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Abstract

Continual learning (CL) evaluates adaptability in learning solutions to retain knowl-
edge. Our research addresses the challenge of catastrophic forgetting, where models
lose proficiency in previously learned tasks as they acquire new ones. While numerous
solutions have been proposed, existing experimental setups often rely on idealized class-
incremental learning scenarios. We introduce Realistic Continual Learning (RealCL), a
novel CL paradigm where class distributions across tasks are random. We also present
CLARE (Continual Learning Approach with pRE-trained models for RealCL scenarios),
a pre-trained model-based solution designed to integrate new knowledge while preserv-
ing past learning. Our contributions include pioneering RealCL as a generalization of
traditional CL setups, proposing CLARE as an adaptable approach for RealCL tasks,
and conducting extensive experiments demonstrating its effectiveness across various Re-
alCL scenarios. Notably, CLARE outperforms existing models on RealCL benchmarks,
highlighting its versatility in unpredictable learning environments. Code to reproduce
all our experiments can be found at https://github.com/gramuah/clare.
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1. Introduction

Continual learning (CL), also referred to as lifelong or incremental learning, is a
vibrant sub-field of machine learning focused on creating algorithms that can learn
from sequential input data streams in an incremental manner. Its major purpose is to
mimic human beings’ ability to continuously gather and refine new information over
time, allowing models to adapt to new information without sacrificing the previously
learned one. The implication of CL is built on the notion that artificial intelligence (AI)
should become more robust and adaptable in an ever-changing world. In other words,
defining an experimental setup for continual learning requires structuring learning into
tasks and evaluating how the accuracy of proposed solutions evolves as tasks progress.
Is the model able to maintain good recognition accuracy in the last task it was evaluated
on? How has the degradation been in previous tasks when this new task was learned?
The main factor driving research in CL is what is known as catastrophic forgetting.
It is well known that in a continual learning training scheme based on fine-tuning
for deep learning models, for example, when we adjust the model’s weights to learn
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the last task, there is no guarantee that the model will retain the knowledge it has
previously learned (French, 1993; McCloskey and Cohen, 1989). What we observe
is called catastrophic forgetting, as the performance in tasks where the model was
previously an expert gradually decreases.

Research in CL aims to mitigate the impact of this catastrophic forgetting. Nu-
merous solutions have been proposed based on different principles (e.g. (Shi et al.,
2023; Aljundi et al., 2019; Buzzega et al., 2020; Shim et al., 2020; Zhao et al., 2020;
Castro et al., 2018; Wang et al., 2023; Douillard et al., 2021; Zhou et al., 2023; Zhao
et al., 2019; Li and Hoiem, 2016; Zhou et al., 2019; Douillard et al., 2020)), but they
all share an aspect that in our opinion has gone unnoticed: the idealized or unreal-
istic experimental setup. To compare different continual learning models, researchers
have defined different experimental setups in which we simulate a continuous learning
process by controlling the distribution of data into different tasks. We take a specific
dataset, such as CIFAR-100, and organize the different object categories into tasks,
so we ask our continual learning models to gradually learn to recognize, for example,
between the categories dog and cat first. Then in a second task between the categories
car, motorcycle, dog and cat. And so on. This is what is called a class-incremental
learning scenario. The models proposed in the literature present ad hoc solutions for
this experimental situation. In other words, the models have been specifically designed
to optimize their learning when categories grow in a structured and incremental man-
ner. The question we ask from this work is: what happens when this assumption is not
met? Imagine a realistic continual learning environment where these idealizations do
not exist. The data that the continual learning model has to face is also structured into
tasks, but the distribution of categories is not controlled or structured but randomly
formed. Categories like dog and cat may appear in task 1, but they may also reappear
later in task n. In this work, we propose to advance in the problem of continual learning
by focusing on how state-of-the-art models have benefited from this idealization of the
experimental setup. Therefore, we propose a generalization of the problem that we have
called Realistic CL (RealCL), in which CL models will have to deal with task streams
where the class distribution is not structured (see Figure 1).

To explore this new RealCL scenario, we also introduce a novel solution for con-
tinual learning that exploits the benefits of using what is known as pre-trained models
(e.g. (Radford et al., 2021; Dosovitskiy et al., 2021)). Our model is named CLARE, for
a Continual Learning Approach with pRE-trained models for RealCL scenarios. Dis-
tinguished by its simplicity and pre-trained-model-agnostic nature, CLARE leverages
pre-trained models to seamlessly integrate new knowledge while preserving past learn-
ing. This breakthrough eliminates the need for extensive retraining learning process.
In summary, our main contributions are three-fold:

• We pioneer the challenging task of RealCL, a new continual learning setup where
the class distribution is not structured across tasks. We proof that RealCL is the
generalization of all the standard CL scenarios typically employed in all previous
scientific works. In our study we explore a spectrum of CL scenarios, encompass-
ing highly structured to entirely unstructured. Our objective is to reveal whether
the state-of-the-art CL models have taken advantage of the artificial and forced
structuring that characterizes traditional experimental evaluation scenarios, eval-
uating them in the novel RealCL scenario.
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Continual Learning Scenarios

CL Model 1 CL Model n CLARE 

Continual Learning with
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Figure 1: In this figure, we illustrate the possible experimental evaluation scenarios that can be used to
validate continual learning solutions. The scenario referred to as Unrealistic CL is the most commonly
used in the literature, also known as the class-incremental setup. In this work, we propose to explore
the RealCL scenario as a generalization of all continual learning setups. In RealCL, the categories
to be recognized by CL models are not distributed in a structured manner across tasks, but rather
randomly. Halfway between Unrealistic CL and RealCL, we have the semi-realistic scenario, where it
is tolerated for classes to be organized across tasks, but the number classes assigned to each task is not
controlled. In this work, we provide an experimental evaluation in the new RealCL scenario of both
our novel CLARE proposal and the state-of-the-art CL models.

• We propose the pre-trained model based continual learning strategy CLARE,
which is an innovative and adaptable approach tailored for RealCL tasks. CLARE
is based on the ability that pre-trained models seem to exhibit to capture and re-
tain knowledge when combined with a specific dynamic module on which learning
is performed.

• Extensive experiments are conducted to verify the effectiveness of our CLARE
model in all the continual learning scenarios that can be derived from RealCL.
Impressively, our method achieves a strong performance even improving some
state-of-the-art models when tested on the RealCL benchmarks. Through meticu-
lous comparisons, we assess CLARE’s performance against alternative approaches,
demonstrating its versatility and robustness in handling the unpredictability im-
posed by the RealCL setup, which simulates what a realistic CL scenario would be
like, where we have no control over the tasks that the models are being confronted
with.

2. Related Work

2.1. Continual learning and its idealized evaluation scenarios
Continual learning is a sub-field of machine learning concerned with how models

can be trained on a stream of data arriving sequentially without performance decay
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or forgetting. This requires solving the stability-plasticity trade-off, which is a core
problem in CL (Mermillod et al., 2013; Lee et al., 2022; Araujo et al., 2022). This
trade-off refers to how a model should balance retaining old knowledge (stability) and
adding new knowledge (plasticity). Therefore, it is a problem of catastrophic forgetting
that stems from the necessity to combine two fairly outstanding strengths – stability
and plasticity (French, 1993; McCloskey and Cohen, 1989). Where stability makes
sure a model holds on to the knowledge it previously gained and plasticity allows it to
integrate new data. However, quantifying the importance of these two characteristics
and finding an algorithm that accounts for both puts the upfront rule in this task.
Usually, the most recent data takes the most weight, eroding previous insights, which
is a phenomenon of catastrophic forgetting. It is most fatal in tasks that need to adjust
to ever-changing datasets and new contexts. Given this obstacle, research in the area
of CL has shown certain ways that are trying to reduce catastrophic forgetting, so as
not to lose valuable knowledge and transfer it between different tasks.

Three main techniques are employed in the realm of CL to address the issue of
catastrophic forgetting. The first group relies on replaying old samples or exemplars
from previous classes, and it is commonly known as rehearsal (Aljundi et al., 2019;
Buzzega et al., 2020; Shim et al., 2020; Zhao et al., 2020; Castro et al., 2018). In
this method, data from previous tasks is sampled based on some strategy and fed to
the model, which is then again integrated with new data during the training process.
Rehearsal was initially presented as a prevalent and most effective approach in CL
literature due to its potential to retain diversity and representation of data across tasks
and avoid the forgetting of previous knowledge (Lomonaco et al., 2020).

The second group addresses the challenge of limited representation capacity by
dynamically expanding the network architecture upon the introduction of new tasks
(Wang et al., 2023; Douillard et al., 2021; Zhou et al., 2023). In this case, it is ensured
by network self-growing in a dynamic way upon each arriving task. Techniques involving
the addition of new neurons, layers, or modules enable this smooth integration of new
information without disturbing previously acquired knowledge. The improvement of the
feature space expressiveness and its diversity makes these kinds of expansions reduce
the model parameter interference and saturation. Some well-known examples include
progressive neural networks, dynamic expandable networks, and lifelong learning via
network growth domains.

The final category of CL strategies is based on knowledge distillation, where the
objective is to facilitate knowledge extraction from old models and transfer it into new
ones (Zhao et al., 2019; Li and Hoiem, 2016; Zhou et al., 2019; Douillard et al., 2020).
This technique ensures that the transfer of knowledge from a larger model to a smaller
model does not compromise its validity. In terms of CL, knowledge distillation makes
sure that outputs of older models are aligned with those of newer ones such that output
probabilities in the new model match those in the old model when subjected to the
same input. This synchronization guarantees the retention of knowledge pertaining to
earlier concepts, thereby preventing forgetting during the acquisition of new tasks. It is
important to acknowledge that some of the studies do not fit to one type of CL methods
since they leverage different techniques in combination for getting better outcomes.

Most of the above-mentioned works were conducted within the context of well-
defined experimental scenarios, where the classes were also balanced across the tasks.
Although such experiments are indispensable for studying the catastrophic forgetting
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phenomenon, they often fail because real-world data streams are dynamic and non-
stationary. Considering the probability of some classes reappearing, it implies that
class distributions and their frequencies in these data streams can dynamically alter
from task to task in ways that could seem unexpected for the model.

In other studies, there have been several other initiatives with differing settings
of continual learning but no less important; which strongly reflect the value of proper
realistic evaluation conditions (Chen et al., 2019; van de Ven and Tolias, 2019; De Lange
and Tuytelaars, 2021; van de Ven et al., 2022). Yet, it is worth noting that the data
distribution in these scenarios often remains fixed or controlled, stipulated with class
frequencies for the task. The diversities among these scenarios are essential because
they reveal different perspectives on how continual learning can be done in real-world
situations.

In our work, we present a new Realistic Continual Learning (RealCL) scenario,
carefully designed to learn from a non-stationary series of tasks. This scenario is unique
because it does not control the distribution of classes across tasks or the recurrence of
a class. Our approach is intentionally crafted to reflect the natural distribution of the
data stream, capturing the diversity and complexity found in real-world situations.

2.2. Pre-trained Models for CL
Recently, high-performance and flexible pre-trained models (PTMs) have been widely

adopted as backbones for continual learning. In particular, the Vision Transformer
(ViT) (Dosovitskiy et al., 2021) has become one of the most popular architectures due
to its strong representation capabilities. The original ViT architecture processes an
image as a sequence of embedded image patches using a standard transformer encoder
and contains only the parameters associated with the patch embedding, positional em-
beddings, transformer blocks, and classification token.

Building upon this architecture, several prompt-based continual learning methods
introduce a small set of additional learnable prompt parameters that are optimized while
keeping the pre-trained ViT backbone frozen or largely unchanged. These prompts
act as task-specific conditioning tokens, enabling the model to retrieve task-relevant
knowledge while mitigating catastrophic forgetting and promoting knowledge transfer
across tasks. Representative methods include L2P (Wang et al., 2021), DualPrompt
(Wang et al., 2022c), S-Prompt (Wang et al., 2022a), DAP (Jung et al., 2023), CODA-
Prompt (Smith et al., 2022), and other related approaches (Wang et al., 2022b). In
some cases, prompt learning has also been extended to multimodal continual learning
scenarios by jointly learning image and text prompts to better exploit complementary
visual and semantic information (Wang et al., 2022a; Zhou et al., 2021).

Recent advances have taken advantage of the generalizable embeddings of PTMs to
address the CL challenges and propose an innovative framework, AdaPt and mERge
(APER) (Zhou et al., 2024), that significantly outperforms traditional methods without
requiring downstream task training. It does this by combining the adaptivity of model
updating with the generalizability of knowledge transfer.

Different methodologies, in the alternative direction, tend to have very low pa-
rameter costs while they also allow effective adaptation of PTMs to downstream tasks
through focusing the fine-tuning process on a few parameters. In particular, approaches
like Visual Prompt Tuning (VPT) (Jia et al., 2022) add prefix tokens that are tunable,
and Low-Rank Adaptation (LoRA) (Hu et al., 2021), which employs low-rank matrices
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in updating the parameters, are methods that can achieve close to the fine-tuned model
accuracy at negligible computational costs.

These methods, however, have their limitations despite the progress made. In most
cases, prompts have few static dimensions and a simplistic way of selecting them. On the
other hand, the performance of a tuning method, which is also parameter-efficient, has
to balance with the number of parameters it can tune. But still, this integration process
did turn out to be very well-working because it enables CL to work with PTMs and
they both provide this potential for knowledge preservation; as such models outperform
scratch-trained models and open new vistas for research in this area (Cao et al., 2024).

Building on the progress of PTMs, in this paper we introduce CLARE, a novel
model that is able to exploit the powerful representation of a frozen PTM, combined
with a Dynamic Neural Adaptation Network (Dyn-NAN) module. We do not follow
any prompting-based pipeline, but propose with CLARE a simple and effective archi-
tecture that exhibits a remarkable performance in the realistic CL setting proposed
in this work, as well as in the traditional CL scenarios. Unlike standard replay-based
methods, CLARE introduces this novel combination of a frozen pre-trained model with
a Dyn-NAN. This architecture enables efficient task adaptation without retraining the
pre-trained model, focusing instead on dynamically adjusting the Dyn-NAN module to
integrate new knowledge while minimizing interference with previously learned tasks.
By leveraging the strong representations of pre-trained models, CLARE not only mit-
igates forgetting but also achieves robustness in unstructured and realistic continual
learning scenarios, distinguishing it from traditional replay approaches.

3. From Unrealistic to Realistic Continual Learning

In this section we detail the novel realistic continual learning setting we aim to
explore in this work. We demonstrate that the standard scenarios typically employed
in all previous scientific works function as mere specializations of our realistic scenario,
given its broader scope, which encompasses them all.

3.1. Realistic Continual Learning
Realistic continual learning (RealCL) aims to learn from an evolving task stream

where no control over the distribution of new classes in the new tasks is applied. The
objective of a RealCL approach is to learn a model for a large number of tasks sequen-
tially, without forgetting knowledge obtained from the preceding tasks, where the data
in the old tasks are not available anymore during training new ones. We propose a train-
ing scheme that does not impose any control over how the data stream is distributed
across different tasks, as it gradually arrives. Neither the classes nor the distribution of
samples arriving with each task are controlled. Note that this is different from a naive
fine-tuning based training process in CL, where the new tasks provide access to new
categories, typically balancing the number of features and the class distributions. In
our RealCL, all the task definition process is random. We assume, therefore, that the
data flow randomly into our system, and once the data has been used for learning, our
model cannot access it as new tasks arrive.

We now formalize the mathematical problem for RealCL, which will allow us, in
Section 3.2, to proof how traditional scenarios used in CL are particularizations of
our proposal. In a RealCL setting we assume that there is a sequence of K training
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tasks {T 1, T 2, · · · , T K
}
, where T k =

{(
xk
i , y

k
i

)}nk

i=1
is the k-th incremental step with

nk instances. Here, the training instance xk
i ∈ RD, where D is the dimensionality

of the feature space, belongs to class yi ∈ Yk, where Yk is the label space of task k.
Note that this label space is random, so there is no control over the labels that should
appear in each task. Furthermore, another property of the proposed RealCL paradigm
is that the original training data from previous tasks are no longer accessible once a
task has been completed. In other words, during incremental step k, the learner cannot
revisit the complete datasets associated with previous tasks. This assumption reflects
realistic deployment scenarios in which historical data cannot be permanently stored or
reloaded. Notice that this restriction does not preclude continual learning algorithms
from maintaining a limited auxiliary memory (e.g., a replay buffer or a compact set of
exemplars), provided that the complete historical datasets remain unavailable.

The aim of RealCL is to incrementally construct a unified model encompassing all
observed classes, i. e. assimilating information from new classes while simultaneously re-
taining knowledge from previous ones. During training, the learner sequentially updates
the model using only the current training task T k, without accessing previous training
data. The learning objective at each incremental step is therefore defined exclusively
over the available training set. Overall, the goal is to learn a model f(x) : RD → Yk

using only the training data available at each incremental step.
After completing task k, the model is evaluated on the union of the testing sets

corresponding to all observed tasks in order to assess both knowledge acquisition and
forgetting, i.e. T 1

test ∪ · · · T k
test.

For the evaluation metric we use the empirical risk,∑
(xj ,yj)∈T 1

test∪···T k
test

ℓ (f (xj) , yj) , (1)

where ℓ(·, ·) measures the discrepancy between prediction and ground-truth labels, and
T k

test encodes the testing samples for task k. A well-performing RealCL model that
meets the requirements of Eq. 1 exhibits discriminability across all classes, achieving a
harmonious equilibrium between learning novel classes and retaining memory of existing
ones.

3.2. The unrealistic scenarios
Traditionally, in all scientific publications, the problem of continual learning has

been addressed through experimental evaluations that are particularizations of the Re-
alCL model. These particularizations arise from imposing some restrictions on the more
general RealCL model in different aspects, which we detail as follows.

Most continual learning benchmarks proposed in the literature rely on what is com-
monly referred to as the non-overlapping tasks paradigm. In these settings, the label
space is explicitly partitioned into disjoint subsets, each assigned to a different task.
Consequently, once a class has appeared in one task, it never reappears in subsequent
tasks. Unlike these formulations, RealCL imposes no constraints on the assignment of
classes to tasks. Since tasks are generated directly from the incoming data stream, pre-
viously observed classes may naturally reappear in later tasks, while entirely new classes
may also emerge. Therefore, the non-overlapping tasks paradigm can be regarded as a
particular restriction of the more general RealCL formulation.
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Therefore, in the non-overlapping setup, the label space is partitioned into distinct,
non-overlapping subsets, each corresponding to a task, and the abrupt shifts between
these subsets are denoted as task boundaries. While in the RealCL scenario there is
no control over the balancing of categories or their distribution in each task, in the
traditional non-overlapping tasks setting there is. Typically, the task boundaries de-
lineate data splits that are balanced, ensuring an approximately equal distribution of
categories. This formulation substantially simplifies the overarching continual learning
problem, constraining the previously unknown expansion of the label space and render-
ing it comprehensible. Technically, the traditional non-overlapping tasks scenario can
be viewed as a constrained version of RealCL, obtained by enforcing pairwise-disjoint
label spaces Yk and controlled task composition.

We can further restrict the non-overlapping tasks scenario by assuming that the
categories distributed among the different tasks do not overlap and gradually increase,
being balanced across tasks. This is traditionally known in the continual learning
literature as the class-incremental scenario (Rebuffi et al., 2017; Shmelkov et al., 2017).
The class-incremental scenario is therefore a particular case of the RealCL setting, so
that the label spaces of each task T k are distributed as follows: Yk∩Yk′ = ∅ for k ̸= k′.

Another unrealistic but popular choice for the continual learning formulation is the
task-incremental setting (e.g. (Lopez-Paz and Ranzato, 2017)). In this context, in ad-
dition to the non-overlapping and class-incremental task premises, a task descriptor,
or task ID, is also conveyed by an oracle both during training and testing phases. In
particular, the continual learning model observes for every task T k =

{(
xk
i , k, y

k
i

)}nk

i=1
,

where k is the task descriptor. Being aware of this subset of labels a priori signifi-
cantly reduces the label space during both training and inference, but it is relatively
impractical to possess such knowledge in real-world scenarios.

Finally, the scenario known as domain-incremental can be defined (e.g. (Goodfellow
et al., 2014)). In this setting, the label space is shared across tasks, that is: Yk = Yk′

for k ̸= k′. However, data xk
i may originate from changing input domains across tasks

(e.g., varying imaging conditions, different viewpoints, permutations, etc.).
All previous formulations provided in this section are particularizations of the more

general formulation provided for RealCL, an aspect that confirms that all previous CL
experimental settings are simplifications of the realistic scenario proposed.

3.2.1. A Semi-realistic scenario
As a middle ground between the unrealistic scenarios and RealCL, we propose a

semi-realistic scenario (SemiRealCL) where we enforce RealCL to be of class-incremental
nature.

In the SemiRealCL setting, we ensure that once a class is introduced in a task, it
does not reappear in subsequent tasks. However, the number of classes per task is not
predefined, it is random, leading to an uneven distribution. See Figure 1 for a bet-
ter understanding of the proposed setting. In contrast, the RealCL setting introduces
no constraints on class distribution, allowing for random recurrence of previously seen
classes in future tasks. Therefore, since SemiRealCL must be a class-incremental pro-
cess, once a set of classes is randomly assigned to a task, those categories cannot be
used again in future tasks. The main difference from the standard class-incremental
setting is that the categories are not evenly distributed across tasks. For example, in
a SemiRealCL setting where we define 5 tasks for a dataset with 10 classes, the distri-
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bution of classes across tasks is randomized rather than being grouped in pairs. For
instance, task 1 might include classes {0, 2, 6}, task 2 could have {5, 8}, task 3 might
be assigned {1}, and so on.

4. CLARE: Continual Learning Approach with pre-trained Models

To explore the new RealCL paradigm, we propose a novel solution based on pre-
trained models. We present CLARE, our Continual Learning Approach with pRE-
trained models for RealCL scenarios. Pre-trained models inherently possess a degree
of generalizability, which can be leveraged and transferred to downstream tasks. In
this context, we introduce CLARE, a framework designed to adapt pre-trained models’
recognition capabilities for the RealCL setup.

We show CLARE’s main components in Figure 2. As can be observed, CLARE
is essentially a continual learning model based on a replay buffer, where we combine:
a) a memory module M with its corresponding sample selection mechanism; b) a
pre-trained model used as an information extractor; and c) a learning process aimed
at minimizing catastrophic forgetting, which integrates a Dynamic Neural Adaptation
Network (Dyn-NAN) block into the optimization process.

Note that CLARE is a model designed to operate under the proposed RealCL pro-
tocol. Although RealCL assumes that complete historical datasets are unavailable after
each task, CLARE follows the standard rehearsal-based continual learning strategy of
maintaining a small bounded replay buffer M containing representative samples from
previous tasks.

The use of this bounded replay buffer should not be interpreted as contradicting
the motivation behind RealCL. The objective of the proposed RealCL scenario is to
remove the unrealistic assumption that complete historical datasets remain permanently
available. Maintaining a small exemplar memory is a common compromise adopted in
rehearsal-based continual learning, balancing performance with practical constraints on
storage and computation.

Therefore, the memory module in CLARE is responsible for retaining a subset of
training samples from both current and previously encountered tasks. How does it
work? We follow a simple and efficient strategy: we randomly sample instances from
the classes of the current task T k and store them in the memory module M, together
with instances that belong to the classes considered in previous tasks {T k−1, T k−2, . . .}.
So, for each task T k, we randomly sample instances from the current task’s data and
add them to the memory bufferM. If the buffer has available space, the new samples
are appended directly. Otherwise, a replacement strategy is applied, where a portion of
the existing samples is randomly replaced by new ones. This process does not enforce
explicit class balancing, and the resulting memory content may reflect the inherent class
imbalance of the task stream. This design choice aligns with the RealCL paradigm,
where class distributions are unstructured and potentially overlapping across tasks.
Therefore, our memory module has only one parameter: the size of samples it can
store.

It is noteworthy that this parameter can be dynamically changed, allowing CLARE
to adapt to the difficulty of the problem dynamically as well. In the experimental
evaluation, we have demonstrated the impact that this parameter has on the system’s
performance. So, the memory represents a subset of the whole data distribution, which
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is used by the pre-trained model encoder and the Dyn-NAN module to solve the current
task T k minimizing the impact over previous tasks.

The second component of CLARE is a pre-trained model used as visual encoder.
Note that CLARE is designed to be model agnostic, ensuring seamless integration with
any pre-trained model, which enhances its capability to recognize and process a diverse
range of classes it has been exposed to. For our implementation and the experimental
evaluation, we have opted to integrate in CLARE the Contrastive Language-Image Pre-
training (CLIP) (Radford et al., 2021) pre-trained model. CLIP learns a common em-
bedding space for natural language and visual concepts. CLIP employs a dual-encoder
architecture that comprises two separate encoders: a Transformer model (Vaswani et al.,
2017) for text and a CNN or a ViT (Dosovitskiy et al., 2021) for images. The encoders
are trained on a large-scale dataset of 400 million image-caption pairs, collected from
various internet domains, to maximize the similarity of text and image pairs that are
semantically related and minimize the similarity of those that are not. This enables
CLIP to acquire transferable representations for both text and images, which can adapt
to new data and be applied to downstream tasks such as image classification, caption-
ing, retrieval, and generation. For CLARE we only employ the visual encoder in CLIP,
whose output is connected to the learnable Dyn-NAN block.

Finally, CLARE includes the Dyn-NAN module, which consists of fully connected
layers set up with full parameterization, integrated in the optimization process in a
dynamic way. Technically, the Dyn-NAN is implemented as a dynamic fully-connected
neural network. Its design is specifically tailored to address the challenges posed by the
RealCL scenario, where the number of classes is unknown and evolves unpredictably
across tasks. The key feature of Dyn-NAN is its dynamic adaptability: for each new task
T k, the output layer is dynamically reconfigured to include neurons corresponding to
the newly encountered classes, while preserving the weights associated with previously
learned ones. This incremental expansion mechanism allows Dyn-NAN to maintain a
unified classification head that grows with the label space, without requiring retrain-
ing of the frozen pre-trained encoder. For the experiemntal evaluation, we employed an
specific architecture that consists of three fully-connected layers with ReLU activations,
and the final layer is dynamically resized to match the total number of classes observed
up to task k. This design ensures that CLARE can flexibly accommodate new cate-
gories while minimizing interference with previously acquired knowledge. Despite its
simplicity, Dyn-NAN plays a pivotal role in enabling CLARE to perform effectively un-
der the RealCL setting, where task boundaries and class distributions are unstructured
and potentially overlapping. Its dynamic nature allows the model to adapt to evolving
classification demands while preserving stability in the learned representations. In the
following section, we detail how the Dyn-NAN module is integrated into the training
procedure to ensure that new categories are smoothly incorporated into the model,
while minimizing the forgetting of previously acquired knowledge.

4.1. Training procedure for CLARE
Following the RealCL setup, for each task T k, CLARE first updates the memory

module M. This memory buffer contains a selection of the current-task T k samples
together with a subset of representative samples previously stored. For the RealCL
image classification problem we are dealing with, these data come in the form of an-
notated image sets. Then, the images in the memory module M, denoted by Iki , are
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Figure 2: We show the main components of CLARE: the memory buffer M, the frozen pre-trained
model that works as the visual encoder, and the Dyn-NAN module.

processed by the frozen visual encoder provided by the pre-trained model, resulting in
a mapping from the input images to vectors xk

i by the encoder E, as stated by the
operation xk

i ← E(Iki ).
In other words, to use the pre-trained model involves a mapping from the input

images to vectors xk
i . This way, for task T k, module Dyn-NAN receives the set M ={(

xk
i , y

k
i

)}nk

i=1
. Dyn-NAN module dynamically adapts the architecture for the possible

new number of classes. Dyn-NAN works as a mapping from embeddings xk
i to scalar

scores for each category, i.e. {gy : Rd → R}y∈Yk
. The output of Dyn-NAN module is

defined as the concatenation of the output heads for all the classes seen so far, i.e. Yk,
as fk(x) : X → Yk, where:

fk(x) = [gy(x)]y∈Yk
. (2)

CLARE model final prediction is obtained as the argmax over the output layer of
Dyn-NAN module as follows:

ŷk(x) = argmax
y∈Yk

fk(x)[y] . (3)

During training, CLARE uses the cross-entropy loss function. The entire training
process of CLARE is depicted in Algorithm 1.

Overall, in our training process, we can follow with CLARE two learning strategies.
The first one simply involves training all the model’s weights from scratch in every task
iteration, as the memory module always contains samples from all the classes observes so
far. Pre-trained models result effective for such training strategy. The second possibility
is to follow a fine-tuning strategy, starting from the weights that the model has from
the learning done until the previous task T k−1. Due to the generalization capability of
pre-trained models, it is interesting to evaluate the impact of following one strategy or
the other. This aspect is shown in the experimental evaluation.

5. Experiments

In this section, we present the experimental evaluation designed for the RealCL
problem. We first detail the description of the experimental methodology, highlighting
the key factors that influenced our experimental design and execution. Our main goals
are to answer the following research questions that enable us to thoroughly evaluate
and comprehend the implications of the novel RealCL paradigm:
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Algorithm 1 CLARE Training under the RealCL Setting
Require: Memory buffer M (capacity B), frozen encoder E, task sequence
{T 1, . . . , T K}, Dyn-NAN module DN

Ensure: Updated DN over ∪Kk=1Yk

1: for k = 1 to K do
2: Sample T̃ k ⊂ T k and updateM←M∪ T̃ k ▷ Memory update
3: if |M| > B then
4: Apply random replacement
5: end if
6: Freeze E weights.
7: for Iki inM do ▷ Feature extraction
8: xk

i ← E(Iki ).
9: end for

10: Expand DN output layer to Yk ▷ Dynamically adapt Dyn-NAN
11: for mini-batches B ⊂M do
12: ski ← DN(xk

i ). ▷ Apply Eq. 2
13: Minimize cross-entropy loss L(ski , yki ).
14: Update DN by gradient descent
15: end for
16: end for

- How do pre-trained models enhance the adaptability and performance of the sys-
tem in RealCL scenarios?

- What is the efficiency of the novel CLARE approach in the RealCL setting and
in its simplifications? How do the number of tasks and the memory budget affect
the trade-off between effectiveness and efficiency for CLARE?

- What are the advantages of CLARE over state-of-the-art methods in terms of per-
formance in continual learning scenarios? What are the underlying mechanisms
that enable these advantages?

5.1. Experimental setup
Datasets: We have conducted experiments using four diverse datasets that pose

distinct challenges in continual learning. The first dataset, CIFAR-10 (Krizhevsky,
2009), consists of 60,000 color images of size 32 pixels, distributed across 10 classes.
Each class contains 6,000 images, and the dataset is partitioned into 50,000 training
images and 10,000 test images. The second dataset, CIFAR-100 (Krizhevsky, 2009),
shares similarities with CIFAR-10 but encompasses 100 classes, each containing 600
images. Similar to CIFAR-10, the dataset is divided into 50,000 training images and
10,000 test images. We also use TinyImagenet dataset (Chrabaszcz et al., 2017), a
subset of the extensive ImageNet (Krizhevsky et al., 2012) collection. It features 200
classes with 500 images each, sized at 64 pixels. The dataset is further categorized into
100,000 training images, 10,000 validation images, and 10,000 test images. Finally, we
also employ the CUB200 dataset (Wah et al., 2011). It consists of 11,788 images of 200
bird species. Most of the categories contain 60 images. For this dataset, we follow the
same experimental setup as in previous CL work (Zhou et al., 2024).
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These four are standard datasets used in the literature about continual learning.
This allows us to compare our method with state-of-the-art models and demonstrate
its robustness and accuracy. We here propose to use these datasets for the first time in
the novel RealCL setting. For all the datasets, we use the training sets for learning the
models, and report the performance using the test sets. By using four datasets with
different numbers of classes, we can evaluate the performance of CLARE under various
classification scenarios.

Evaluation Metrics: To evaluate the effectiveness of our approach, we have used
various metrics that capture different relevant aspects of continual learning. Let D =
{T 1, T 2, . . . , T K} be the set of all tasks. We first employ the last task accuracy Ak, as
the average accuracy of the model on the test set of the classes that it has seen until
task T k. As a global measure of the performance of the models, we report also the
average accuracy AAvg over all tasks.

We quantify the method’s ability to retain knowledge from previous tasks during
the process of learning new tasks. This is achieved by calculating the difference in
accuracy between the previous task and the current task, a measure we refer to as
Global Forgetting: FG = Ak−1 − Ak. Then, the Average Global Forgetting is also
reported, FAvgG = 1

K

∑K
k=1(Ak−1 − Ak).

To measure the degree of forgetting in a continual learning model, we examine the
reduction in accuracy on prior tasks after training on new tasks. The Task Forgetting
metric is defined as,FT = Ak −A′

k, where Ak is the average accuracy on the test set of
classes seen up to task T k before learning a new task, and A′

k is the average accuracy
on the same test set after learning the new task T k+1. A positive value of FT indicates
forgetting, whereas a zero or negative value suggests retention or improved generaliza-
tion post-learning the new task. The Average Task Forgetting is then measured by:
FAvgT = 1

K

∑K
k=1(Ak−A′

k). For the first task T 1, we assume the absence of measurable
forgetting.

Implementation details: For our proposed method CLARE, we have integrated
the CLIP pre-trained model (Radford et al., 2021). In the experiments, different mem-
ory sizes have been utilized for CLARE’s memory module, including 2K, 4K, and 8K
samples.

To populate the memory module, we follow a task-aware random sampling strategy.
For each task T k, a subset of samples is randomly selected from the current task’s data.
These samples are added to the memory buffer, which also retains samples from previ-
ously seen tasks. When the buffer reaches its capacity, a replacement policy is applied
that randomly discards existing samples to accommodate new ones. Importantly, this
process does not enforce explicit class balancing, which aligns with the unstructured na-
ture of the RealCL scenario. As a result, the memory buffer may contain an imbalanced
representation of classes, depending on the random composition of each task.

The architecture of the Dyn-NAN module is initialized with three fully-connected
layers with dimensions of 512× 1024, 1024× 1024, and 1024× number of classes. Two
ReLU layers are positioned subsequent to the first and second fully-connected layers,
serving to augment the efficacy of network operations.

To evaluate the performance of CLARE, we report the average for the evaluation
metric used on the test set over five different runs for each dataset, along with the
corresponding standard deviation.

We conduct all our experiments on a single machine with an Intel i7 8700 CPU, 64
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GB RAM, and a GeForce RTX 2080 Ti GPU. For the optimization, we use stochastic
gradient descent (SGD) with a batch size of 64 and a weight decay of 1e-4. We also
employ stochastic gradient descent with restarts (SGDR) (Loshchilov and Hutter, 2017)
as a learning rate scheduler, with the following parameters: the initial cycle length
T0 = 1, the cycle length multiplier Tmult = 2, a warm start of one epoch, a maximum
learning rate of 0.005, and a minimum learning rate of 5e-5. Moreover, we apply cutmix
(Yun et al., 2019), a data augmentation technique that randomly mixes two images and
their labels, with a probability of 0.5 and a regularization strength of 1.0. We apply
cutmix to all datasets and RealCL scenarios, regardless of the number of classes or the
size of the images.

5.2. Results
5.2.1. CLARE’s Performance in all RealCL scenarios

This section starts reporting the results obtained by applying CLARE to three
different continual learning scenarios proposed in Section 3: RealCL, SemiRealCL and
unrealistic. We then conduct a detailed analysis and comparison of the accuracy and
forgetting rates for each scenario, providing a thorough evaluation of the performance of
CLARE across three of the proposed datasets with varying class numbers and memory
sizes.

To better understand the implications of the proposed scenarios and the results
reported in each of them, we analyze the class distributions across tasks in each setup.
In the unrealistic scenario, classes are evenly distributed and introduced incrementally,
resulting in balanced and non-overlapping tasks. SemiRealCL relaxes this constraint
by allowing a variable number of classes per task, though without recurrence. RealCL,
in contrast, introduces tasks with randomly sampled classes, allowing both imbalance
and recurrence, which better reflects real-world data streams. Figure 3 illustrates these
differences by showing the number of samples per class across 20 tasks when we use
CLARE with the CIFAR100 dataset, for example. This visualization highlights the
structural variability and unpredictability of RealCL, which poses a greater challenge for
continual learning models. The lack of control over class composition and recurrence in
RealCL demands adaptive mechanisms capable of handling evolving and unstructured
label spaces—precisely the motivation behind our proposal.
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(a) RealCL.
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(b) SemiRealCL.
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(c) Unrealistic.

Figure 3: Class distributions for all the RealCL scenarios when CLARE model is used with the
CIFAR100 dataset for 20 tasks. Note that the classes have been arranged in ascending order to
facilitate the visualization of the figure.

Tables 1, 2, and 3 report the results of CLARE for datasets CIFAR-10, CIFAR-
100 and TinyImagenet, respectively. By analyzing all their results, we first observe
that CLARE achieves the best results under the Unrealistic setup, but only in experi-
ments conducted on the CIFAR-100 and TinyImageNet datasets. When considering the
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CIFAR-10 dataset, the performance between the Unrealistic and the rest of setups is
nearly equivalent. In the Unrealistic scenario, all classes are equally distributed across
tasks and the memory buffer has a balanced representation of each class. Ensuring
that the model has no class imbalance prevents the problem of poor performance of
the model on minority classes. Interestingly, as the memory capacity increases, the
model benefits from observing more samples from each class while training, which can
result in higher accuracy. This proves that a greater number of examples available
for generalization contribute to a more profound understanding of data by the model.
However, it’s important to recognize that expanding memory capacity comes with a
rise in computational demands. This necessitates a considered compromise to balance
the expanded memory with the overall efficiency of the model. We argue that this un-
realistic scenario does not represent the best environment to validate continual learning
models. The simplifications it assumes are artificial and benefit models that can lever-
age the potential of having well-distributed and balanced classes in memory, or that
have been specifically designed for the situation where classes appear incrementally and
in a controlled number. Therefore, the RealCL and SemiRealCL scenarios emerge as
better candidates for evaluating the continual learning capabilities that the proposed
models actually possess for this purpose.

Second, we find that in the RealCL scenario, for all datasets, CLARE reports the
lowest global and task forgetting. Remember that in the RealCL scenario one does
not control the sample distribution across tasks. CLARE employs a random selection
process for samples stored in memory, which may result in an imbalance in the memory,
characterized by varying sample counts for each class. Despite all this, CLARE is capa-
ble of offering the lowest forgetting rates, which reinforces its suitability for these more
challenging scenarios. This demonstrates the effectiveness and robustness of CLARE.
Furthermore, we observe that accuracy and memory capacity are positively correlated,
indicating that the model advantages from a larger memory module. This shows how
memory size affects CLARE performance and how using additional memory resources
may lead to higher accuracy.

In the SemiRealCL setting, where the classes are randomly assigned to different
tasks and have unequal distributions within each task, the memory buffer exhibits
this imbalance in the way it preserves the representations of the classes. This leads
to a problem where the model experiences the highest degree of forgetting, both in
terms of task forgetting and global forgetting. Consequently, the last task accuracy,
which reflects the model’s performance after learning all the tasks, is the lowest in
this scenario compared to the others, because the model is learning with a severely
imbalanced memory buffer. Class imbalance in the tasks is another element that makes
a difference to the average accuracy of the model because some tasks may have more
classes to learn while others are simpler. However, from the tables 2 and 3, it can be
seen that if the model has a larger memory budget, then its accuracy will also improve
as it can hold more representations of each class and learn better.

Overall, to quantify the impact of memory size, we have conducted an in-depth
analysis across all continual learning scenarios. As expected for rehearsal-based contin-
ual learning methods, increasing the replay memory consistently improves performance
by preserving a more representative subset of previously observed samples. Neverthe-
less, the objective of these experiments is not to demonstrate that larger memories alone
improve continual learning, but rather to analyze the robustness of CLARE under differ-
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ent memory budgets. The observed improvements therefore reflect the complementary
effect of the replay mechanism together with the proposed representation learning strat-
egy. While it is evident that larger memory sizes improve accuracy due to enhanced
class representation, our results demonstrate that they also reduce both task and global
forgetting rates. This relationship is particularly crucial in realistic scenarios, where
the lack of structured task organization challenges the model’s ability to retain and in-
tegrate knowledge effectively. These findings underscore the importance of optimizing
memory usage to balance performance and computational efficiency.

CIFAR - 10 Unrealistic SemiRealCL RealCL

Memory Size M=1K M=1K M=1K

Last Task Accuracy 89.39 ±0.05 89.38 ±0.24 89.90 ±0.18
Average Accuracy 94.45 ±0.02 94.05 ±0.64 89.86 ±0.06
Average Global Forgetting 2.04 ±0.01 2.00 ±0.06 0.01 ±0.06
Average Task Forgetting 1.49 ±0.02 1.83 ±0.51 0.01 ±0.06

Table 1: CLARE’s performance on CIFAR-10 Dataset with Memory Module size of 1K (Values in
Percentage).

CIFAR - 100 Unrealistic SemiRealCL RealCL

Memory Size M=2K M=4K M=8K M=2K M=4K M=8K M=2K M=4K M=8K

Last Task Accuracy 63.95 ±0.07 69.22 ±0.06 72.98 ±0.15 56.42 ±3.24 63.11 ±2.44 68.76 ±1.80 63.11 ±0.50 68.76 ±0.11 72.26 ±0.27
Average Accuracy 77.81 ±0.01 81.07 ±0.03 83.42±0.01 79.61 ±1.68 82.35 ±1.52 84.77 ±1.41 63.19 ±0.27 68.53 ±0.10 71.88 ±0.15
Average Global Forgetting 1.79 ±0.00 1.53 ±0.00 1.34 ±0.01 2.04 ±0.17 1.71 ±0.12 1.43 ±0.10 0.00 ±0.03 -0.17 ±0.01 -0.34 ±0.01
Average Task Forgetting 1.70 ±0.04 1.42 ±0.03 1.24 ±0.02 2.28 ±0.31 1.99 ±0.23 1.74 ±0.23 0.00 ±0.03 -0.17 ±0.02 -0.34 ±0.01

Table 2: CLARE’s performance on CIFAR-100 Dataset with different Memory Module sizes (2K, 4K
and 8K).

TinyImageNet Unrealistic SemiRealCL RealCL

Memory Size M=2K M=4K M=8K M=2K M=4K M=8K M=2K M=4K M=8K

Last Task Accuracy 56.40 ±0.13 62.55 ±0.08 66.86 ±0.07 47.71 ±3.40 56.26 ±3.20 61.94 ±2.73 54.95 ±0.24 61.61 ±0.09 66.19 ±0.29
Average Accuracy 71.94 ±0.02 75.72 ±0.02 78.39 ±0.03 74.21 ±2.19 77.78 ±1.70 80.58 ±1.61 54.84 ±0.17 61.68 ±0.23 66.13 ±0.15
Average Global Forgetting 1.93 ±0.01 1.69 ±0.01 1.47 ±0.01 2.49 ±0.24 2.07 ±0.23 1.78 ±0.20 0.00 ±0.02 0.02 ±0.01 -0.11 ±0.03
Average Task Forgetting 1.97 ±0.02 1.67 ±0.04 1.45 ±0.02 2.64 ±0.41 2.24 ±0.33 1.98 ±0.31 0.00 ±0.02 0.02 ±0.01 -0.11 ±0.03

Table 3: CLARE’s performance on TinyImageNet Dataset with different Memory Module sizes (2K,
4K and 8K).

Figures 4 to 10 show the detailed results for different scenarios and datasets. CLARE
model reports the highest accuracy on the CIFAR10 dataset, which has only 10 classes,
and can classify and learn them in all scenarios. However, CIFAR100 and TinyImagenet
datasets have more classes (100 and 200, respectively), which makes the classification
task more challenging. The average accuracies of CLARE model on these datasets are
lower, but still comparable to other state-of-the-art methods. Moreover, it is noteworthy
that CLARE model achieves this accuracy by only training on the existing samples
in the memory buffer. Interestingly, these results indicate that forgetting is indeed
mitigated in the realistic setting. A detailed analysis reveals the following aspects and
causes. First, we believe that the main reason is due to the artificiality of the scenario:
it is not a purely realistic scenario, but rather a simulation of a real situation, with
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a closed data set, such as CIFAR-100 or TinyImageNet. This makes the difficulty of
the scenario less than in a real situation, where not handling a closed set of classes
would present a greater variability over the training time of the models. Nevertheless,
our RealCL scenario is much more realistic than previous proposals handled in the
literature. Second, forgetting has been mitigated, as our experiments reveal, by our own
CLARE model. The minimal performance degradation observed in the realistic setting
can be attributed to CLARE’s architecture, which leverages the fixed representations
of a robust pre-trained model alongside the dynamic adjustment capabilities of Dyn-
NAN. This design effectively mitigates forgetting by isolating task-specific adaptations
within the Dyn-NAN module while preserving shared knowledge in the pre-trained
encoder. While forgetting is not entirely absent, the reduced degradation highlights
CLARE’s capacity to handle the unstructured nature of the realistic incremental setup,
as demonstrated by its low global and task forgetting rates. These results emphasize
the model’s ability to balance stability and plasticity effectively.
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(c) Average global forgetting.

Figure 4: Results of CLARE for CIFAR-10 in the three scenarios with memory module size of 1K.
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Figure 5: Results of CLARE for CIFAR-100 in the three scenarios with memory module size of 2K.

As the size of the memory module increases, CLARE demonstrates improved per-
formance metrics. The question that we want to address now is: How does CLARE
perform when the number of tasks increases? We have evaluated CLARE, which uses
a powerful pre-trained model, on the RealCL and SemiRealCL settings. These scenar-
ios pose more challenges as the number of tasks increases. Classic continual learning
models are prone to catastrophic forgetting, which means losing old knowledge when
learning new tasks. This aspect can be relevant specially when the number of tasks
grows. We have performed the evaluation using the CIFAR-100 dataset with 2K mem-
ory size. Table 4 shows that CLARE can keep its performance on all tasks, even in
the RealCL setup. Additionally, in the SemiRealCL scenario CLARE outperforms the
results obtained for 20 tasks in terms of Last Task Accuracy (see Figure 11).
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(b) Average task forgetting.
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(c) Average global forgetting.

Figure 6: Results of CLARE for CIFAR-100 in the three scenarios with memory module size of 4K.
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Figure 7: Results of CLARE for CIFAR-100 in the three scenarios with memory module size of 8K.
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Figure 8: Results of CLARE for TinyImagenet in the three scenarios with memory module size of 2K.
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Figure 9: Results of CLARE for TinyImagenet in the three scenarios with memory module size of 4K.

These results reinforce the observation that, although increasing the replay memory
generally leads to better performance, the effectiveness of CLARE cannot be explained
solely by the replay buffer. Notably, when the number of incremental tasks increases
from 20 to 50 in the CIFAR-100 benchmark, CLARE maintains consistently strong
performance using the same 2K memory budget despite the substantially higher task
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Figure 10: Results of CLARE for TinyImagenet in the three scenarios with memory module size of
8K.

fragmentation. This suggests that the proposed learning strategy effectively comple-
ments the replay mechanism, enabling the model to preserve knowledge under increas-
ingly challenging continual learning conditions. Therefore, the replay buffer should be
regarded as an enabling component of CLARE rather than as the sole explanation for
its performance.

CIFAR - 100 SemiRealCL RealCL

Number of Tasks 50 Tasks 50 Tasks

Last Task Accuracy 61.23 ±0.71 63.08 ±0.06
Average Accuracy 77.72 ±2.40 63.01 ±0.52
Average Global Forgetting 0.74 ±0.00 -0.01 ±0.00
Average Task Forgetting 0.72 ±0.03 0.32 ±0.15

Table 4: Performance metrics for 50 Tasks on the CIFAR-100 dataset with a 2K memory module in
SemiRealCL and RealCL scenarios (Values in Percentage).
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Figure 11: Comparative analysis of the last task accuracy of CLARE for 20 and 50 tasks in both
SemiRealCL and RealCL scenarios.

5.2.2. Comparison with state-of-the-art models
We report a comparison of CLARE with two recent and representative continual

learning methods: MEMO (Zhou et al., 2023) and APER (Zhou et al., 2024). They are
strong state-of-the-art baselines that exemplify two relevant paradigms, memory-based
rehearsal and pre-trained model adaptation, respectively. At the time of submisision,

19



both MEMO and APER reported the best results in traditional continual learning
settings, i.e. our unrealistic scenario. Note that the methods to be compared with
CLARE do not all employ the same backbone architectures. Consequently, the reported
results should not be interpreted as an isolated comparison of feature extractors, but
as a comparison of performance when we move from traditional unrealistic scenarios to
the proposed RealCL one, with state-of-the-art models. For this reason, we compare
complete continual learning systems following the experimental protocols adopted in
the corresponding original works.

MEMO (Zhou et al., 2023) is a sophisticated method that integrates a memory
module to preserve and recall significant instances from prior classes in a continual
learning setting. MEMO’s technique creatively introduces extra residual layers instead
of reconstructing the full backbone, effectively reducing memory expenses. MEMO has
been specifically developed for class-incremental scenarios. In fact, it includes a sample
selection mechanism for the memory buffer it employs, which requires categories to
sequentially arrive. To tailor MEMO for our new RealCL paradigm, we have had to
adapt this selection mechanism. In RealCL, training samples are randomly allocated
across different tasks without predetermined class distributions within each task. This
allows for the possibility of class recurrence across different tasks. Given this setup,
a task may not provide access to all samples from a class, as MEMO needs, thereby
limiting the selection of the most representative samples available within that task.
Consequently, there is no predetermined quota for the number of samples per class in
the memory buffer. We initially select the most significant samples from the current
task’s classes using MEMO’s sample selection method based on (Welling, 2009). These
chosen samples are then added to the memory buffer through a random selection process
that balances between the important samples of previous tasks and the new samples
of the current task. To accommodate the new samples, we clear out an equivalent
space in the memory buffer, ensuring that the space is equally distributed among the
classes presented in each task. These samples, once chosen, are incorporated into the
training data for subsequent tasks. MEMO model (Zhou et al., 2023), which utilizes
a ResNet32-based architecture (He et al., 2015), processes the data from the current
task alongside the representative samples from previous tasks preserved in the memory
buffer. Consequently, the absence of new classes may not necessitate significant alter-
ations or expansions in the specialized layers, as their primary role is to adapt to the
nuances of new class features.

APER (Zhou et al., 2024) belongs to the family of pre-trained models for continual
learning, like our CLARE approach. APER employs a pre-trained model as input
for an elaborated adaptation process that integrates some parameter efficient tuning
techniques. As it is reported by Zhou et al. (2024), APER obtains the best results when
it is combined with the Adaptformer (Chen et al., 2022) technique. Therefore, this is
the version of APER that we have decided to integrate in our novel RealCL paradigm.
As for the implementation of APER, we have used the official one released with (Sun
et al., 2023).

Finally, we also include in this analysis a baseline model, termed naive fine-tuning,
that simply involves a learning strategy that consists in updating the model’s parame-
ters with newly acquired data, albeit in the absence of any regularization mechanisms
or memory-based strategies. The fine-tuning is conducted using a ResNet-32 architec-
ture (He et al., 2015). Given the RealCL scenario, where classes may reappear across
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various tasks, the model is less likely to experience significant forgetting. It has the
potential to continually refine the representations of previous classes as new instances
of these classes emerge in subsequent tasks.

We start with the comparison with the state of the art in the CIFAR-100 dataset.
Figure 12a and Table 5 show the results obtained in our experiments. Interestingly,
both MEMO and APER experience a reduction in performance when adapted and eval-
uated in the novel RealCL scenario. As it was reported in (Zhou et al., 2023), in the
standard unrealistic scenario, MEMO achieved a Last Task Accuracy of 62.59% after
20 tasks, whereas in our RealCL implementation, it reports 45.06%. For the APER
model, the Last Task Accuracy in the unrealistic setting was of 72.5%, while for our
RealCL we report 70.66%. We argue that MEMO, APER and their traditional com-
petitors perform well in an ideal CL setting (i.e. our unrealistic scenario) with complete
access to class distributions and specific data samples, where the setting follows a pure
class-incremental process. However, their effectiveness tend to decrease in the RealCL
scenario. It is relevant to compare, in fact, how these algorithms evolve in both sce-
narios, the RealCL and the unrealistic or traditional one. In Figure 12b we show this
interesting comparison. Clearly, our realistic scenario pushes these models to their lim-
its, which is reflected in a drop in their accuracy and even in a learning stagnation, as
observed in the APER model, whose accuracy remains stuck from the first task.

CIFAR - 100 Naive Fine-tuning MEMO (Zhou et al., 2023) APER (Zhou et al., 2024) CLARE CLARE with Fine-tuning

Number of Tasks 20 Tasks 20 Tasks 20 Tasks 20 Tasks 20 Tasks

Last Task Accuracy 44.63 ±0.73 45.06 ±0.37 70.66 ±0.51 63.39 ±0.40 67.03 ±0.22
Average Accuracy 37.07 ±6.73 40.17 ±6.60 70.58 ±0.25 63.34 ±0.14 65.20 ±3.20
Average Task Forgetting -1.20 ±1.10 -1.35 ±2.70 -0.17 ±0.25 -0.002 ±0.22 -0.68 ±1.74

Table 5: Comparison with state-of-the-art models in the RealCL scenario. Performance Metrics on
CIFAR-100 Dataset with a 2K Buffer Size for CLARE. Values in Percentage.
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Figure 12: Results in CIFAR-100 dataset. (a) Performance comparison of CLARE with and without
fine-tuning against various state-of-the-art models in RealCL scenario. (b) Comparative analysis of
the performance of MEMO and APER in unrealistic scenario versus RealCL outcomes.

The results for the experimental evaluation with the dataset CUB200 are shown in
Table 6. Here, CLARE, with and without fine-tuning, improves the performance of
APER according to all metrics.

Our main conclusions of this comparison conducted with state-of-the-art methods
are as follows. First, methods originally proposed for traditional continual learning
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CUB - 200 APER (Zhou et al., 2024) CLARE CLARE with Fine-tuning

Number of Tasks 20 Tasks 20 Tasks 20 Tasks

Last Task Accuracy 55.73 ±0.025 61.41 ±0.66 66.48 ±0.91
Average Accuracy 55.42 ±1.34 59.36 ±0.10 62.42 ±0.87
Average Task Forgetting -0.04 ±1.81 -0.67 ±0.09 -0.92 ±0.09

Table 6: Performance metrics for 20 Tasks on the CUB200 dataset, with a 2K memory module, in
a RealCL scenario. We compare APER and CLARE (with and without fine-tunning). Values in
Percentage.

benchmarks experience a substantial performance degradation under the novel RealCL
setting, suggesting that state-of-the-art performance in conventional unrealistic bench-
marks does not necessarily translate to more realistic continual learning scenarios. With
our study we show that it is important to subject CL models to a scenario like RealCL,
where possible deficiencies are not masked when class distributions do not appear ar-
tificially and incrementally ordered with tasks. Interestingly, our observations revealed
that the naive fine-tuning model, APER and MEMO demonstrate negative values in
task forgetting metrics. This suggests that the models are not merely retaining pre-
viously acquired knowledge, but are also contributing to an enhancement in overall
accuracy as they are exposed to new data from subsequent tasks. However, this trend
appears to plateau once the models have processed a certain number of tasks, indicating
a stabilization point beyond which the introduction of additional data does not yield
significant improvements in model performance. This effect is particularly relevant for
APER, which does not seem to continue learning after the first task (see Figure 12b).
This aligns with how APER is trained, as detailed in (Zhou et al., 2024). APER adapts
the pre-trained backbone only in the first task and then employs a strategy based on
prototypes for every category, along with parameter fine-tuning mechanisms such as
Adaptformer (Chen et al., 2022). While this strategy seems effective for an the unre-
alistic scenario, i.e. the standard class-incremental learning scenario, it is not suitable
for our new RealCL setup.

Second, our novel CLARE model presents a compelling and competitive option for
realistic scenarios. In the experiments with CIFAR-100, the APER model reports a
last task accuracy slightly higher than CLARE. However, this is not the case with the
CUB-200 dataset, where CLARE achieves better results in the realistic scenario. It is
worth mentioning that APER, as detailed by Zhou et al. (2024), is a significantly more
complex model than CLARE, integrating multiple parameter-efficient tuning techniques
along with the pre-trained model. These results indicate that the observed improve-
ments cannot be attributed solely to the use of a stronger visual backbone, but also
to the proposed learning strategy within the RealCL framework. CLARE depends on
a robust pre-trained model capable of identifying general and adaptable features from
data. It is complemented by a learning-based memory module that actively selects
and updates a set of samples for each task. This dual strategy enables our method to
maintain a balance between preserving existing knowledge and assimilating new infor-
mation, thereby circumventing the pitfalls of catastrophic forgetting or interference. As
demonstrated in Tables 5 and 6, adopting a fine-tuning approach with CLARE leads
to improved accuracy across tasks. It is important to note that since the pre-trained
model within CLARE remains static, fine-tuning is applied solely to adjust the learned
weights of the Dyn-NAN block. Further observations reveal that CLARE, upon fine-
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tuning, also displays negative task forgetting, indicating an expansion in the model’s
learning capabilities as the number of tasks increases.

6. Conclusions

With this paper, we had two main objectives. The first one was to propose to the
community the RealCL paradigm for evaluating CL solutions. The novel RealCL for-
mulation has allowed us to explore up to three distinct continual learning scenarios,
ranging from a highly structured scenario with controlled data and class distribution
to a completely uncontrolled and realistic setting. We conducted a thorough evaluation
of our proposed scenarios employing CLARE, a straightforward and model-agnostic
methodology that utilizes pre-trained models to facilitate the learning process. This
was the second objective of our work. We believe that especially in these unstructured
scenarios, solutions based on pre-trained models can play a fundamental role. Our
CLARE model enables the seamless integration of new knowledge while preserving pre-
viously acquired information, eliminating the need for extensive retraining. Moreover,
we implemented the proposed realistic scenario for a set of state-of-the-art models and
a baseline, and assessed their performance, comparing it with the outcomes achieved by
CLARE. Our findings highlight the versatility and robustness of CLARE, particularly
when contending with the unpredictability of real-world data. The code to reproduce
all our results can be found at https://github.com/gramuah/clare.

Limitations and future work:
While CLARE demonstrates strong performance in realistic continual learning sce-

narios, certain limitations should be acknowledged. First, CLARE relies on a compact
replay memory, which may introduce privacy concerns or storage constraints in some
applications. Although the memory is intentionally bounded and contains only a small
set of representative samples, the method still depends on storing part of the past
experience. In practice, this design represents a compromise between purely memory-
free approaches, which often suffer from severe forgetting, and unrestricted rehearsal
strategies that require access to large historical datasets. CLARE mitigates forgetting
effectively by combining a small replay buffer with a frozen pre-trained model, but its
performance remains influenced by the memory size and the sample selection strategy,
both of which could be further optimized. Additionally, the use of a frozen pre-trained
model provides stability and strong transfer capabilities, but it may limit adaptability
in highly specialized or rapidly evolving domains. Investigating adaptive fine-tuning
strategies that preserve stability while improving domain adaptation constitutes an im-
portant direction for future work. Furthermore, although CLARE has been evaluated
on standard continual learning benchmarks, its behavior under stronger domain shifts
and highly imbalanced real-world data distributions deserves further investigation.

Regarding our second contribution, the proposed RealCL scenario, it is important
to emphasize that RealCL defines a continual learning protocol rather than a specific
algorithm. One of the assumptions of RealCL is that the complete historical datasets
from previous tasks are no longer available once learning progresses. However, this
formulation is compatible with both replay-based and replay-free continual learning
methods. Therefore, the use of a bounded replay buffer in CLARE, or in any other
replay-based model, should be understood as an algorithmic choice rather than a re-
quirement imposed by RealCL. In privacy-sensitive applications, replay-free approaches
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may be preferable, and evaluating such methods under the RealCL protocol constitutes
an interesting avenue for future work. Finally, although RealCL is designed to be closer
to real-world continual learning conditions, it still assumes that data arrive in discrete
tasks rather than as a fully continuous stream. Future research could explore continual
learning systems that dynamically integrate incoming data without relying on prede-
fined task boundaries, further narrowing the gap between benchmark protocols and a
real-world deployment scenario.
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