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ABSTRACT

Providing neural networks with the ability to learn new tasks sequentially represents one of the main challenges in artificial in-

telligence. Unlike humans, neural networks are prone to losing previously acquired knowledge upon learning new information,
a phenomenon known as catastrophic forgetting. Continual learning proposes diverse solutions to mitigate this problem, but
only a few leverage explainable artificial intelligence. This work justifies using explainability techniques in continual learning,
emphasizing the need for greater transparency and trustworthiness in these systems and grounding our approach in empirical

findings from neuroscience that highlight parallels between forgetting in biological and artificial neural networks. Finally, we

review existing work applying explainability methods to address catastrophic forgetting and propose potential avenues for future

research.
This article is categorized under:

Fundamental Concepts of Data and Knowledge > Explainable AT

Technologies > Artificial Intelligence
Technologies > Cognitive Computing

1 | Introduction

Inrecentyears, deeplearning models have matched or surpassed
human performance in various applications, including audio,
speech, visual data, and natural language processing (Mathur
et al. 2022; Sharma et al. 2021; Wolf et al. 2019). However,
while humans can continuously adapt and learn, enabling
artificial intelligence (AI) systems to learn sequential tasks
remains challenging. Continual learning (CL) addresses this
gap by proposing methods inspired by the brain's functioning
(Wang, Zhang, et al. 2023; Van de Ven et al. 2020). Despite ad-
vancements, many methods face scalability issues due to high

memory and computational demands or fixed model capacities
(Wang et al. 2024).

The biggest challenge in CL is catastrophic forgetting
(McCloskey and Cohen 1989), which stems from the stability-
plasticity dilemma (Mermillod et al. 2013): higher stability
preserves past knowledge, while higher plasticity enhances
new learning. Although artificial and biological neural net-
works (ANNs, BNNs) differ significantly, techniques inspired
by neural mechanisms that aim to find a stability-plasticity
trade-off, such as synaptic plasticity (Power and Schlaggar
2017) or memory replay (Skaggs and McNaughton 1996), have
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managed to reduce accuracy drops in sequential task learning
(Kirkpatrick et al. 2016; Aljundi et al. 2018; Zenke et al. 2017;
Aljundi, Lin, et al. 2019; Lopez-Paz and Ranzato 2017; Shin
et al. 2017). Consequently, given the existing similarities be-
tween forgetting events in ANNs and BNNs, the use of ex-
plainable artificial intelligence (XAI) in CL might provide
useful insights on how and when forgetting occurs and offer
valuable guidance for future neuroscientific research (Toneva
et al. 2019; Isola, Xiao, et al. 2011; Driscoll et al. 2022; Cossu
et al. 2024). Furthermore, recent Al regulations mandate ex-
plainability for safe real-world use (Laux et al. 2024; Panigutti
et al. 2023), which is an even more crucial requirement for
constantly evolving CL systems.

These considerations have led to a new research area leveraging
explanations to guide CL training procedures for improved perfor-
mance, and qualitatively evaluating them in terms of explanation
drift (Driscoll et al. 2022; Cossu et al. 2024). The developed meth-
ods outperform traditional approaches (Mazumder et al. 2023;
Ebrahimi et al. 2021; Saha and Roy 2023a; Gu et al. 2022; Dhar
etal. 2019; Ede et al. 2022; Rymarczyk et al. 2023) by guaranteeing
more robust shared representations between tasks while offering
better interpretability. Although research at the intersection be-
tween XAI and CL is still underexplored, the growing number of
recent publications indicates its rising importance.

Despite the presence of several surveys on current CL litera-
ture (Wang et al. 2024), no review focuses on XAI-guided CL
approaches. Additionally, comparing existing methods is dif-
ficult due to the variability in scenarios, datasets, and setups.
This work fills this gap by reviewing papers at the intersec-
tion of XAI and CL, analyzing their benefits and limitations.
Finally, we explore parallels between BNNs and ANNs that
motivate using XAI in CL and propose future research di-
rections. Figure 1 provides a visual summary of the article's
content.

2 | Background

This section introduces the necessary background on XAI and
CL to frame XAI-guided CL methods in the existing literature
and to highlight the importance of this research line.

2.1 | Explainable Artificial Intelligence

Deep learning models achieve impressive performance due to
their complexity, enabling them to model intricate input-output
relations. However, this complexity limits interpretability. XAI
addresses this problem by developing methods to explain model
predictions.

XALI literature is wide, and several surveys review existing ex-
plainability methods and propose general taxonomies (Barredo
Arrieta et al. 2020; Speith 2022; Schwalbe and Finzel 2023).
Common categorizations are based on the stage and scope of the
explanations:

« Stage: Post hoc methods generate explanations for pre-
trained models (Ribeiro et al. 2016; Bach et al. 2015;
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FIGURE 1 | Despite the significant differences existing between ar-
tificial and biological neural networks, neuroscience has always been
a source of inspiration for artificial intelligence researchers. Most con-
tinual learning methods mimic mechanisms in the human brain that
support memory formation while preventing forgetting. Among them,
several approaches employ explainability techniques to mitigate expla-
nation drift (Cossu et al. 2024), a phenomenon mirroring representation
drift in the human brain (Driscoll et al. 2022). In this paper, we survey
such work, highlighting how the type of analysis stemming from the
use of explainable artificial intelligence in continual learning can open
new interesting lines of research at the intersection between artificial
intelligence and neuroscience.

Selvaraju et al. 2017), while self-interpretable methods pro-
vide explanations alongside predictions (Chen et al. 2019;
Rymarczyk et al. 2022).

« Scope: Local explanation methods offer understanding
at the instance level (Ribeiro et al. 2016; Bach et al. 2015;
Selvaraju et al. 2017), while global methods explain the
overall model behavior (Chen et al. 2019; Rymarczyk
et al. 2022).

As AI systems increasingly impact our daily life, explaining
their decisions becomes crucial and is mandated by govern-
ment regulations (Laux et al. 2024; Panigutti et al. 2023). At
the same time, researchers are exploring how explanations can
enhance model performance, fairness, transparency, and bias
removal, unleashing real-world applications. These new needs
have resulted in a new research direction, Explanation Guided
Learning (Gao et al. 2024). XAlI-guided CL is part of this field,
focusing on the use of XAI to balance plasticity and stability for
robust shared representations between tasks.

2.2 | Continual Learning

In contrast to traditional machine learning models, which are
built to solve individual tasks, each characterized by a static data
distribution, the purpose of continual learning (CL) research
is to provide AI systems with the ability to learn from a non-
stationary data stream.
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Formally, in a CL setting the same model needs to learn a se-
quence of T tasks sequentially. For each task t €[1,T], the
training dataset is defined as D'™" = {x,,y, }, where x, is an
input sample and y, the corresponding label. The test dataset,
instead, is independent of the corresponding training set, that
is, D:”“i“ N D** = @, but follows the same probability distribu-
tion. Then, while training the model on a task ¢, only samples
belonging to D" are available. Data belonging to D', with
i=1, ...,t—1is unavailable unless we implement some replay
strategy (see Table 1).

Depending on the type of input data and on the availability of
task identities during training and testing, we can identify differ-
ent learning scenarios that we describe in detail in Section 2.2.1.
Additionally, in Table 1 we summarize the different categories
of CL methods identified by Wang et al. (2024). Although we
provide references to popular traditional methods, please refer
to Wang et al. (2024) for a comprehensive survey.

2.2.1 | Learning Scenarios

Thereis currently no consensus on the categorization of CL sce-
narios. Many works identify three classes: task-incremental,
class-incremental, and domain-incremental learning (van de
Ven et al. 2022), though terms are often used inconsistently.
With the aim of presenting XAlI-guided methods, we adopt
the finer taxonomy by Wang et al. (2024), which takes into
account input distributions, label spaces, availability of task
identities at both training and testing times, and the way in
which data is given as input to the network. Table 2 summa-
rizes this taxonomy, which recognizes the following general
scenarios:

« Instance-incremental learning (IIL): the training sam-
ples belong to the same task and are presented in batches. In
this case, we have one single dataset, which is incrementally
learned by a network. For instance, Mazumder et al. (2023)
perform multiple training sessions on the Google Speech
Commands dataset (Warden 2018) in which the network
learns to classify samples that were wrongly predicted in
the previous sessions.

« Domain-incremental learning (DIL): tasks have differ-
ent data distributions, same label spaces, and there is no
need to know task identities. Examples of this scenario are
incrementally learning to detect fire on spaceborne, air-
borne and terrestrial sensor images (Wang, Yu, et al. 2023),
or to classify medical images acquired through different
hardware (Srivastava et al. 2021).

« Task-incremental learning (TIL): tasks have different
data distributions, disjoint label spaces, and task identities
are known at both training and testing times;

« Class-incremental learning (CIL): tasks have different
data distributions, disjoint label spaces, and task identities
are known just at training time;

« Task-free continual learning (TFCL): tasks have differ-
ent data distributions, disjoint label spaces, and task identi-
ties are not known.

An example dataset for the last three scenarios is MNIST-
split, in which the original dataset is divided into five disjoint
tasks, each consisting of the classification of two digits (Ede
et al. 2022). In this work, we consider online continual learning,
blurred boundary continual learning, and continual pre-training
(Wang et al. 2024) as possible additional characterizations of the

TABLE1 | Summary of the taxonomy of CL approaches provided by (Wang et al. 2024).

Category Description

References

Regularization-based

Replay-based

Optimization-based

Representation-based

Architecture-based

Use a regularization term to achieve a
good stability-plasticity trade-off.

Try to approximate or recover the
distributions of old tasks by replaying
information from old tasks.

Act on the optimization process by either
projecting gradients in non-interfering
directions, using the loss to find flat local
minima, or using meta-learning.

Produce robust representations by either
using self-supervised learning, large-scale
pre-training, or representation learning.

Use task-specific parameters, by either
allocating a different parameter sub-
space for each task, using task-specific
components which can be dynamic, or
developing modular architectures with
parallel sub-networks or sub-modules.

(Kirkpatrick et al. 2016; Zenke et al. 2017;
Aljundi et al. 2018; Li and Hoiem 2016;
Rebuffi et al. 2016; Wang et al. 2022)

(Aljundi, Lin, et al. 2019; Lopez-Paz and
Ranzato 2017; Riemer et al. 2019; Shin
et al. 2017; Wu et al. 2018; Toldo and Ozay 2022;
Kukleva et al. 2021; Liu et al. 2022)

(Riemer et al. 2019; Farajtabar et al. 2020;
Javed and White 2019; Rajasegaran
et al. 2020; Chi et al. 2022)

(Madaan et al. 2022; Wu et al. 2022; Huo
et al. 2023; Asadi et al. 2023; Tao et al. 2020)

(Ebrahimi et al. 2020; Ostapenko et al. 2021;
Veniat et al. 2021; Yang et al. 2023)

Wiley Interdisciplinary Reviews: Data Mining and Knowledge Discovery, 2025

30f19

85U8017 SUOLILLOD BAITea1D 3(dealdde aup A peuienob ae Saole YO ‘88N JO S8|nJ o} A%eiq1 8UlUO A8]IM UO (SUOTIPUOD-pUB-SWSI W00 A8 |ImAeIq Ul |uo//Sdny) SUOIPUOD pue swie | 8 88S *[9202/70/62] Uo Ariqi]auliuo AB|1M ezusides e ewoy 1 AISBAIUN AQ 9¥00L WPIM/ZOOT OT/I0P/L00" A8 | M ARe.d 1 pulJUO'SS1M//SdNY WOy peapeojumod ‘ ‘5202 ‘S6LYZr6T



TABLE 2 | Categorization of CL scenarios provided by Wang
et al. (2024), based on input distributions, label spaces, task identity
availability, and data provision to the network.

Scenario Description

Instance-incremental
learning (IIL)

Same input distributions, same label
spaces, task identities not required.

Domain-incremental
learning (DIL)

Different input distributions,
same label spaces, task identities
available during training but
not required during testing.

Task-incremental
learning (TIL)

Different input distributions,
disjoint label spaces, task
identities available during

training and testing.

Class-incremental
learning (CIL)

Different input distributions,
disjoint label spaces, task identities
just available during training.

Task-Free CL (TFCL) Different input distributions,
disjoint label spaces, task identities
unavailable during training and

optionally available during testing.

Online CL (OCL) Different input distributions,
disjoint label spaces, task identities
unavailable during training and
optionally available during testing,
training saples are provided as a one-

pass data stream (i.e., batch _size = 1).

Blurred-boundary CL
(BBCL)

Different input distributions,
overlapping label spaces,
task identities just available
during training.

Continual pre-
training (CPT)

Several pre-training tasks followed by
a downstream task, task
identities are available during
training but not required
during testing.

Few-shot CIL
(FSCIL)

First task of b base classes followed by
C-way K-shot classification tasks, with
C being the number of classes and
K being the (limited) number
of samples per class. Training
is performed in a class-
incremental learning setting.

previous general scenarios. For instance, we talk about online
DIL, TIL, CIL, and TFCL if, during training, samples from se-
quential tasks are provided as a one-pass data stream. Similarly,
in blurred boundary TIL, CIL, and TFCL, data label spaces
are disjoint but can be partially overlapped. For instance, we
might want to first learn to classify the digits 0 and 1, and then
the digits 1 and 2. Finally, we have instance-domain-task-
class-incremental and task-free continual pre-training, when
we pre-train a model on sequential tasks to improve the perfor-
mance on another downstream task.

2.21.1 | Few-Shot Class-Incremental Learn-
ing. Although most CL approaches rely on the availability
of large quantities of annotated data, this is quite an unrealistic
assumption, as labeling a continuous stream of data is practi-
cally unfeasible. It is, instead, much more realistic that only a
very small number of labeled samples is available. For this rea-
son, few-shot class-incremental learning (FSCIL) represents a
promising research path in the AI field (Tao et al. 2020; Tian
et al. 2024). In FSCIL, the first task is made of b base classes with
sufficient training data, while each subsequent task consists of a
C-way K-shot classification, with C being the number of classes
and K being the (limited) number of samples per class. The
objective is to be able to train models on all the tasks sequen-
tially, in a class-incremental learning setting.

2.2.2 | Neuroscience-Inspired Continual
Learning Approaches

Neuroscience has long inspired Al research, particularly in CL.
Key mechanisms in the brain relevant to CL include synaptic plas-
ticity, hippocampal replay, and complementary learning systems.

2.2.2.1 | Synaptic Plasticity. Synaptic plasticity is cru-
cial for balancing stability and plasticity in the brain (Power
and Schlaggar 2017). Individual dendritic branches! allow selec-
tive updates ofimportant synapses, preventing forgetting. Cichon
and Gan (2015) provide an example of this behavior, showing
that different motor tasks activate distinct dendrites, reducing
memory interference. Regularization-based approaches in Al
take inspiration from these findings, identifying key synaptic
weights and reducing their plasticity for new tasks by adding a
regularization term to the loss function (Kirkpatrick et al. 2016;
Aljundi et al. 2018; Zenke et al. 2017).

In the brain, synaptic plasticity regulates the mechanism of
long-term potentiation, consisting of an increase in synaptic effi-
ciency, which leads to synaptic consolidation in the local circuits
(Lischer and Malenka 2012). However, memory consolidation
also occurs at a system level through a slower process called sys-
tems memory consolidation. Frankland and Bontempi (2005)
first described this phenomenon, noting that recent memories
are more prone to interference than older ones, suggesting in-
creased memory robustness over time. The study also suggests
that the hippocampus is involved in short-term memory's forma-
tion and retrieval. According to the complementary learning
systems theory, durable memories form through the interaction
between the hippocampus and neocortex (McClelland et al. 1995;
Kumaran et al. 2016). Based on these findings, Pham et al. (2021)
and Blakeman and Mareschal (2020) propose architectures with
fast- and slow-learning components for CL in neural networks,
enabling the formation of more robust representations.

2.2.2.2 | Memory Replay. Memory replay is believed to
facilitate the transfer of knowledge from short-term to long-term
storage by reactivating hippocampal activity patterns during
sleep and rest, thus preventing catastrophic forgetting (Skaggs
and McNaughton 1996; Rudoy et al. 2009). AI research mirrors
this mechanism with episodic memory buffers to reduce forget-
ting in CL scenarios (Aljundi, Lin, et al. 2019; Lopez-Paz and Ran-
zato 2017; Van de Ven et al. 2020). However, the data requirements
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of these methods limit their scalability. These observations raise
questions about how the brain implements similar strategies
with bounded memory requirements. Subsequent rodent studies
show hippocampal sequences that predict future goals, shortcuts,
or events beyond past experiences, leading to theories that model
the hippocampus as a hierarchical generative model with reacti-
vations in the form of generative replay (Stoianov et al. 2022). Con-
sequently, several works in AI use generative replay to mitigate
catastrophic forgetting in Shin et al. (2017) and Wu et al. (2018).
Despite eliminating the need for large replay buffers, these sys-
tems require computationally intensive training of generative
models, which may still result in catastrophic forgetting.

2.3 | Forgetting in Artificial and Biological Neural
Networks

As described in Section 2.2.2, CL research in neuroscience and
AT has a long, intertwined history. This interaction has sig-
nificantly advanced our understanding of memory protection
mechanisms, yet open questions remain that could benefit from
joint efforts across these research communities.

Catastrophic forgetting can also occur in the human brain
under specific conditions. For example, Pallier et al. (2003)
show that Korean-born adults adopted by French families be-
tween ages 3 and 8 retain no residual knowledge of Korean,
exhibiting brain activations similar to those for entirely foreign
languages. Similarly, Mareschal et al. (2007) study sequential
category learning in 3- and 4-month-old infants, finding strong
task-order dependence: infants retain the category “dog” only
when it is learned before “cat,” likely due to category similarity.
Comparable effects have been observed in ANNs, where inter-
mediate task similarity produces the highest forgetting, while
increasing dissimilarity reduces it (Lee et al. 2021; Ramasesh
et al. 2021; Lin et al. 2023).

A particularly relevant biological phenomenon is representa-
tion drift, the gradual change of neural activity patterns en-
coding the same stimulus over time. While this might appear
detrimental to stable memory, Driscoll et al. (2022) argue that
drift can also be functional, enabling the brain to flexibly con-
nect or differentiate experiences occurring at different times. CL
in ANNSs faces an analogous challenge: as new tasks are learned,
the internal representations of old ones shift, often leading to
catastrophic forgetting. At the level of explanations, this man-
ifests as explanation drift (Cossu et al. 2024), where saliency
maps or other attribution signals for the same input change
substantially after learning new tasks. Explanation drift there-
fore provides a window into representational changes in ANNs
and can serve as an early indicator of when forgetting is likely
to occur. Some approaches already exploit this connection: for
instance, Ebrahimi et al. (2021) combine replay with regular-
ization to stabilize explanations over time, reducing forgetting
compared to non-XAl-guided replay methods.

There are also similarities in individual forgetting events across
ANNSs and BNNs. Toneva et al. (2019) demonstrate that cer-
tain samples are consistently more prone to being forgotten or
remembered, regardless of architecture or learning algorithm.
This suggests that memorability depends on intrinsic properties

of the input stimulus, a finding that aligns with neuroscientific
studies on human memorability (Isola, Parikh, et al. 2011; Isola,
Xiao, et al. 2011; Isola et al. 2014; Khosla et al. 2015; Bainbridge
et al. 2013; Bainbridge et al. 2017; Xie et al. 2020). Such parallels
reinforce the idea that explanation signals can reveal which in-
puts or features are most critical for long-term retention.

Building on these analogies, neuroscientific insights can be
translated into concrete design principles for XAI-guided CL.
Just as synaptic consolidation stabilizes important connections
in the brain, importance-weighted stability can be enforced
in ANNSs by penalizing large changes in explanations for pre-
viously seen data (e.g., the regularization used in Ebrahimi
et al. (2021)). Likewise, dendritic specialization inspires meth-
ods that freeze or grow network components based on neu-
ron relevance, as in RNF (Ede et al. 2022), which preserves
the most important neurons for past tasks while leaving others
free to adapt to new ones. Finally, hippocampal replay motivates
selective replay guided by explanations, where attribution
maps identify the most informative experiences to store or re-
generate, thus reducing memory and computational require-
ments (Saha and Roy 2023b; Shim et al. 2021).

In summary, using XAI in CL not only provides practical bene-
fits such as improved performance and memory efficiency, but
also offers theoretical advantages by linking explanation drift in
ANNSs with representation drift in neuroscience. This connec-
tion enables explanation signals to serve not only as interpret-
ability tools, but also as principled drivers of continual learning.

3 | XAI-Guided Continual Learning

Table 3 lists the existing XAI-guided CL approaches with their
abbreviations. The number of papers on this topic increases
yearly, with many of them being accepted at top conferences,
indicating growing interest from the research community. In
the following sections, we discuss the datasets and scenarios
in XAl-guided CL papers, emphasizing the need for common
benchmarks and open-source implementations for easier com-
parison. We then categorize existing approaches based on the
target of explanations, describing them in detail.

3.1 | Paradigm Formalization

While the notion of XAI-guided continual learning has been
used informally in prior work, it remains unclear what quali-
fies as a genuine instance of this paradigm. The key idea is to
treat explanations not merely as post hoc interpretability tools,
but as training signals that influence how CL is performed. This
requires identifying two elements: (i) an explanation operator,
which extracts information about how the model produces its
predictions, and (ii) a guidance operator, which uses such expla-
nations to shape training dynamics, for instance by selecting
replay samples, masking salient features, freezing network com-
ponents, or regularizing explanation stability.

An explanation operator is a mapping

&y Xx0 R
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TABLE 3 | List of existing XAI-guided CL approaches, with corresponding abbreviation, reference, venue, and year of publication, and code

availability.

Name Abbreviations References Venue Code
Learning without memorizing LwM Dhar et al. (2019) CVPR 2019 v
Remembering for the right reasons RRR Ebrahimi et al. (2021) ICLR 2021 v
Adversarial Shapley value experience ASER Shim et al. (2021) AAAT2021 v
replay

Semi-quantized activation neural SQANN Tjoa and Guan (2022) arXiv 2022 v
networks

Relevance-based neural freezing RNF Ede et al. (2022) CD-MAKE 2022

Dual view consistency DVC Gu et al. (2022) CVPR 2022 v
Experience packing and replay EPR Saha and Roy (2023b) WACYV 2023
XAl-increment XAI-I Mazumder et al. (2023) EUSIPCO 2023
Interpretable class-InCremental LEarning ICICLE Rymarczyk et al. (2023) ICCV 2023 v
Shape and semantics-based selective S3R Zhang et al. (2023) IEEE Medical Imaging 2023 v
regularization

Saliency-augmented memory completion SAMC Bai et al. (2023) SDM 2023 v

ALGORITHM1 | Schematic Training Loop for XAI-Guided
Continual Learning.

1: Initialize Model Parameters 6, Explainer ¢, and
Memory
2: foreachtaskt=1, ..., Tdo
3 for each batch %, in task ¢ do
4: Compute explanations e « & ,(%,,0)
5: Apply guidance operator:
(%t,?t,%t,q) “ G(B,0,.,%,)

6: Compute Total Loss:
L= ft + Astabs + j’resg + AfaithF
7: Update parameters: § < Update (6, L,C;)
8: Update memory: # « A ¢
9: end for
10: end for

that returns an explanation e = & 4(x, 0) in an explanation space
RY (e.g., saliency maps, prototype similarities, concept activa-
tions). & ; can be produced via a post hoc explainability method
or by a self-interpretable model itself.

A guidance operator is a policy
G (B0, M, E ) (Eét, 7,7, ct),

which modifies the batch, the loss, the memory, and/or architec-
tural constraints C, based on explanations.

Definition 1. A continual learning procedure is XAI-
guided if explanations & ; influence the objective, memory pol-
icy, or parameter allocation via G. Classical continual learning is
recovered as the special case where G ignores & .

To make the role of explanations explicit, we summarize the para-
digm in Algorithm 1. The procedure alternates between comput-
ing explanations for current and past data, applying a guidance
operator that adapts batches, losses, memory contents, or archi-
tectural constraints, and updating the model accordingly. The op-
timization objective combines multiple components: (i) the task
loss ?t on the current batch (possibly modified by guidance), (ii)
a stability term S weighted by A, which penalizes large drifts
in explanations for previously seen data, (iii) a resource term Q
weighted by A, which constrains memory usage or architec-
tural growth, and (iv) an optional faithfulness term F weighted by
Agaisny €DCOUraging explanations to remain aligned with human-
interpretable concepts or ground-truth annotations.

3.2 | Datasets and Scenarios

The heterogeneity of datasets and scenarios complicates com-
parisons between approaches, as shown in Table 4, with meth-
ods being tested on different dataset-scenario combinations.
Below, we describe each dataset, providing relevant references:

o Split-MNIST (Zenke et al. 2017) and Split-CIFAR10 (Shim
et al. 2021): Ede et al. (2022), Shim et al. (2021), and Gu
et al. (2022) split them into five binary classification tasks,
respectively.

o Permuted-MNIST (Goodfellow et al. 2013): the first task is
the original dataset, followed by nine tasks with random
pixel permutations applied consistently within each task
but differently across tasks (Ede et al. 2022).

« Split-CIFAR-100 (Rebuffi et al. 2016): split into 10 tasks of
10 classes each by Ebrahimi et al. (2021); Shim et al. (2021);
Dhar et al. (2019), 20 tasks of 5 classes each by Saha and
Roy (2023b,0); Ebrahimi et al. (2021); Dhar et al. (2019), and
50 tasks of 2 classes each by Dhar et al. (2019)

6 of 19

Wiley Interdisciplinary Reviews: Data Mining and Knowledge Discovery, 2025

85U8017 SUOLILLOD BAITea1D 3(dealdde aup A peuienob ae Saole YO ‘88N JO S8|nJ o} A%eiq1 8UlUO A8]IM UO (SUOTIPUOD-pUB-SWSI W00 A8 |ImAeIq Ul |uo//Sdny) SUOIPUOD pue swie | 8 88S *[9202/70/62] Uo Ariqi]auliuo AB|1M ezusides e ewoy 1 AISBAIUN AQ 9¥00L WPIM/ZOOT OT/I0P/L00" A8 | M ARe.d 1 pulJUO'SS1M//SdNY WOy peapeojumod ‘ ‘5202 ‘S6LYZr6T



TABLE 4 | Summary of the datasets and scenarios addressed by the existing XAI-based approaches for CL.

Dataset Tasks IIL TIL CIL FSCIL
Split-MNIST 5 — RNF — —
Permuted-MNIST 10 — RNF — —
Split-CIFAR-10 5 — SAMC ASER, DVC —
Split-CIFAR-100 10 — LwM ASER, DVC, LwM, RRR —
20 — EPR, LwM, SAMC RRR, EPR —
50 — LwM LwM —
CIFAR-10/-100 1/5 — RNF — —
1/8 — RNF — —
1/10 — RNF — —
Split-CUB-200 4 — — ICICLE —
10 — LwM LwM, ICICLE, EPR —
20 — EPR ICICLE —
11! — — — RRR
Split-ImageNet 10 — — RRR RRR
Split-ImageNet-small 10 — LwM LwM —
Split-miniImageNet 10 — — ASER, DVC —
20 — EPR, SAMC EPR —
Split-adience 2 — RNF — —
Adience/ImageNet — — RNF — —
Split-caltech-101 10 — LwM LwM —
Google speech commands — XAII — — —
Split-stanford cars 4,7,14 — — ICICLE —

Note: The second column reports the number of tasks, while the last four columns correspond to the different scenarios, namely instance-incremental learning (IIL),
task-incremental learning (TIL), class-incremental learning (CIL), and few-shot class-incremental learning (FSCIL).

o CIFAR-10/CIFAR-100 (Ede et al. 2022): the first task is « Split-Adience (Ede et al. 2022): split into two tasks of 4

CIFAR-10, followed by CIFAR-100 split into five tasks of 10
random classes, 10 tasks of 10 random classes, or 8 tasks of
semantically similar classes.

CUB-200 (Dhar et al. 2019): split into 20 tasks of 10
classes each by Saha and Roy (2023b, 0) and Rymarczyk
et al. (2023), 10 tasks of 10 classes each by Gu et al. (2022);
Dhar et al. (2019), 4 tasks of 50 classes and 10 tasks of 20
classes by Rymarczyk et al. (2023), and 11 tasks (first
with 100 classes, others with 10 classes each) by Ebrahimi
et al. (2021) in an FSCIL scenario.

Split-Imagenet (Rebuffi et al. 2016): Ede et al. (2022) split it
into 6 tasks of 100 classes each, while Ebrahimi et al. (2021)
and Dhar et al. (2019) divide it into 10 tasks of 10 random
classes each.

Split-Imagenet-small (Rebuffi et al. 2016): subset of 100 classes
from Imagenet, consisting of 10 tasks of 10 classes each.

Split-miniImagenet (Shim et al. 2021): split into 20 tasks of
5 classes each for TIL by Saha and Roy (2023b, 0), and 10
tasks of 10 classes each for CIL by Saha and Roy (2023b, 0),
Shim et al. (2021), and Gu et al. (2022).

classes each, representing different age groups in mixed and
ordered setups.

« Adience/ImageNet: Ede et al. (2022) train the models on
ImageNet, prune them, and then train them on the Adience
dataset.

« Caltech-101 (Fei-Fei et al. 2006): Dhar et al. (2019) consider
10 classes per task.

« Google Speech Commands (Warden 2018): Mazumder
et al. (2023) convert the audio files into spectrograms and
use them in an IIL scenario.

« Stanford cars (Rymarczyk et al. 2023): split into 4, 7, or 14
tasks of 49, 28, and 14 classes, respectively.

3.3 | Papers Categorization

This section provides a taxonomy of XAI-guided methods. Most
approaches use feature attribution techniques like GradCAM
(Selvaraju et al. 2017), GradCAM++ (Chattopadhay et al. 2018),
SmoothGrad (Smilkov et al. 2017), FullGrad (Srinivas and
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Fleuret 2019), LIME (Ribeiro et al. 2016), or LRP (Bach
et al. 2015) to prevent explanation drift. Tjoa and Guan (2022)
and Rymarczyk et al. (2023), instead, propose self-explainable
architectures: the former introduces an expandable net-
work with semi-quantized activations, while the latter uses a
prototype-based model. Similarly, XAI-guided methods span all
CL categories, but most representatives belong to replay-, regu-
larization-, and architecture-based classes. Consequently, any
categorization of XAl-guided CL approaches by explanation
type, stage, scope, or CL category would be imbalanced and
not adaptable to new explanations. Thus, our categorization fo-
cuses on the object of explanation: data, features, or network
components.

3.3.1 | Relevant Data Identification

Relevant data identification involves finding representative
samples to enhance class discrimination. Toneva et al. (2019)
show that removing certain unforgettable samples from the
training set does not affect network performance, suggesting
some samples are less informative. This insight inspired XAI-
guided memory replay approaches.

Shim et al. (2021) introduce adversarial shapley value experience
replay (ASER), using Shapley values (Shapley 1953) to select
samples for future replay. ASER strategically chooses samples
near class boundaries and from different classes, outperforming
standard selection strategies like Maximal Interfered Retrieval
(Aljundi, Belilovsky, et al. 2019).

Dual view consistency (DVC) (Gu et al. 2022), instead, ran-
domly selects samples for storage but uses a strategy to choose
replay samples from the memory bank. For each training
batch, DVC performs a virtual parameter update to select
memory bank samples with highly interfered gradients, com-
bining them with the training batch for the actual update.
Despite not using a proper explanation technique, thanks to
a combined use of gradient-based sample selection and repre-
sentation learning, the authors manage to reduce representa-
tion drift by favoring consistency.

Table 5 compares the two approaches in terms of average final
accuracy and forgetting (i.e., how much the accuracy of each
task has dropped with respect to when it was first trained).
Results show DVC's superiority in terms of both metrics, sug-
gesting that storing samples based on inter-task interference is
more effective than selecting samples based on within-task dis-
criminativeness. While effective, these approaches have a major
drawback: high memory requirements, making them impracti-
cal as the number of tasks increases.

3.3.2 | Relevant Feature Identification

As discussed in Section 2.3, several studies in AI and neurosci-
ence show that the memorability of input stimuli is influenced
by intrinsic properties (Toneva et al. 2019; Xie et al. 2020; Isola,
Xiao, et al. 2011). This section explores XAI-guided CL methods
that use explainability to identify relevant features.

TABLE 5 | Accuracy and forgetting of ASER and DVC on Split-
minilmageNet, Split-CIFAR-100, and Split-CIFAR-10 in CIL scenario,
averaged across 15 seeds.

(a) Mini-ImageNet

Buffer size

1k 2k 5k
Accuracy
ASER 11.5+0.6 13.5+0.8 17.8+1.0
DVC 15.4+0.7 17.2+0.8 19.1+0.9
Forgetting
ASER 33.8+1.3 30.5+1.3 25.1+0.8
DVC 25.1+0.7 23.1+0.7 21.9+0.8
(b) CIFAR-100
Buffer size
1k 2k 5k
Accuracy
ASER 14.3+0.5 17.8+0.5 22.8+1.0
DVC 19.7+0.7 22.1+0.9 24.1+0.8
Forgetting
ASER 43.0£0.5 379+0.6 29.6+0.9
bvC 30.6+0.7 27.8+1.0 26.1+£0.5
(c) CIFAR-10
Buffer size
0.2k 0.5k 1k
Accuracy
ASER 29.6+1.0 38.2+1.0 451£2.0
DVC 45.4+1.4 50.6+2.9 52.1%+2.5
Forgetting
ASER 56.4+1.6 47.5+1.3 39.6£2.0
DVC 27.2£2.5 21.3+3.1 19.7+2.9

Note: Experiments are performed using buffer sizes 1, 2, and 5k for Split-
miniImageNet and Split-CIFAR-100, and 0.2,0.5, and 1 k for Split-CIFAR-10.

Some approaches implement light-memory replay by storing
only relevant features, avoiding the memory overload of stor-
ing raw samples. Experience packing and replay (EPR) (Saha
and Roy 2023b,0) and Saliency-augmented memory completion
(SAMC) (Bai et al. 2023) leverage saliency maps to store the most
relevant parts of input images. Figure 2 illustrates the differences
between these methods in computing and replaying relevant fea-
tures. Specifically, given a saliency map S; € R™Y, EPR com-
putes the most salient patch by performing an average pooling
with kernel size equal to the desired patch size W, x W,,. The
maximum average-pooled value corresponds to the top-left co-
ordinates (xp, yp) of the most salient patch P, extracted from the
input image I as:
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FIGURE2 | A comparative overview of EPR (Saha and Roy 2023b,0) and SAMC (Bai et al. 2023). In both approaches, during task;'s training, the
network receives task;'s data and data from the replay buffer for tasks t,, ... ,¢_;. In the case of EPR (yellow), replay data consists of relevant patch-
es, which are zero-padded before passing them to the network. Instead, in the case of SAMC (green), replay data consists of masked images stored
in coordinate format (Bell and Garland 2009), that are first converted to sparse matrices, then passed to an inpainting module, which reconstructs
the original images, which are then passed to the network. In both cases, the network outputs predictions and saliency maps are computed using
GradCAM. These are then used to extract the most salient patches from a subset of the training images in EPR and to obtain masked images in
SAMC. Both patches and masked images are stored for replay while training on new tasks. In SAMC, before moving to the next task's training, the

masked images, together with the corresponding original images, are used to fine-tune the inpainting module.

P=1I(x,:x,+W,,y,:y, + W,)

During replay, the authors perform zero-padding, ensuring
that the patch is in the same position as the original image
through the stored (xp,yp) coordinates. To avoid accuracy
loss, EPR stores more patches than needed and prioritizes
those that result in correct predictions after zero-padding.
Differently, SAMC computes sparse masks by thresholding
saliency values:

I'=1{S > u}

and store them as sparse matrices in coordinate format (Bell
and Garland 2009). Then, an inpainting module, trained with
the classification network via bilevel optimization, reconstructs
images for replay. The lower level addresses the main task objec-
tive, while the upper level minimizes reconstruction loss. EPR
and SAMC achieve performance comparable to state-of-the-art
replay methods like GEM (Lopez-Paz and Ranzato 2017), MER
(Riemer et al. 2019), and iCaRL (Rebuffi et al. 2016), using less
memory.

The results in Table 6a compare results used by SAMC and EPR on
Split-CIFAR-100 in a TIL scenario. Both approaches achieve sig-
nificantly higher performance than the finetune baseline (which
simply performs the training without applying any CL strategy).
However, EPR consistently outperforms SAMC at compara-
ble memory budgets, achieving higher accuracy despite using a
smaller memory buffer (e.g., 58.5% with only 85 samples against
56.2% for SAMC with 200). This suggests that patch-based re-
play guided by saliency is more memory-efficient than SAMC's

inpainting-based reconstruction, and also does not require train-
ing a separate inpainting model.

Despite effectively using explanations to improve perfor-
mance and reduce memory requirements, the authors of EPR
(Saha and Roy 2023b) and SAMC (Bai et al. 2023) do not ana-
lyze their impact on explanation drift. In contrast, as shown
in Figure 3, Dhar et al. (2019), Ebrahimi et al. (2021), and
Rymarczyk et al. (2023) address this issue by adding regu-
larization or penalty terms to the loss function, discouraging
changes in saliency maps, or learning task-specific proto-
types. Remembering for the right reasons (RRR) Ebrahimi
et al. (2021) uses a memory buffer .#,,, for raw samples and
another one .y, for reference saliency maps. After training
on task #;, RRR replays stored samples from tasks t;, ... ,#_;
and computes new saliency maps. It then calculates the L1
loss between the new and reference saliencies:

Lire = E(I,gl)N(/ﬂwP,J%m)”SI _§IH1

where I is the input image, and S; and §1 are the corresponding
new and reference saliencies. Adding RRR to methods like EWC
(Kirkpatrick et al. 2016) and iTAML (Rajasegaran et al. 2020)
improves overall accuracy and prevents explanation drift, but
it requires double the memory of traditional replay-based meth-
ods. However, RRR also performs well in FSCIL by storing only
a few images per task along with their saliency maps. Learning
without Memorizing (LwM) Dhar et al. (2019), instead, features
a XAl-informed distillation loss, preventing explanation drift
without storing replay data. At each incremental step ¢, a stu-
dent model M, learns new classes based on a teacher model M,_;,

Wiley Interdisciplinary Reviews: Data Mining and Knowledge Discovery, 2025

90f19

85U8017 SUOLILLOD BAITea1D 3(dealdde aup A peuienob ae Saole YO ‘88N JO S8|nJ o} A%eiq1 8UlUO A8]IM UO (SUOTIPUOD-pUB-SWSI W00 A8 |ImAeIq Ul |uo//Sdny) SUOIPUOD pue swie | 8 88S *[9202/70/62] Uo Ariqi]auliuo AB|1M ezusides e ewoy 1 AISBAIUN AQ 9¥00L WPIM/ZOOT OT/I0P/L00" A8 | M ARe.d 1 pulJUO'SS1M//SdNY WOy peapeojumod ‘ ‘5202 ‘S6LYZr6T



TABLE 6 | (a) Average accuracy of SAMC and EPR on Split-
CIFAR-100 (20 tasks) in the TIL scenario.

(a) Split-CIFAR-100 (20 tasks, TIL)

Buffer size # Runs ACC (1)

Finetune — 5 429+2.1
SAMC 200 5 56.2+1.0
EPR 85 5 58.5+1.2
170 5 60.8+0.3

(b) Split-CUB-200 (10 tasks, CIL)

Buffer size # Runs ACC (1)

Finetune — 3 12.9+1.7
LwM — 3 29.4+3.2
ICICLE — 3 60.2+3.5
RRR 85 5 629+1.3
170 5 671+1.3

EPR 85 5 72.1+0.9
170 5 73.5+1.3

Note: Results for SAMC are taken from Bai et al. (2023), while results for EPR
and the finetune baseline are taken from Saha and Roy (2023b). (b) Average
accuracy of LwM, ICICLE, RRR, and EPR on Split-CUB-200 (10 tasks, CIL).
Results for LwM, ICICLE, and the finetune baseline are taken from Rymarczyk
et al. (2023), while results for EPR and RRR are taken from Saha and

Roy (2023b), to guarantee similar experimental setups when possible.

trained on N base classes. This is done using a combination of
a classification loss L, to allow M, to learn the new classes, a
distillation loss L, to account for shared visual semantics be-
tween the new and old classes, and a XAlI-informed distillation
loss L;,, to more explicitly discourage drastic representation
changes. Given an input image belonging to one of the new
classes I, Qf”_’i and Qf"’c are the vectorized attention maps of
length [ generated by M,_, and M,, respectively. Let b be the top
base class predicted by M, for I,,, the attention distillation is com-
puted as:

. 7.b 7.b
Y AT
LwM — Z Tob 1 b
=Rl Qe Hla ff;

that is, as the sum of element wise L1 difference of the normal-
ized, vectorized attention maps. This method requires storing
parameters of both teacher and student models and is computa-
tionally expensive due to the need to compute saliency maps for
all training images.

While the presented works use post hoc explainability meth-
ods, interpretable class-incremental learning (ICICLE)
Rymarczyk et al. (2023) adapts ProtoPNet (Chen et al. 2019), a
self-interpretable network, to the CIL scenario. To prevent for-
getting, ICICLE uses an XAI-based similarity distillation loss to
minimize changes in prototype similarities:

H

w
Liciere = Z Z |sim<pt_1,z£].) —Sim<Pt,ZitJ> | =Sy

i=0 j=0

where sim(p“l,zfj> is computed for the model stored before

training task t and S is a binary mask representing the y quantile
of the pixels with the highest similarity. Similarity is computed

as sim(p;,z;) = log%, with 5 < 1. Additionally, ICICLE
equalizes logits of djifferzent tasks to reduce task recency bias.
This approach outperforms LwM and other standard methods,
like EWC (Kirkpatrick et al. 2016) and LwF (Li and Hoiem 2016),
while reducing the explanation drift. Variants like ProtoPool
(Rymarczyk et al. 2022) could further reduce memory needs by

sharing prototypes among classes.

Table 6b reports results for LwM, ICICLE, RRR, and EPR on Split-
CUB-200 in the CIL scenario. LwM provides the lowest improve-
ment over the finetune baseline, while ICICLE nearly doubles
performance by leveraging self-explainable prototypes and no re-
play buffer. Replay-based approaches further improve results: RRR
outperforms ICICLE, but at the cost of doubling memory require-
ments, since it must store both raw images and saliency maps. EPR
achieves the highest accuracy overall (73.5 % with buffer size 170),
confirming that storing only salient patches offers an effective bal-
ance between interpretability and efficiency. Importantly, these
differences reveal trade-offs across methods: regularization-only
approaches like LwM scale poorly, prototype-based methods like
ICICLE improve stability but are still limited, and replay-based
approaches that integrate explanations (EPR, RRR) currently
dominate in both accuracy and memory efficiency. An interesting
future research direction would be to combine ICICLE with patch-
based experience replay, similarly to EPR, to leverage the advan-
tages of both approaches.

To avoid storing information about old tasks, the authors of
Mazumder et al. (2023) propose a fully regularization-based
method, XAI-Increment (XAI-I), for ITL. XAI-I performs multi-
ple training passes, computes LIME (Ribeiro et al. 2016) expla-
nations for the true and predicted classes of wrongly predicted
samples, and augments the training set with these samples.
Then, XAI-I uses a weighted loss, where weights are the dis-
tances between LIME explanations for the true and predicted
classes, focusing the model on features relevant to the correct
class and correcting wrong predictions.

Finally, among X AI-guided approaches, only one is applied to the
medical domain and focuses on image segmentation. Shape and
Semantics-based Selective Regularization (S3R) (Zhang et al. 2023)
uses shape-based and semantic-based importance weights for
selective regularization to avoid forgetting shape and semantic
knowledge. XAI allows the visualization of the relevant features
memorized in the identified weights. The proposed Importance
Activation Mapping (IAM) highlights regions in the input image
activated by weights with high importance scores. First, we need
to transform parameter importance into kernel importance as:

where Q; is the importance of parameter k in kernel j of layer
i. Then, we can compute a heatmap as the weighted sum of all
the feature channels in layer i and applying ReLU to clip the
negative values:
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method among the three that implements memory replay, by storing both raw images (# ,,,,
LwM give current task's data as input to the classification model, which outputs predictions used to compute GradCAM explanations. RRR computes
the regularization term Lggg, by comparing the produced explanations with those stored in . ggg. In a similar way, LwWM computes an attention dis-
tillation loss L;,,,,, by comparing the saliency maps for current task's data to the ones produced by a teacher model, trained on tasks 1,2, ... ,t —1,
after receiving the same inputs as the student model. In the case of ICICLE, instead, current task's data is passed to the encoder and then projected
into a prototypical part space by f,, followed by a sigmoid activation function. Subsequently, each image part is compared to the prototypical parts

of all tasks up to t by separate prototypical layers, which output similarity scores. These scores are used to compute the regularization term L5,

where sim( p'~1, 2! ) is computed for the model stored before training task t. The similarity scores are also passed to separate fully-connected tasks

ij

for each task to obtain a prediction that is used to compute the classification loss.

N,
S, = ReLU< 2 Q ~Aij>

j=1

with A; being the j — th feature channel in layer i. While S3R
does not directly use heatmaps to guide training, it analyzes
explanation drift and draws inspiration from cognitive neuro-
science theories, such as the dissociated shape-semantic per-
ception mechanism (Bracci and de Beeck 2015) and the cascade
neurobiological model (Fusi et al. 2005), enhancing the under-
standing of human brain mechanisms.

3.3.3 | Specialized Network Components

Instead of focusing on relevant data or features, the approaches
in this section identify critical network components to prevent
catastrophic forgetting, as suggested by Rauker et al. (2023).
Architecture-based methods, especially those relying on pa-
rameter specialization, benefit greatly from explainability.
Tjoa and Guan (2022) introduce the semi-quantized activa-
tion neural network (SQANN), a self-interpretable model
that adds a new neuron when an out-of-distribution sample
is encountered. This is achieved using a selective activation
function with three activation levels to guide neuron addition.
Relevance-based neural freezing (RNF), on the other hand,
(Ede et al. 2022) uses LRP (Bach et al. 2015) to compute impor-
tance scores for the network's units. Neurons are then ordered
by importance, and an iterative pruning procedure removes
the least relevant units. Once a threshold is reached (e.g.,
based on accuracy or available units), the remaining neurons
are frozen for subsequent tasks. As evident from the visual
summary in Figure 4, despite being effective, this approach
suffers from limited scalability, since the network saturates
early as the number of tasks grows. Similarly, it is unfeasible

to keep adding neurons to SQANN as more out-of-distribution
samples are encountered.

3.4 | Comparative Insights and Trade-Offs

When analyzed comparatively, the presented approaches reveal
consistent trade-offs in memory footprint, scalability, reliance
on attribution quality, and explanation stability. In this section,
we analyze these trade-offs, together with failure modes and
limitations of the presented approaches.

3.4.1 | Memory Footprint

Replay-based approaches such as EPR (Saha and Roy 2023b),
SAMC (Bai et al. 2023), and ASER (Shim et al. 2021) require
explicit storage of data or features. Saliency-guided replay
can reduce the size of stored inputs (patches or masks), but
memory usage still grows with the number of tasks. RRR
(Ebrahimi et al. 2021), on the other hand, stores saliency maps
in addition to raw samples, thus doubling the memory demand.
Regularization-based methods like LwM (Dhar et al. 2019) and
architecture-based approaches, such as RNF (Ede et al. 2022)
and SQANN (Tjoa and Guan 2022), avoid storing data from
old tasks, but generally perform worse than replay-based ap-
proaches or suffer from limited scalability due to either model
saturation or capacity growth.

3.4.2 | Scalability

Replay methods are effective in small- to medium-scale bench-
marks (Split-MNIST, Split-CIFAR), but scale poorly with many
tasks or high-dimensional data, unless combined with strong
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FIGURE 4 | Visual summary of RNF (Ede et al. 2022). After each task training, LRP is used to compute relevance scores for the network's neu-

rons. Based on such scores, neurons are iteratively pruned starting from the least important ones until a certain threshold condition is reached. The

remaining neurons are then frozen and are not used for subsequent tasks to avoid impacting the performance of the old ones.

compression, like in EPR (Saha and Roy 2023b) or SAMC (Bai
et al. 2023). Regularization approaches scale better in terms
of memory but often require computing explanations at each
training step, which is expensive in large-scale or online CL.
Architecture-based methods do not scale well with the number
of tasks: RNF (Ede et al. 2022) saturates as neurons are pro-
gressively frozen, and SQANN (Tjoa and Guan 2022) grows un-
bounded with task diversity.

3.4.3 | Reliance on Explanation Quality

All surveyed approaches depend critically on the quality of ex-
planations. Saliency-guided methods, such as EPR (Saha and
Roy 2023b), SAMC (Bai et al. 2023), and LwM (Dhar et al. 2019),
assume that attribution maps highlight semantically relevant
features, but are vulnerable to explanation instability under
distributional shift. Prototype-based methods like ICICLE
(Rymarczyk et al. 2023), instead, embed explanations in their
prediction process, reducing the risk of post hoc instability
but at the expense of model flexibility and computational effi-
ciency, since new prototypes must be added or updated as tasks
accumulate. Replay-based strategies such as RRR (Ebrahimi
et al. 2021) offer a compromise by enforcing explanation consis-
tency over time, but they require substantial memory overhead
to store both data and saliency maps.

3.4.4 | Summary

Overall, replay-based methods are intuitive and effective but
face memory and scalability limits; regularization methods are
memory-efficient but computationally costly due to the need
for continuous explanation computation; and architecture-
based methods, despite not using external memory buffers,
risk saturation or unbounded growth. The choice of method
thus reflects a trade-off between resource availability (mem-
ory vs. compute vs. capacity) and the desired degree of ex-
planation stability. This comparative perspective shows both
the promise and the limitations of current XAI-guided CL
and motivates research into hybrid approaches that combine
selective replay, stability regularization, and lightweight self-
interpretable components while also addressing robustness
and causality.

3.5 | Limitations

Beyond these trade-offs, XAI-guided CL faces several foun-
dational challenges that limit its practical reliability. First,
explanations are often unstable under distributional shift: sa-
liency maps or prototypes for the same input can vary drasti-
cally when the model is fine-tuned on new tasks, making it
difficult to determine whether drift reflects meaningful adap-
tation or harmful forgetting. Second, most post hoc attribution
methods are non-causal: they highlight correlations in the
learned features rather than causal drivers of the prediction.
As a result, relying on such explanations to guide memory or
parameter selection risks amplifying spurious correlations
present in the data. Third, explanation signals themselves can
be volatile: gradients and relevance maps may change signifi-
cantly across training runs due to stochastic optimization, in-
troducing additional noise into the guidance process. The use
of self-interpretable models partially addresses these issues
by providing causal explanations that directly affect predic-
tions, which represent a more trustworthy driver of continual
learning.

4 | Future Directions

The application of XAI to CL is a relatively new research di-
rection with few papers, leaving much room for advancement.
Here, we outline some promising research lines.

4.1 | Task-Free Continual Learning and Few-Shot
Class-Incremental Learning

The goal of CL research is to design AI systems that can in-
crementally learn new skills by adapting to the surrounding
environment.

This requires considering task-free CL, where task identities
are unknown during training and testing. Prototype-based
networks could be used to automatically infer task identities
by leveraging similarities to the learned prototypes. Some
works have already attempted to do so by learning prototypi-
cal latent spaces through representation learning techniques.
For instance, Adel (2024) uses an auxiliary prototypical
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network (Snell et al. 2017) to ensure learning a latent space
in which classes belonging to all seen tasks are clearly dis-
tinguishable. If the prototypical network identifies the same
task as the most similar to the previous and current data
streams, the authors assume that there is no task change. In
this way, they manage to perform automatic identification
of task boundaries. However, prototypical networks do not
directly provide insights into why they make certain predic-
tions, which are crucial in critical applications, such as health-
care. Contrarily, prototype-based models (Chen et al. 2019;
Rymarczyk et al. 2022; Nauta et al. 2023), by learning inter-
pretable prototypes, allow a double benefit: generalization
and explainability. In particular, PIP-Net (Nauta et al. 2023)
can already recognize out-of-distribution data and, if applied
to CL scenarios, it would allow automatic task identification
without requiring additional assumptions.

Another big challenge in real-world applications, such as robot-
ics and healthcare, is limited data availability due to constraints
such as real-time requirements or privacy concerns. FSCIL re-
search addresses this by developing models that can learn new
tasks from a few samples. Ebrahimi et al. (2021) already demon-
strated that the use of XAl in this context allows leveraging the
knowledge about previous tasks to effectively and efficiently
learn new ones from a few samples. The use of self-interpretable
models could further enhance FSCIL by building semantically
meaningful latent spaces that allow faster learning of new tasks
based on previously acquired knowledge. We provide more de-
tails in the next section on self-interpretable models.

4.1.1 | Self-Interpretable Models

Most XAl-guided CL approaches leverage post hoc explainabil-
ity methods, thus needing an intermediate step between task
trainings to compute explanations. This is time- and computa-
tionally expensive and requires knowing when a task's training
ends. For this reason, post hoc explanations are unsuitable for
complex scenarios like OCL, BBCL, and FSCIL.

For instance, using a self-interpretable model for FSCIL would
allow us to exploit the learned prototypes, logic rules, or con-
cepts to learn a new task from a few samples by leveraging sim-
ilarities with previous tasks. In Figure 5, we consider a medical
image classification system trained to recognize various skin
conditions (e.g., melanoma, eczema, psoriasis). Initially, it learns
to classify a set of common conditions using a self-interpretable
model that builds prototypes (representative feature vectors) or
logic rules based on image features (color, texture, shape) and
metadata (e.g., patient age, location of the lesion). Then, when a
new and rare skin condition is discovered, with only a handful
of annotated images available, a self-interpretable model allows
comparing the new condition's samples with existing prototypes
(e.g., lesions with similar color patterns or shapes) or applying
existing logic rules (e.g., “If the lesion is asymmetrical and has
irregular borders, then it might be malignant”) to make prelim-
inary classifications. This similarity-based reasoning enables
faster and more reliable generalization from very few exam-
ples, while still being interpretable to dermatologists. Such an
approach enhances trust and adoption in high-stakes fields like
healthcare, where interpretability and data scarcity are both

critical. Continual learning is especially important because
medical data is often distributed over time, with new diseases,
imaging modalities, or diagnostic protocols continuously emerg-
ing. Unlike traditional XAI, which helps interpret a model's
decisions at a fixed point in time, XAI-guided CL supports ongo-
ing model adaptation while maintaining transparency. For ex-
ample, a model trained to detect common lung conditions from
chest X-rays may later need to incorporate knowledge about rare
or newly discovered diseases without retraining from scratch or
losing previous capabilities. Here, XAI can help identify which
visual concepts, such as texture anomalies or shape patterns, are
reused or modified during task transitions, enabling human ex-
perts to validate the learning process.

4.1.2 | Application Domains

All existing works propose methods to be used in image clas-
sification tasks, with the exception of SQANN (Tjoa and
Guan 2022), which works on tabular data. However, CF is com-
mon to all types of architectures and learning mechanisms, thus
creating the need for adapting the existing methods and devel-
oping new ones for other application domains, such as reinforce-
ment learning or graph data.

For example, Graph Concept Whitening (GCW) (Proietti
et al. 2024) is a technique used to turn a black-box graph neural
network into a self-interpretable model, and it was used in drug
discovery to disentangle and align latent representations with
human-interpretable chemical concepts, such as aromaticity or
polarity. In a continual learning setting, where new drug-related
tasks (e.g., predicting toxicity, solubility, or binding affinity)
are introduced over time, GCW might allow the model to pre-
serve and reuse the previously learned latent space where such
concepts are disentangled. For instance, if a model has already
learned a concept associated with non-polar groups influencing
solubility, it can leverage this to more quickly adapt to a new
task involving drug permeability, where similar features are
relevant. This interpretability-aware approach enhances both
transfer learning and the explainability and reliability of pre-
dictions, which are crucial in high-stakes domains like drug
development.

Future research should explore how concept-level alignment
across tasks can be visualized and tracked over time, how to
quantify the transferability of interpretable features, and how to
detect when new concepts are needed. Developing benchmarks
and evaluation protocols tailored to such dynamic, interpretable
settings would be key to advancing the field.

Another promising application domain is continual reinforce-
ment learning (CRL). RL represents indeed the most natural
application for CL, as agents typically interact with dynamic en-
vironments and must continuously adapt by learning new skills
(Khetarpal et al. 2022). Integrating self-interpretable models into
continual RL could enable agents to explicitly reason about their
decision-making processes, thereby improving their adaptability
and facilitating human oversight and validation, for instance via
human-understandable concepts (Dai et al. 2022). Nonetheless,
this approach faces open challenges, mostly related to the defi-
nition of stable and transferable concepts. Prototype-based
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Self-Interpretable model initially trained on common conditions

Eczema, melanoma,
psoriasis

Learned prototypes:

- Color: Uniform Pale or Pink Lesion

- Color: Dark lesion

- Texture: Scaly skin

- Texture: Smooth, Waxy Surface

- Shape: Symmetrical, Clearly Defined Borders

Melanoma
(97% probability)

\4

- Shape: Asymmetry

New rare condition emerges (few-shot scenario)

- Color & texture similar to eczema — Preliminary classification
as inflammatory/autoimmune condition.

- Texture highly similar to psoriasis (scaly surface) —
Preliminary classification within inflammatory or autoimmune

Dermatomyositis

> dermatological diseases.

- Moderate-high shape asymmetry similarity score, but color and
texture significantly differ from melanoma prototypes —

Lower malignancy suspicion, favoring
autoimmune/inflammatory diagnosis.

FIGURE 5 | Illustrative example of a self-interpretable prototype-based model applied to incremental medical diagnosis. The model builds

human-understandable prototypes from skin lesion images (e.g., color, texture, shape) and uses them to classify conditions such as melanoma or

eczema. When new and rare conditions appear, the model can relate them to previously learned prototypes, enabling faster generalization from few

samples while maintaining interpretability for clinicians. This example highlights how self-interpretable approaches can support CL in high-stakes

domains, where data are scarce, new tasks emerge over time, and transparency is critical for trust and adoption.

approaches might therefore be more suited in situations in which
concept selection is non-trivial. However, most of the current
prototype-based approaches are post hoc, as they are interpreta-
ble versions of pre-trained black-box agents (Ragodos et al. 2022;
Borzillo et al. 2023; Kenny et al. 2023).

Future work should try to develop methods that integrate pro-
totype learning directly into the training process, thus achiev-
ing intrinsic interpretability and reducing reliance on post hoc
explanations. Additionally, research should address how inter-
pretable RL agents can efficiently identify, refine, and merge
concepts across multiple tasks, particularly in complex or par-
tially observable environments. A seminal work in this area
is the one by Proietti et al. (2025), which leverages prototype-
based reasoning for automatic event-guided replay, shows
promise in the application of self-interpretable architectures
in CRL. Finally, designing metrics for assessing the stability
and adaptability of learned prototypes or concepts, along with
developing standardized evaluation benchmarks for interpre-
table CRL, would greatly facilitate progress in this domain.

4.1.3 | Open-Source Libraries

A recurring limitation in this area is the lack of standardized
implementations and benchmarks, which makes it difficult
to compare methods fairly. To facilitate progress, future work
should focus on unifying experimental setups and providing
open, reproducible frameworks. As a first step in this direction,
we have released XAI4CL, an open-source repository built on

top of Avalanche (Carta et al. 2023), which integrates several
XAl-guided CL methods within a common interface.?

Avalanche is a modular and extensible PyTorch-based library
tailored for CL, developed with a focus on reproducibility, scal-
ability, and ease of experimentation. It is structured around
five core modules: benchmarks, training, models, evaluation,
and logging, each supporting different stages of a CL pipeline.
The benchmark module facilitates the definition and manipu-
lation of CL scenarios. It provides both standard and custom
benchmarks by organizing data into streams and experiences,
representing sequential learning tasks. This enables the flex-
ible simulation of scenarios like TIL, CIL, and DIL learning.
The training module offers a suite of predefined strategies and
supports the construction of hybrid approaches by combining
multiple techniques. Central to this design is a plugin-based
architecture, which allows researchers to inject additional
behavior into training loops without modifying core strategy
implementations. In this context, we integrate XAI-guided CL
methods as strategy plugins implementing attribution-based
regularizers, replay buffers with saliency selection, or other
explanation-driven components which can be used with the
Naive baseline (i.e., standard sequential training), in combina-
tion with other compatible strategies (e.g., EWC). The model
module introduces support for dynamic architectures, allow-
ing the network structure to evolve over time, a key require-
ment in lifelong learning. Multi-head classifiers, progressive
networks, and other adaptive architectures are readily sup-
ported. For performance tracking, the evaluation module
includes an extensive set of metrics, ranging from accuracy
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to memory usage, and supports both standalone and plugin-
based usage. These metrics can be visualized or stored using
the logging module.

Finally, Avalanche's design philosophy emphasizes composabil-
ity. Strategies are built atop reusable templates, and the plugin
interface allows XAI components to seamlessly interact with in-
ternal states of the learning process, such as modifying the loss
function before each update or altering the data stream based on
explanation scores. This flexibility has been key in enabling our
unified implementation of XAI-guided CL methods within the
XAT4CL repository. Although still a work in progress, XAI4CL
encourages contributions and lays the foundation for more sys-
tematic empirical studies on XAI-guided CL.

4.1.4 | Study of the Causes of Forgetting

Toneva et al. (2019) study forgetting events in neural networks
trained on single image classification tasks. They show that the
memorability of input samples is independent of the architec-
ture and learning algorithm, and that (un)forgettability depends
on intrinsic properties of the samples.

Li et al. (2023) extend this analysis to CL settings using a visual
analytics framework. Using filter-wise input attributions, they
identify features causing sample misclassification. This work
represents an early example of how XAI can facilitate this type
of analysis. However, how new tasks interfere with previously
learned representations remains unclear. Are concepts repre-
sented within the network overwritten by new knowledge? If
learned concepts relevant to old tasks are preserved, are they
still correctly accessed or do the patterns of activations for old
tasks change? These are some of the intriguing questions XAI
could provide an answer for.

Another important question that remains open is whether expla-
nation drift is only detrimental to the model's performance on
old tasks. Driscoll et al. (2022) hypothesize that representational
drift is needed in the brain to correctly learn new information
and that forgetting is avoided by achieving a balance with oppo-
site mechanisms, such as memory replay, that allow preserving
old knowledge. It would be interesting to find a way to quan-
tify the correlation between performance drop and explanation
drift, and to understand whether explanation drift could be used
as an early indicator of catastrophic forgetting.

Understanding when and how forgetting occurs will indeed
help build robust shared representations, maintaining high
performance on old tasks while learning new ones efficiently.
Additionally, combining X AI techniques with metrics that identify
the most informative samples early in training (Paul et al. 2021)
can make the process faster and computationally cheaper.

4.1.5 | Bridging the Gap With Neuroscience

The brain has always been a source of inspiration for CL ap-
proaches because of its ability to learn continuously over a long
time span without ever forgetting catastrophically, in the ab-
sence of pathological conditions. Zhuang et al. (2022) present a

life-long visual learning benchmark containing continuous vi-
sual experiences from children over several years of their devel-
opment, captured from a naturalistic, first-person perspective.
Using such data, the authors evaluate the performance of several
ANNS trained sequentially on these video segments, reflecting
a human-like visual learning trajectory across developmental
timescales. Specifically, models are assessed on their ability to
continuously learn visual features without catastrophic forget-
ting, which is tested periodically through classification tasks
on MinilmageNet. The results showed that algorithms that
performed best on popular CL benchmarks were actually out-
performed by earlier approaches on this new benchmark. This
discrepancy was mainly due to newer algorithms' inability to
effectively leverage sparse and low-diversity visual experiences,
implying that mechanisms such as negative sampling are essen-
tial to emulate human-like continual learning.

Beyond highlighting performance differences, this benchmark
opens intriguing questions about representational alignment be-
tween BNNs and ANNSs. Indeed, there is currently an active area
of research studying the alignment between biological and artifi-
cial representations, aiming to enhance both the interpretability
and effectiveness of ANNs by drawing inspiration from BNNs,
and vice versa (Caucheteux and King 2022; Goldstein et al. 2022;
Cadieu et al. 2014; Toneva and Wehbe 2019). To the best of the
authors' knowledge, no existing work has explicitly explored this
alignment within continual learning scenarios. Employing XAI
methods in this context would enable researchers to identify rep-
resentational differences and commonalities between biological
and artificial systems, thus providing insights into the cognitive
mechanisms underlying continual learning in both cases.

5 | Conclusions

CL is an open problem in AI research. Although the literature
on the topic is wide, just a few methods exploit XAI. This work
surveys existing XAlI-guided CL approaches, organizing them
in a taxonomy based on what is explained (data, features, net-
work's components). We also provide open-source implemen-
tations of some of the presented approaches using Avalanche
(Carta et al. 2023), encouraging external contributions. Finally,
we present possible future lines of research to encourage further
research on the topic.
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