occurring in the presence of noise, ii) a robust analysis
under more realistic noise conditions, iii) an evaluation of performance using pre-trained backbones and modern
prompt-based CL baselines, iv) a detailed study on the influence of different sampling strategies, v) experiments on
Natural Language Processing (NLP) benchmarks. This work unravels the motivations and findings of the previous
research, shedding light on the effectiveness of its components in achieving high performance and minimizing

forgetting.

1. Introduction

To keep up with the ever-changing nature of data, modern Al sys-
tems require expensive and frequent re-training on all previously seen
data to avoid the catastrophic forgetting [1] phenomenon. This has led
to growing interest in Continual Learning (CL). In this field, one of the
most promising solutions consists of storing a small amount of data in a
memory buffer for later replay [2,3]. Such a strategy is usually referred
to as Experience Replay [4,5] and relies on a balanced and representative
set of exemplars to describe the past knowledge. In this respect, misla-
beled samples can be particularly harmful to replay-based CL methods,
as the noisy samples poisoning the memory buffer may further weaken
the model on old tasks. Moreover, given the ever-growing amount of
data generated by edge devices, it is impractical to manually label every
incoming sample, or even fix semi-automatic annotations with human
intervention. Thus, annotation noise is now common in many large-scale
scenarios [6-8].

Despite the crucial role of robust and realistic lifelong learning, only
a few preliminary works have addressed noisy labels in incremental sce-
narios [9-12]. These approaches exploit the established memorization
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effect [13-15] to detect the most reliable samples and primarily exploit
these in training. The idea herein is that the most reliable examples are
those prioritized in the early stages of training (those yielding the lowest
loss values). Despite some potential errors, the majority of clean samples
can be detected by analyzing the distribution of loss values.

In our study, we expand on previous research in [9] and argue that
leveraging the memorization effect encounters limitations in continual
learning. Indeed, as the model undergoes continuous fine-tuning, the
clean-noisy loss gap decreases as tasks progress [16,17], hampering the
effectiveness of the sample detection over time. The issue is often over-
looked by current literature, which mainly focuses on online CL. Indeed,
in this special setting, where only a single training pass is allowed for
each task, the model is consistently far from the optimum, thus the mem-
orization effect persists (Fig. 1 — left). Nevertheless, we warn against the
limitations of such an experimental setup, which cannot fit tasks that de-
mand multiple passes to achieve satisfactory performance [18] (Fig. 1 -
right), or those characterized by immense amounts of data (e.g, training
large language models).

For this reason, this paper investigates the problem of learning
with noisy labels from the perspective of offline Continual Learning.
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Final Average Accuracy: 38.78%
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Fig. 1. Accuracy and loss trend for clean (blue) and noisy (red) samples on CIFAR-100 with 40% symmetric noise. The left shows that training for 1 epoch leads to
underfitting with 13.4% accuracy. Training for 50 epochs (right) improves convergence, accuracy and reduces the loss gap. (For interpretation of the references to

colour in this figure legend, the reader is referred to the web version of this article.)

Following our initial analysis, we propose a simple yet radical approach
to overcome the issue of the vanishing loss gap between clean and noisy
samples.

In doing so, we take inspiration from the outstanding works of [17,
19], which mathematically prove how mislabeled examples exhibit
rapid forgetting, while complex or rare instances are retained for
longer periods (or not forgotten at all). Therefore, our approach inten-
tionally induces forgetting through a strategy we call Amnesic Replay.
While standard Experience Replay continuously optimizes both new ex-
amples from the incoming task and those stored in the memory buffer,
Amnesic Replay periodically suspends the optimization on the examples
present in the memory buffer. During this period, we observe that the
loss associated with noisy examples increases more rapidly than that
of clean data, thus providing a quantitative method to identify noisy
samples during training. Moreover, such an intuitive strategy is refined
through an auxiliary criterion (called Bi-fold Loss-Aware sampling) that
seeks to retain the most significant samples from past tasks.

We show through several in-depth studies that our proposal —
Embracing Amnesic Replay for Learning with Noisy Labels (EARL)
- significantly improves the stability and performance of CL models
while learning with noisy labels. Notably, EARL can be applied to any
rehearsal-based technique and varying types of noise, from synthetically
generated noise to realistic scenarios where noise arises during the data
collection process. Specifically, we evaluate situations where label noise
is introduced by human annotators, who may make errors during the
annotation process, as well as by automatic annotation process e.g., col-
lected by crawling the web. To mimicking automatic labeling pipelines,
we conduct an experiment where the data are automatically annotated
through the prediction of the zero-shot CLIP [20]. Finally, unlike the cur-
rent state-of-the-art, our analysis also covers the continual fine-tuning
of pre-trained models, a prominent trend in Al

In summary, building upon the previous work, our extension in-
cludes: i) an analysis of the memorization effect in online and of-
fline training regimes; ii) a comparison of noise from different realis-
tic sources; iii) demonstration that EARL can be applied to a variety of
continual learning methods, including those originally designed with-
out buffers; iv) an analysis of results across different buffer sizes; v) an
evaluation using pre-trained ViT-based models; and vi) evidence of the
effectiveness of both the insertion and sampling strategies through com-
parisons with other methodologies. vii) a test on the applicability and
effectiveness of EARL also on some NLP benchmarks.

We believe that the contributions above enhance both this approach
and our previous work [9], providing a more in-depth analysis, refined
methodology, and broader experiments that may further progress the
CL community.

2. Related works

Learning with Noisy Labels. Most approaches dealing with learning
from a noisy dataset are grounded on the memorization effect [13,15].
Under this assumption, clean samples tend to produce a smaller loss
than mislabeled noisy ones during the initial stages of training (small-
loss criterion), as they are typically easier to train upon. However, multi-

ple epochs are usually necessary to generalize to complex distributions;
hence, the reliability of the sample detection deteriorates as the loss
gap between clean and noisy samples reduces. To avoid this issue, most
existing methods seek to estimate the noise transition matrix [21], or de-
tect the noisy samples and either drop them [14,15] or try to correct
them [16,22]. Differently, Han et al. [23] builds on top of existing sam-
ple selection [14,15] strategies or loss correction [21,24] algorithms
with an explicit gradient ascent loss. Instead, we analyze the effect of
forgetting from the point of view of CL to take advantage of the ubiqui-
tous forgetting phenomenon.

Sampling strategies. Given their limited capacity, memory buffers re-
quire a balanced outlook of all seen classes. For this purpose, many (e.g.,
Rainbow Memory [25], PuriDivER [11]) update the memory through
reservoir sampling [26], which guarantees an i.i.d. snapshot of the past
data points. However, not every sample comes with the same signifi-
cance or robustness against forgetting: as highlighted by [25,27] retain-
ing complex samples is crucial. Notably, such a characteristic can be
detected by measuring the associated loss value or the model’s uncer-
tainty. Other works [28] use a prioritized exemplar selection based on
herding [29], which aims to produce a buffer population whose feature
distribution approximates best the true class distribution of the whole
stream.

Continual Learning with Noisy Labels. Most of the research on
CNL [10-12] has focused on rehearsal strategies for online (single epoch)
CL. In this setup, conventional replay strategies fall short, as the buffer
becomes contaminated with mislabeled samples. To address this chal-
lenge, PuriDivER [11] introduces a sampling strategy that seeks a bal-
ance between purity and diversity for buffer samples. Methods like
SPR [10] and CNLL [12] use multiple buffers to gradually isolate clean
samples. Although these methods can produce a purified memory buffer
by exploiting the small-loss criterion, they are restricted to the online
setting, where the effects of forgetting and underfitting are blended to-
gether [18]. Indeed, to avoid underfitting and remain competitive, they
require extensive fine-tuning on the attained buffer after the end of each
task. In complex scenarios with a limited amount of storage per task,
the effectiveness of such a strategy is limited [30,31]. CLTR [32] in-
troduces a time-varying regularization strategy, leveraging the obser-
vation that networks memorize clean samples before noisy ones; the
method dynamically regulates updates for noisy versus clean samples.
CO2L [33] leverages contrastive pretraining on clean data and preserves
transferable representations through self-supervise d distillation, mak-
ing it a good baseline to test in CLN. More recent approaches include
NLOCL [34], which relies on an online buffer separation and a semi-
supervised fine-tuning on labeled and unlabeled samples. In addition,
CSReL [35], which proposes a reducible loss (ReL), i.e., a forward-pass
metric that estimates the marginal performance gain induced by adding
a candidate sample to the coreset (memory buffer). By selecting sam-
ples that maximize estimated loss reduction relative to a holdout model,
CSReL favors representative and informative data while suppressing
noisy ones. RACE [36] is a replay-free method that uses a pretrained Vi-
sion Transformer to obtain robust feature representations. It combines
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a confidence-weighted objective with an unsupervised clustering-based
label correction stage that relabels samples via majority voting.

Theoretical foundations of Forgetting Dynamics. Our methodology
is grounded on the principle that learning dynamics differ between clean
and noisy samples, with noisy samples undergoing forgetting at earlier
stages of training. While this intuition is not originally ours, we pro-
vide a brief overview of the findings in [17], as they constitute a key
foundation for justifying the rationale behind our work.

In Section 5 of their work [17], the authors formalize a two-
stage, over-parameterized linear model to demonstrate that the so-called
second-split forgetting effectively filters out label noise first.

e First-split learning: Training a linear model on the linearly sepa-
rable split S, (with noisy labels) for T epochs until 100% accuracy
results in weights w,(7') that are close to the max-margin separator
w, of Syt

WA(T)=WylogT + py(T),

where p ,(T) is a small residual. This reflects the implicit max-margin
dynamics of gradient descent [37], which steer the model toward the
hard-margin SVM solution while correctly classifying all (clean and
noisy) training points.

¢ Second-split forgetting: In the second stage, the model is initial-
ized with wg(0) = w4(T) and further trained on a clean set Sy for
T' = f(T) epochs. Since Sy contains only correctly labeled examples,
its influence gradually reorients the decision boundary toward the
max-margin separator of the clean distribution. As a consequence,
mislabeled examples from S, become inconsistent with the new de-
cision boundary, and their predictions are eventually flipped. In con-
trast, correctly labeled (including rare) examples remain compatible
with the updated separator and are retained.

Briefly, Theorem 2 of [17] (Intermediate-Time Forgetting) provides
a high-probability guarantee that the following holds:
(i) Noisy samples from S, are forgotten (their predictions flip to the
correct label)
(i) Clean and rare examples from S, are retained (their predictions
remain correct). The exact probability and the time 7’ depends on var-
ious factors, including class separability, model overparameterization,
and the data’s signal-to-noise ratio. Nonetheless, we computed empiri-
cal intermediate-forgetting timings for different architectures and refer
the reader to Appendix B for such a detailed analysis.

3. Method
3.1. Problem setting

Following previous efforts in [9], we focus on Class-Incremental
Continual Learning (ClassIL), where data comes as a sequence of tasks
t € {0,...,T — 1}, each denoted as a separate classification dataset D, =
{X;,Y}. During each task, data is assumed to be drawn from an i.i.d.
distribution, but D; N D; = @ for all tasks i # j. In this scenario, an ideal
model f,(x) should learn to classify all observed classes U,T:_O1 Y;. Let £
be a classification loss (e.g., cross-entropy), then the aim is to solve:

0" = argminyE, [[E<X.y)~D, [E(fg(x), y)]] , (€9)

Such an objective is not directly viable in CL, as we do not have ac-
cess to D,. On the other hand, simply optimizing on the current task
t results in biased predictions and forgetting of all previously acquired
knowledge. To solve this issue, rehearsal methods leverage a small mem-
ory buffer M to store and replay part of the incoming samples. Formally,
the generalized learning objective for replay-based methods is:

0" = argmingE ), [E(fa(x), y)] + Ly, @
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where Ly is an auxiliary replay regularization term. Although its form
may vary depending on the method employed, we consider the basic
Experience Replay [4,5]:

Lr=Ex, ymM [E(f (%), y,)]. 3)

Most replay methods based on Eq. (3) fill the memory buffer during
training using a sampling strategy termed reservoir [26], which ensures
that examples from subsequent tasks have an equal probability of being
stored. Hence, while training, the memory buffer could contain exam-
ples from both current and past tasks.

Continual Learning under Noisy Labels. We aim herein to address the
limitations of replay approaches in noisy scenarios, where the incoming
task D, includes a dataset contaminated with erroneous annotations
7; ~ Y,. In this context, the memory buffer is prone to containing misla-
beled examples, which can further degrade performance in subsequent
tasks. Therefore, our main objective is to maintain a buffer with as few
noisy samples as possible.

Due to the memorization effect of DNNs [13], to avoid retaining
noisy examples, one can leverage the small-loss criterion [14,16,22,
38], a well-established method for distinguishing between clean and
noisy samples. Initially proposed in the context of standard offline learn-
ing, this criterion is based on the empirical observation that neural net-
works tend to learn easy, clean examples first. Thus, they can be identi-
fied by looking at their loss values L(f,(x), y) after few epochs of train-
ing: if the loss is “low”, the samples are likely labelled correctly.

We hence investigate the application of the small-loss criterion in a
continual setup, considering a simple baseline based on vanilla Experi-
ence replay and reservoir sampling. To do so, we initially leverage a syn-
thetic noisy scenario (for more realistic settings, including data crawled
from the web, refer to Section 4). In detail, we inject annotation noise
into Split CIFAR-10 [18] by randomly switching the labels of some ex-
amples, amounting to 40% of the training set (noise rate). Afterwards,
we focus on the second task and report the per-sample loss in Fig. 2,
for both examples from the current task (Stream, top) and the mem-
ory buffer (Buffer, bottom). Regarding the first, the difference (green
curve) in loss value between noisy and clean examples peaks after the
initial epochs and then deteriorates, corroborating the findings of pre-
vious works [16,17]. In contrast, for examples from the memory buffer,
the loss difference stays near zero, making the small-loss criterion inef-
fective for distinguishing noisy/clean. This is due to the examples being
overly optimized for rehearsal-based regularization, causing the model
to quickly fit and memorize them [39].

3.2. Amnesic replay

Intuition. Motivated by the deterioration of the small-loss criterion for
buffer datapoints, in the following we present a sampling approach that
unearths noisy datapoints stored into the buffer. In essence, the idea
is to periodically pause the optimization of the replay regularization
term during training and then observe how the loss of each example in
the memory buffer responds to this change. Intuitively, we expect that
the loss of mislabeled samples learned by overfitting [16], will exhibit
noticeable changes after several updates to the model’s parameters [17,
19,39], while correctly labeled samples will show negligible variations.

In formal terms, we extend the objective in Eq. (3) by introducing a
binary variable § = {0, 1}, which we use to selectively enable and disable
the replay regularization: Lz = [6 = HE, .y, ~mLfp(X,), 7,)

By doing this, when 6 = 0 we are allowing f, to change while disre-
garding the samples from the buffer, thus encouraging their forgetting.
We depict the effect of this strategy in Fig. 2, where 6 takes the value 0
for one epoch and 1 for the next, alternating every epoch. As can be seen,
alternating regularization and induced forgetting exacerbates the loss
difference, with a remarkable impact not only on buffer data (bottom)
but also on examples from the current task (top). Note that this discrep-
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Fig. 2. Trend of the loss difference between clean and noisy data among training epochs, for Vanilla Replay (reservoir) and Amnesic Replay (ours), with forgetting

induced every other epoch.

ancy is maintained in the long term and also when replay regularization
is re-enabled (6 = 1).

Based on the analysis above, we propose a new strategy named Am-
nesic Replay, which encourages the separation of clean and noisy losses
by inducing the model temporary amnesia (forgetting) on the buffer sam-
ples. To take advantage of the increased separation brought by for-
getting, the sampling strategy of Amnesic Replay updates the memory
buffer (i.e., applying insertion and deletion operations) only when the
replay regularization is paused (6 = 0).

After pausing regularization, the model experiences severe forget-
ting, and repeated iterations may worsen performance. Therefore, we
reload the model to its previous state during each transition from 6 =
0—-6=1.

3.3. Embracing amnesic replay for LNL

Here, we present the proposed sampling algorithm, called Embracing
Amnesic Replay for Learning with noisy labels (EARL). It builds on the
concept of Amnesic Replay introduced in the previous section and offers
a method to: i) insert new examples into the memory buffer (insertion);
and ii) remove old examples to make space (deletion).

Insertion. As shown before, Amnesic Replay allows for an effective ap-
plication of the small-loss criterion in an incremental scenario. We lever-
age its effects by ranking current batch examples based on their loss
value and follow the insertion procedure in [9] that, considering « as a
specified percentage of samples from |3, it avoids using the a samples
with the highest loss during the insertion phase.

Deletion. As shown in Fig. 2 (right), Amnesic Replay has a positive im-
pact (i.e., high loss difference) not only on buffer data (bottom) but
also on examples from the current task (top). Unlike vanilla replay
(Fig. 2, left), indeed, the loss difference remains significant as training
progresses. Since the insertion technique employs the small-loss crite-
rion, we can assert that most of the stored samples from the current
task are likely to be clean by the end of the task. Therefore, in later
tasks, instead of their purity (i.e., the rate of clean examples, which is
already high), we should prioritize their diversity [11], i.e., the extent of
intra-class variation captured by these examples.

It is with this intuition in mind that we devise a bi-fold removal
policy, which applies different strategies depending on whether the ex-
ample is from past tasks or the current task. Specifically, to select which
examples should be replaced:

e Case a). If the example is from the current task, we remain uncer-
tain about the correctness of its label. Therefore, we continue to use
the small-loss criterion, assigning a higher removal probability to
examples with higher loss.

¢ Case b). If the example is from the old tasks, based on both Amnesic
Replay and the insertion policy, we trust its label. Indeed, if the ex-

ample were mislabeled, it would have already been discarded under
the clause a). Therefore, for these examples, we reverse the small-
loss criterion, preferring to retain those with higher loss (associated
with higher diversity, see below).

For clause Case b), the approach operates on the assumption that higher
loss is linked to greater diversity in the data distribution. Intuitively,
high loss values correspond to examples near the decision boundary be-
tween two or more classes [25,27]; therefore, these examples feature
visual patterns that are heterogeneous and peculiar of distinct (but sim-
ilar) classes, rendering them more varied than those lying on the mode
of the data distribution. It is worth noting that high-loss examples have
also been found beneficial in standard continual learning scenarios, as
demonstrated by the authors of [27]. They showed that considering ex-
amples with high loss provides a simple yet effective criterion for mod-
elling their importance during replay.

Formally, for each x € M, we use the score function s(x) in Eq. (4) to
select the examples to be replaced. A summary of the entire procedure
is available in the supplementary material. In that section, we provide
additional details, such as how to achieve a balanced representation of
samples from both past and current tasks (for instance, we re-normalize
the scores based on the number of samples from either group stored in
the memory buffer).

0 = LX, 7), %f (x,5) ~ D, . &)
-L(x,p), if (x,5) ~ D,

Notably, our method needs only one single hyperparameter («),
which streamlines its applicability across diverse scenarios.

4. Experiments

For the reasons discussed above, we follow the established offline
ClassIL scenario [18,25,28,30], where multiple training epochs are al-
lowed per task. We also use a task-aware approach to allow comparison
with other works.

4.1. Setting

Datasets. To comply with the current CNL literature, we start our
evaluation on convolutional models with no pre-training (Section 4.3).
We test on the CIFAR-100 dataset [40] with synthetic uniform noise,
where each label is randomly flipped to another class. We also consider
CIFAR-100N [41], a human-annotated version of the dataset with instance-
dependent noise, collected via Amazon Mechanical Turk, reflecting realistic
annotation errors by non-experts. We also include a version of CIFAR-100
annotated by a foundation model, i.e., CLIP [20] in a zero-shot setup,
which we name CIFAR-100C and simulates automatic labeling pipelines.
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Comparison of Final Average Accuracy and Final Forgetting (FAA [1] + std (FF) [1]) of traditional CL
and CLN methods for buffer size M = 500. EARL consistently provides a performance boost, regardless

of the source of noise.

Benchmark CIFAR-100 CIFAR-100N CIFAR-100C ANIMAL-10N

noise source synthetic human-annotation machine-annotation web-scraped

noise rate 40% 40.20% 35.31% 08.00%

Multitask 38.46+0.92 (-) 47724022 (-) 55.20+0.89 (-) 57.35+£0.77 (-)
Finetune 07.55+0.14 (71.51) 8.66 + 0.06 (79.56) 8.73 +0.03 (80.99) 13.73 +0.05 (78.52)

iDivideMix [22]
PuriDivER [11]

10.88 + 0.60 (20.71)
08.16 + 0.43 (67.30)

CLTR [32] 8.40 +0.36 (64.21)

CO’L [33] 16.51 +0.71 (45.92)
DER++ [18] 13.80 + 0.28 (50.22)
w. EARL 26.37 +0.58 (41.08)
ER-ACE [31] 12.64 + 0.04 (42.14)
w. EARL 27.94 + 0.16 (30.24)

16.28 + 0.62 (25.23)
10.06 + 0.32 (77.53)
10.74 + 0.42 (69.13)
1832 +0.89 (49.28)
23.45 +0.37 (53.67)
30.13 + 1.21 (36.57)
25.48 +0.59 (38.57)
30.69 + 0.56 (28.78)

18.52 +0.81 (25.47)
11.05 + 0.67 (78.33)
14.30 + 0.50 (68.95)
16.84 = 0.77 (41.10)
30.05 + 1.20 (48.40)
33.23+0.98 (33.33)
30.46 + 0.28 (33.54)
3323+0.19 (26.97)

32.59 +0.35 (26.79)
13.69 + 0.60 (73.54)
16.01 + 0.55 (67.47)
26.92 + 0.64 (29.15)
30.29 +0.27 (41.26)
31.80 +0.31 (33.43)
31.85 £ 1.07 (27.46)
34221+ 0.87 (18.35)

In addition, to cover most sources of noise, we include ANIMAL-10N [8]
and FOOD-101N [42], two datasets containing web-scraped data with
naturally noisy labels originating from surrounding metadata or cap-
tions, a common scenario in large-scale web-based data collection.

For experiments involving a pre-trained backbone, we wish to eval-
uate both the resilience to noise and the plasticity of the models. There-
fore, we primarily focus on ISIC [43,44] and EuroSAT-RGB [45,46], as
these two datasets hold low domain similarity [47] w.r.t. the pre-train
(ImageNet [48]).

We define sequential CL tasks for each dataset following the ClassIL
setting. Namely, for Food-101N, ANIMAL-10N, and EuroSAT-RGB we
split the classes into 5 tasks. We split ISIC into 3 tasks and CIFAR-100
into 10 tasks.

To also evaluate a Continual NLP task, we include a subset of the
GLUE benchmark [49], a widely used collection of language under-
standing tasks. Specifically, we consider six sentence- and sentence-pair
classification tasks-MNLI, SICK, RTE, SciTail, QNLI, and SNLI-which are
encountered sequentially in this order. Together, they form a single
dataset of 6 tasks.

Backbones. We employ a Vision Transformer (ViT) [50] for ISIC,
EuroSAT-RGB, and Food-101N, and a ResNet18 [51] for CIFAR-100 and
ANIMAL-10N.

Metrics. All results are presented in terms of Final Average Accuracy
(FAA) and Final Average Forgetting (FF) and averaged across 3 runs,
computed at the end of the last training task. We refer the reader to the
supplementary material for further details.

4.2. Baseline methods

CL-based methods. Since our work stands out for being the first inves-
tigating noisy labels in an offline CL setting, we assess EARL’s effective-
ness by applying it to a selection of both pre-trained and initialized from
scratch architectures. For the former, we consider the ViT-B/16 archi-
tecture to allow comparison against prompt-based approaches. In par-
ticular, we consider L2P [52] and CODA-Prompt [53], as they represent
the most widely adopted methods for rehearsal-free learning. Moreover,
we also consider SLCA [54], as it stands out for achieving higher perfor-
mance w.r.t. prompting in most scenarios. For rehearsal-based methods,
we employ ER-ACE [31] and DER++ [18] due to their simplicity and ef-
fectiveness. Unless otherwise noted, L2P, CODA-Prompt, and SLCA do
not make use of a memory buffer. However, since we find that they fall
short in the presence of label noise or domain dissimilarity w.r.t. the
pre-train, we will also equip them with a small memory buffer based on
ER-ACE.

CLN method. For a thorough comparison, we include the currently
available CLN-based method, adapted for a multi-epoch scenario. In par-

ticular, we compare against PuriDivER [11], SPR [10], and CNLL [12].
Since the last two methods use multiple memory buffers, we use the
same overall memory budget for a fair comparison and test on a smaller
dataset. Details and results of these two methods in the multi-epoch sce-
nario in the Appendix. We adapted the CLTR [32] regularization to
our incremental task scenario by applying it to both stream and
buffer samples. Additionally, we leverage clean pretraining distil-
lation for our noisy tasks through CO2L [33]. We include an ad-
ditional baseline that applies the regularization of DivideMix [22] on
samples from all seen tasks using a reservoir memory buffer, which we
name iDivideMix. We select DivideMix as a compelling representative
baseline for LNL methods because it consistently outperforms similar
noise-robust learning methods and sample-selection approaches across
several benchmarks [11,41].

Finally, we provide an upper bound (Multitask, i.e., training on all
tasks jointly) and a lower bound (Finetune, i.e., training with no mea-
sures against forgetting or label noise).

4.3. Results

Not pre-trained backbones. We analyze the benefits brought by EARL
on popular rehearsal baselines by computing the Final Average Accu-
racy (FAA) these exhibit on different datasets, before and after applying
EARL to them (Tables 1 and 2). We can see that our proposal improves
the performance of all base methods on both synthetic (CIFAR-100)
and real (CIFAR-100N, CIFAR-100C, ANIMAL-10N) noisy benchmarks.
In the table, we also report the Final Average Forgetting (FF) for each
experiment. To delve into more detail, the average gain in FAA points
across tasks is 14.99 on CIFAR-100, 4.76 on CIFAR-100N and 2.25 on
CIFAR-100C. It’s worth noting that EARL remains effective even at lower
noise levels, demonstrating an average improvement of 4.22 points on
ANIMAL-10N. This modest increase can be ascribed to the limited ratio
of noisy data in this dataset. Finally, in all scenarios, we demonstrate to
surpass the LNL and CNL competitors by far.
Pre-trained backbones. We aim to examine pre-trained models in noisy
environments, with Table 3 showing the Final Average Accuracy on two
datasets with injected noise.

We highlight the advantages of integrating a buffer into pre-trained
CL prompt-tuning methods, particularly in noisy environments. This
becomes evident when comparing the results in Table 3 for the three
methods (CODA-Prompt, L2P, SLCA) with (M = 500) and without buffer
(M = 0). Furthermore, using the buffer, we can boost the performance
of all models with EARL. Specifically, we achieve an average increase of
accuracy of 7.73 and 20.21 for experiments conducted respectively on
ISIC and EuroSAT-RGB.
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Comparison of Final Average Accuracy and Final Forgetting (FAA [1] + std (FF) [1]) of traditional CL
and CLN methods for a fixed buffer size M = 2000. EARL consistently provides a performance boost,

regardless of the source of noise.

Benchmark CIFAR-100 CIFAR-100N CIFAR-100C ANIMAL-10N

noise source synthetic human-annotation machine-annotation web-scraped

noise rate 40% 40.20% 35.31% 08.00%

Multitask 38.46+0.92 (-) 47724022 (-) 55.20+0.89 (-) 57.35+£0.77 (-)
Finetune 07.55+0.14 (71.51) 8.66 + 0.06 (79.56) 8.73 +0.03 (80.99) 13.73 +0.05 (78.52)

iDivideMix [22]
PuriDivER [11]

20.09 + 1.13 (13.58)
17.46 +0.79 (64.21)

CLTR [32] 10.42 + 1.08 (74.60)
CO2L [33] 24.07 +0.68 (41.15)
DER++ [18] 21.68 + 0.67 (44.53)
w. EARL 39.26 + 1.14 (27.98)
ER-ACE [31] 22.20 £ 0.72 (34.55)
w. EARL 4035025 (21.12)

28.37 + 1.20 (13.99)
12.25 +0.91 (75.63)
17.13 + 0.87 (62.27)
30.44 +0.74 (34.45)
35.05 + 0.96 (40.19)
38.75 + 1.08 (27.58)
3473 £0.73 (30.67)
38.51 + 0.83 (22.06)

3226 + 1.29 (12.66)
14.20 + 058 (73.82)
22.36 + 0.84 (58.20)
34.14 £ 0.62 (36.04)
40.77 + 0.88 (34.16)
41.78 +0.77 (25.39)
39.30 + 0.37 (27.88)
41.00 + 0.13 (20.89)

36.08 + 1.44 (19.90)
18.36 £ 0.96 (66.94)
25.17 + 0.67 (55.29)
31.21 £0.71 (33.09)
32.41+0.72 (32.50)
37.66 + 1.65 (26.41)
37.29 + 030 (24.67)
38.66 + 0.88 (11.15)

Table 3
Results in terms of FAA [1] and (FF) [|] on benchmarks using a
pre-trained ViT.

Benchmark EuroSAT ISIC
noise 40% symm 40% symm
no noise 96.88 (-) 78.25 (=)
Multitask 93.17 (-) 50.60 (-)
Finetune 18.73 (89.53) 29.93 (79.37)
CODA-Prompt [53] 60.78 (16.61) 41.97 (4.09)
M=0 L2P [52] 48.37 (02.78)  32.87 (03.49)
SLCA [54] 35.87 (77.72) 31.85 (70.89)
CODA-Prompt [53] 62.97 (18.72) 43.37 (23.77)
w. EARL 87.95 (06.88) 52.99 (22.34)
L2P [52] 77.72 (12.07) 49.03 (09.26)
_ w. EARL 80.34 (08.67) 51.88 (12.09)
M =500 SLCA [54] 56.26 (11.49) 41.01 (30.49)
w. EARL 92.28 (03.68) 54.18 (17.05)
ER-ACE [31] 76.39 (18.10) 52.16 (20.67)
w. EARL 93.62 (02.43) 56.00 (21.47)

Food-101N (real-world noise)

w. CA
7
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o
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o
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Fig. 3. Final average accuracy (FAA) [1] of EARL when applied to SLCA and
ER-ACE to learn on the Food-101N dataset.

Remarkably, with the use of EARL, we surpass the Multitask case in
certain scenarios, i.e., our upper bound on the noisy dataset. Therefore,
we also provide the upper bound of the conventional scenario, involving
the multitask model trained on the same datasets without any noise.

In Fig. 3 we also evaluate two models (pre-trained and not) on Food-

101N. Here, we find an increase in accuracy for both SLCA and ER-ACE.
Consistent with the results in Table 3, the advantages of employing a
buffer vs. not using one are evident (left bar plot). Furthermore, EARL
is beneficial for both models.
Foundation models as erroneous annotators. Due to the high costs
of human annotation, an emerging trend involves the use of pseudo-
labels generated by vision-language models with high zero-shot per-
formance [55]. However, these models are not infallible, and incorrect
pseudo-labels introduce challenging label noise.

We study this label noise by using CLIP with ViT-B/32 to re-annotate

the CIFAR-100 training dataset, simulating annotation from an external
automatic source unavailable for training. The noise rate thus corresponds
to CLIP’s error rate (35.31%). We apply all methods from Section 4.3 and
present results in Tables 1 and 2 (3rd column). As can be seen, EARL
continues to provide a notable performance gain (2.65% on average)
even under this peculiar form of noise.
Natural Language Understanding. Since noisy labels may also occur
in the robust natural language understanding (NLU) field, we provide
a small study testing the effectiveness of our method on a subset of the
General Language Understanding Evaluation (GLUE) benchmark [49],
a widely used collection of natural language understanding tasks in-
cluding question answering, sentiment analysis, and textual entailment.
The six sentence- and sentence-pair classification tasks considered are
encountered sequentially, forming a single dataset of 6 tasks. Multitask
and Finetuning serve as baselines. For continual learning, we store 5000
examples in a buffer, which provides sufficient coverage across all tasks
while remaining memory-efficient. Noise is synthetically introduced by
randomly flipping labels. As shown in Table 4, the regularization pro-
vided by EARL effectively cleans the buffer, yielding consistent benefits
in terms of Final Average Accuracy in both Class-IL and Task-IL scenar-
ios.

5. Model analysis

Question i) How do sampling strategies affect EARL’s overall per-
formance? Question ii) How do sampling strategies influence over-
all buffer purity and diversity? Question iii) How sensitive is the
model to a and to other selection strategies? Question iv) Does
EARL remain effective under low or no noise?

Comparing against different Sampling Techniques. To assess the va-
lidity of our sampling strategy, we here compare it against some state-
of-the-art sampling techniques. In particular, we conducted experiments
using the following:

¢ PuriDivER [11]: seeks to balance purity and diversity in the replay
buffer. This is achieved through a score function that considers both
the likelihood of a sample being correctly labeled (purity) and its
representational uniqueness (diversity). From the best of our knowl-
edge, this is the current state-of-the-art method that has been pro-
posed to address the problem of noisy labels in online continual
learning, which is the closest to our scenario.
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Comparison of final average accuracy for a text benchmark in both Class-IL and Task-IL scenarios,

with buffer purity reported when a buffer is used.

M = 5000 Class-IL Task-IL Class-IL

Task-IL

Class-IL Task-IL Class-IL Task-IL

GLUE Multitask Finetune

ER-ACE w. EARL

Noise 20% 74.20 80.06 14.88

58.12 64.44 76.70 69.55 79.66

Buff. Purity X x

0.83 0.98

Noise 40% 65.89 68.96 14.06

53.78 54.85 65.67 62.95 73.30

Buff. Purity X X

0.64 0.90

Table 5

Comparison against state-of-the-art sampling strategies across different
sources of noise. Final Average Accuracy on CIFAR and Food-101N; buffer
size = 500.

Dataset CIFAR-100 Food-101N

Noise sym 20% sym40% sym 60% Instance-based Web-based

PuriDivER 12.04 8.38 5.29 08.03 29.85

Rainbow 13.53 07.79 04.30 19.28 55.83

Herding 16.92 10.23 05.55 20.52 56.80

Bi-Fold (ours) 26.69 25.17 19.17 24.05 57.78
Table 6

Bi-fold vs. Herding and PuriDivER’s sampling strategies, with
both Vanilla and Amnesic Replay.

CIFAR-100N M =500 M = 2000
Sampling Strategy Vanilla ~ Amnesic Vanilla ~ Amnesic
Puridiver 19.50 23.46 24.15 30.84
Herding 30.11 30.75 3598 37.56
Bi-fold 29.80 31.27 38.00 38.80

Herding [28,29]: a widely-adopted sampling strategy that focuses
on selecting samples that most closely represent the current model’s
learned features for each class. It does this by selecting samples that
minimize the distance to the class means in feature space.

e Rainbow Memory [25]: this strategy selects, for each class, samples
that are diverse in the feature space by considering the model’s un-
certainty under different augmentations of the data.

For this experiment, we start from the same underlying model (ER-
ACE) and evaluate against two datasets: CIFAR-100 and Food-101N. For
what concerns the first, we apply both synthetic noise (20%, 40%, and
60% symmetric noise) and real-world noise obtained by human erro-
neous annotations (instance-level noise). For the second dataset, the la-
bels are noisy by design, as they are collected from the web. We use a
buffer size of 500 samples for all methods. The results in terms of accu-
racy are summarized in Table 5 and show that our sampling strategy out-
performs all other methods across all noise levels and datasets, achiev-
ing the highest accuracy. In particular, we find that PuriDivER performs
poorly in the presence of more realistic noise, such as the instance-level
noise of CIFAR-100 and the web-collected labels of Food-101N. On the
other hand, Herding and Rainbow Memory experience a sharp drop in
performance as the noise increases, while our method remains robust
across all noise levels.

Additionally, to assess the impact of the rehearsal process on dif-
ferent sampling approaches, in Table 6 (right part) we compare three
strategies on the human-annotated CIFAR-100N: Herding, which gen-
erates a representative set of samples from the stream data distribution,
Puridiver and our Bi-Fold Loss-Aware Sampling, both based on reservoir

and aiming for a balance between purity and diversity, but through differ-
ent sampling scores. As expected, the impact of a larger buffer size is
always beneficial regardless of both the replay method and the sam-
pling strategy involved. Plus, combining Amnesic Replay with our sam-
pling strategy outperforms all other sampling strategies. Notably, in
the scenario with a small buffer size (Table 6 with M = 500), Herd-
ing appears to gain benefits from the use of Amnesic Replay. However,
standard replay does not fully exploit the potential of our sampling
strategy.

Buffer Composition. In addition to the performance analysis previ-
ously presented, we acknowledge that our primary objective in such a
rehearsal-based scenario is to prevent performance degradation through
the maintenance of a high-quality buffer. To this end, we present a com-
prehensive examination of the purity characterizing our buffer through-
out the training process (i.e., across multiple tasks.)

The Purity is computed as the percentage of clean samples inside the
memory buffer at the end of each incremental task. Fig. 4 illustrates the
percentage of clean samples in the buffer for each method across differ-
ent noise levels. For this experiment, we consider only the CIFAR-100
dataset, since we need both the real label and the noisy label to compute
the percentage of clean samples. As depicted, our strategy maintains the
highest percentage of clean samples in the buffer, which is crucial for ef-
fective learning in the presence of noise. Notably, while other sampling
strategies tends to drop the percentage of clean samples significantly
as noise increases, our method remains robust, showing only a slight
decrease in the percentage of clean samples even at high noise levels.
Sample Selection. To evaluate the effectiveness of our proposed sam-
ple selection strategy, we conduct a comparative analysis against a well-
established baseline from the literature [11,22]. Specifically, we eval-
uate our a-threshold insertion method (Section 3.3) against a Gaussian
Mixture Model (GMM) approach that partitions samples into clean and
noisy subsets. We evaluate both methods using two key metrics: Final
Average Accuracy (FAA) and buffer Purity, measured as the average per-
centage of clean samples retained in the buffer at the end of each task.
Table 7 compares our a-insertion strategy with the GMM baseline.

To facilitate the interpretation of the table results, recall that «

denotes the fraction of highest-loss samples in each batch that are
discarded before inserting data into the buffer. When « =0 (i.e., all
samples are inserted), the buffer’s purity converges to approximately
(1 —noise%). In this case, no mechanism is applied to mitigate noise,
and thus the noise distribution in the buffer closely reflects that of the
original dataset. By contrast, our insertion strategy based on the thresh-
old « consistently achieves higher accuracy than the GMM-based selec-
tion, even for relatively low thresholds in the range of 25%-50%. and
can reach higher purity levels than GMM-based sample selection.
On the Influence of Lower Noise Rates and Systematic Mislabel-
ing. When injecting synthetic noise into datasets, our choice of the er-
ror rate for each dataset is guided by referencing the closest noise rates
found in similar real noisy datasets. (e.g., CIFAR-100N) [41,56]. There-
fore, for the majority of our experiments, we maintain a fixed noise rate
of 40% on synthetically noised datasets.
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Fig. 4. Purity levels achieved through different sampling strategies. Trend of buffer clean percentages across incremental training tasks on CIFAR100.

Table 7

Ablation study on the sample selection strategy - insertion phase.

ER-ACE on CIFAR-100 - M = 2000

Noise/a a=0% a=25% a=50% a="75% a=90% GMM
FAA Purity FAA Purity  FAA Purity FAA Purity FAA Purity FAA Purity
Sym 40% 27.01 0.65 31.99 0.75 36.92 0.86 40.35 0.98 39.40 0.98 32.39 0.73
Sym 60% 15.30 0.44 17.35 0.49 20.74 0.61 26.34 0.87 30.67 0.90 18.61 0.52
Table 8
FAA on CIFAR-100 with different noise rates and in absence of noise (M| = 2000).
Method No Noise ~ Symmetric Noise Systematic Noise
CIFAR-100 0% 5% 10% 20% 40% 60% 40% avg.
= iDivideMix 38.68 39.13 33.80 29.21 20.09 14.2 22.04 28.16
55 PuriDivER 33.30 30.74 28.43 22.43 17.46 9.48 17.94 22.54
I ER-ACE 50.06 45.77 42.42 31.14 22.20 11.65 20.88 32.02
3 + EARL 49.81 46.73 46.58 44.34 40.35 26.34 30.32 40.64

However, to ensure a comprehensive evaluation and demonstrate
that the effectiveness of our method extends beyond specific noise sce-
narios, we compute the Final Average Accuracy for several important
CL and CLN baselines from the main manuscript under six additional
noise scenarios. Regarding symmetric uniform noise, we evaluate some
low-noise scenarios (i.e., 5%, 10% noise rate) to understand whether there
exists a threshold below which EARL loses its effectiveness. Furthermore, we
assess whether EARL is detrimental in the absence of noise (0%) and we
investigate another type of noise not included in the main table. We call the
former Systematic Mislabeleling Noise. This occurs when mislabeling hap-
pens with a certain percentage but among semantically similar classes, re-
flecting realistic error patterns that may arise in practical annotation scenar-
ios where human annotators are more likely to confuse visually or concep-
tually related categories. We present the result for such an evaluation
in Table 8. We note that, in the absence of noise, EARL leads to only a
marginal change in performance, as the model faces no disruptive noise
to correct. Plus, such marginal change may be partly due to EARL effec-
tively halving training epochs. However, even with just 5% or 10% la-
bel noise, EARL delivers substantial improvements. Unsurprisingly, the
performance of each method drops as noise raises. Moreover, we see
that the behaviour of the various methods do not vary with changes in
noise levels, and our method consistently outperforms the others even
in more complex noisy scenarios, e.g., 60% and systematic mislabeling
noise.

6. Conclusions

We propose a revised version of our previous work “May the For-
getting be With You”, a methodology to deal with the problem of Noisy
Label learning in Continual Learning. We start by observing that forget-
ting does not impact all samples equally and find that alternating epochs
of learning and forgetting pushes the noisy-clean loss gap apart for both
stream and buffer data. We introduce Amnesic Replay to leverage such
a phenomenon and ensure separation between clean, complex, and noisy
samples. We also propose Bi-Fold Loss-Aware Sampling, which en-
hances the purity of the attained buffer without sacrificing important
stored samples.

Our analysis validates our previous work and demonstrates its effec-
tiveness across backbones trained from scratch and pre-trained, under
seven datasets with varying similarity to the pre-training and four dis-
tinct noise scenarios.
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Appendix A. Overview of Bi-fold loss-aware sampling

We want to delve into detail about the sampling objective proposed
in Section 3 where for each x € M we define a score function s(x):

L(x, 7 if (x,5) ~ D,
S = (x, y): 1 (X,Jj) ; A1)
-L(x,§), ifx,5)~D
When determining which instances to exclude from the buffer during its
update, we adopt different sampling strategies for either past or current

task samples, using s(x) to prioritize the release of those with higher
score. In detail, such a process involves two separate phases:

1. Achieving a balanced buffer. To ensure a balance between cur-
rent and past tasks in terms of the number of samples inside the
buffer, we compute the ratio of such samples in the buffer, respec-

M, M,
== and r,,, = A’@:”, where r.,,, + 1, = 1. We can

tively Teurr M past —
define the quantity g = r,,, (thus 1 — ¢ =r,,,) and later use this as
the probability of replacing a sample from respectively the current
task (q) or past tasks (1 — g):

o If the buffer contains a lot of samples from the current task, g
will be high, so we are more likely to pick — for replacement —
samples from the current task.

o If the buffer contains few samples from the current task ¢ will
be low (and 1 — g will be high), so we’re more likely to replace
samples from the past tasks.

Formally, this corresponds to sampling from a binomial distribu-
tion ¢ with probability ¢ to determine whether to replace a sample
from the present or the past, see Eq. (A.3), ensuring a balance be-
tween the two groups.

2. Prioritizing replacement of high-score samples. During the on-
going optimization process, the buffer might still contain erroneous
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labels for samples belonging to the current task. Among these sam-
ples, we want to discard the ones most likely to be noisy (high-loss) -
Case a) of Section 3.3. On the other hand, based on our buffer inser-
tion policy combined with Amnesic Replay — as mentioned in clause
— Case b) of Section 3.3 —, and by looking at the results of Section 5
and our previous work [9], we can assume that at the end of each
task we are able to clean the buffer for current samples thoroughly.
Therefore, on the subsequent tasks, among these clean samples com-
ing from the old completed tasks, we want to retain the most complex
inside the buffer (high-loss). We thus define the following normal-
ized probabilities (Eq. (A.2)):

)

pcurr(x) = with Zeurr = erMmrrs(X)

curr

(A.2)

)

ppast(x) = with Zpast = erM‘m,S(X)

Zpast
Overall, when updating the buffer, we sample elements to be re-
placed from the following distribution:

p(x) = ¢pcurr(x) +(1 - ¢)ppast(x)- (A3)

In summary, if phase 1. determines that we need to replace a sample
from the current task, the sampling will prioritize replacing items with
low-loss, guided by p,,,,.. Conversely, if a sample from a past task needs
replacement, it will be sampled with probability p,,,, thus prioritizing
the release of high-loss samples.

Appendix B. Analysis of forgetting timing

In Section 2 we introduced a short overview of forgetting dynam-
nics, from [17]. To quantify the aforementioned forgetting epoch T’
and formalize what “rapid forgetting” means across different architec-
tures, we indeed leverage the second-split forgetting metric. Follow-
ing [17]’s protocol, we split the training set into two partitions (S 4, Sy):
the model is first trained on S 4, then forgetting statistics are computed
during fine-tuning on the second split S;. An example is said to un-
dergo a forgetting event when the accuracy on that example decreases
between two consecutive updates. By collecting forgetting events, we
can track the epoch after which an original training example from S,
is no longer classified correctly (forgotten) as the network is fine-tuned
on a randomly held-out partition of the dataset S;. We conduct our
experiments on CIFAR-100 (50 epochs per split), following the afore-
mentioned protocol, and extract our statistics of interest. We evalu-
ate two architectures: ResNet-18 (trained from scratch) with a learning
rate of 0.03, and ViT-B/16 (pretrained) with a learning rate of 0.01. We
introduced two types of noise in the dataset: synthetic uniform noise
(40%), and automatic annotation noise, using CLIP zero-shot to assign
labels.

From the results in Fig. B.5 we can state that earlier forgetting of
mislabeled examples occurs consistently across architectures and noise
types. In particular, random noisy samples (red bars) are forgotten very
rapidly (~16th epoch), while a more complex source of noise makes
the forgetting time 7’ higher (~39th epoch). For completeness, we
also report over each correspondent bar the loss values for both clean
and noisy examples at the epoch in which noisy examples undergo
forgetting.

These results show two key insights: first, the loss values provide
a clear signal to distinguish between clean and noisy samples, which
forms the basis of our sample selection mechanism. Second, the variable
timing of natural forgetting justifies our approach of actively inducing
forgetting events.
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Catastrophic Forgetting: Epochs and Loss at Noisy Forgetting Time

= Clean
50 ™= Noisy

Mean Forgetting Epoch

Vit
Synthetic Noise

ResNet-18
Synthetic Noise

ResNet-18
Auto-Annotation
Noise

ViT
Auto-Annotation

Fig. B.5. Forgetting time comparison across different backbones and noise types.

Appendix C. On the applicability of current CNL methods in
offline ClassIL

Table C.9

Final Average Accuracy (FAA) [1] (and runtime difference w.r.t. EARL []
1 of current CNL methods. **: Training iterations spread across epochs;i:
Impractical runtime; o: Buffer size constraints.

5 task CIFAR-10 — 40% symm noise — 50 epochs per task

Memory budget 500 1000 2500 unlimited
EARL 58.68 (x1)  62.04 (x1) 67.10 (x1) 76.83 (x1)
SPR** [10] ° 2597 (x25.0) +

CNLL [12] ° 3 35.46 (x4.6) 43.43 (x2.3)

In Section 1 we have shown the advantage of the offline CL sce-
nario, which allows us to fit even complex distributions and extends the
scope of CNL to a broader community. To better depict the improve-
ments brought by EARL, here we compare against the current CNL liter-
ature. Since these methods were originally designed for a single epoch
scenario, we include some refinements to better adapt them for train-
ing on multi-epochs. In particular, considering SPR, we distribute its
7000 training iterations per batch across the task (otherwise it would
take x448 more iterations than standard training). For experiments in
the unlimited buffer scenario of CNLL, we freeze memory after the first
epoch to prevent it from growing indefinitely.

As shown in Table C.9, EARL does not require buffer fitting, as it
can take advantage of the multiple training epochs. While the perfor-
mance gain is remarkable, it may be expected since all methods except
EARL are not designed for offline CL. EARL’s runtime remains mostly
unchanged going from 500 to 1000 buffer size (around 1 h and a half
to complete). Our proposal shows significant improvements in terms of
efficiency, remaining viable in all scenarios.

Appendix D. Experiments

To evaluate our proposal we build on Mammoth (PyTorch). All meth-
ods share epochs and batch size, chosen via Multitask performance.
Competitors tune the learning rate; EARL fixes it at 0.03.
Augmentation We apply random crops and horizontal flips to all
datasets; PuriDivER uses AutoAugment [57]as in the original paper.
Training We fix batch size (32 for image datasets, 16 for GLUE). Image
tasks: 50 epochs on CIFAR-100/ANIMAL-10N, 20 on Food-101N, 30 on
ISIC, 5 on EuroSAT, using SGD with constant Ir. GLUE: MNLI/SNLI/QNLI
for 3 epochs, RTE/SICK/SciTail for 20, with AdamW (3 = 10~*Ir), 0.01
wt decay.
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Datasets

We empirically validate our method on seven different classification
benchmarks. In each experiment, samples from the main dataset are split
into disjoint sets based on their class and organized into tasks, following
the ClassIL setup.

CIFAR-100 [40]. This dataset has 60,000 32 x 32 colour images, in par-
ticular it has 100 classes with 600 images each. We organize classes in 10
tasks, each containing 5 classes from the same superclass. We corrupt
the dataset at hand to obtain a uniform noise configuration, by randomly
flipping 40% of the labels.

CIFAR-100N [41]. This is a variant of CIFAR-100 equipped with
human-annotated real-world noisy labels collected from Amazon Me-
chanical Turk. The authors demonstrate that real-world noisy labels fol-
low an instance-dependent pattern of noise and estimate the noise rate
of the fine labels to be approximately 40.21%.

CIFAR-100C We re-annotate the CIFAR-100 training set using CLIP -
with ViT-B/32 as the image encoder. The noise rate in this experiment
matches the error rate of CLIP (35.31%) since the corrupted dataset la-
bels corresponds to the zero-shot prediction of CLIP. Notice that in such
a scenario automatic annotations are available, but the source of anno-
tation is not accessible for training purposes.

Food-101N [42]. The dataset is intended for learning to address label
noise with minimal human supervision. It contains about 310,009 im-
ages of food dishes organized into 101 noisy classes, which we split into
5 tasks. The estimated noise rate is 20%.

ANIMAL-10N [8]. This dataset contains 64 x 64 RGB images of 5 pairs
of animals which look very similar: (cat, lynx), (jaguar, cheetah), (wolf,
coyote), (chimpanzee, orangutan), and (hamster, Guinea pig). The im-
ages are crawled from online search engines and then classified by 15
recruited participants. The final dataset has 50,000 training images and
5,000 for the test set. We split the dataset in 5 tasks. The noise rate of
the dataset is approximately 8%.

ISIC [43,44]. We use the 2018 ISIC Challenge dataset, namely the one
created for the disease classification task. From the original dataset we
remove the most frequent class melanocytic nevus, and keep the other 6
classes. The obtained dataset consists of about 3310 instances. Then, we
split the dataset in 3 tasks composed of 2 classes each.

EuroSAT [45,46]. The dataset is composed of Sentinel-2 satellite pic-
tures to address the difficulty of classifying land use and land cover. It
consists of 10 classes, for a total of 27, 000 labeled and geo-referenced im-
ages. We use the RGB version and split the 10 classes into 5 incremental
learning tasks.

GLUE [49]. Consists of 6 incremental sentence or sentence-pair clas-
sification tasks. Tasks have 2-3 classes: MNLI/SNLI/SICK (entailment,
neutral, contradiction);

QNLI/RTE/SciTail (entailment, not-entailment/neutral). We inject syn-
thetic noise.
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Appendix E. About Gaussian mixture models as sample selectors

A common technique for handling noisy labels [11,22] uses a Gaus-
sian Mixture Model (GMM) to separate clean and noisy data. In Sec-
tion 5, we adopt this in place of our sample selection strategy, to eval-
uate the buffer’s Accuracy and Purity (Table 7). Using the Expectation-
Maximization algorithm, we fit a GMM to the training loss of all ex-
amples to estimate the probability p;(-) of an example belonging to
a category. For a noisy example (x;,7;), the label purity is given by
the posterior probability of GMMs: p; (g|zf’(x,-, Vi 0)), where g represents
the Gaussian component for clean samples. We thus obtain the clean
set C and noisy set N as: C := {(x;, J;) €M : p;(gl£(x;.5;:0)) > A}, and
N = {(x, 5)EM : p;(gl£(x;,5;:0)) <A}. A sample is deemed clean if
its posterior probability exceeds a threshold A.
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