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Abstract—Continual Learning (CL) is essential in dynamic
environments, such as biodiversity monitoring, due to the contin-
uous emergence of new species or changes in their distribution
over time. A major challenge in CL is catastrophic forgetting,
where a model loses performance on previously learned classes as
it learns new ones. One common approach to mitigate this issue
is replay, in which samples from previous tasks are reintroduced
during training. We investigate how Active Learning (AL) can
improve replay strategies for the classification of plant species
in a class-incremental learning setting. Specifically, we compare
two AL-based sampling methods: selecting samples with the
lowest confidence and those with the highest confidence, with
a baseline random sampling strategy. The results show that
while all methods achieve similar final accuracy, AL-based strate-
gies significantly reduce catastrophic forgetting. High-confidence
sampling reduces forgetting by 11.9 percentage points, while
low-confidence sampling achieves a reduction of 9.2 percentage
points compared to random sampling. We apply CL in a real-
world scenario rather than a benchmark dataset, demonstrating
its practical relevance for dynamic and evolving environments.
Hence, our approach contributes to biodiversity monitoring, with
the potential to support the development of a biodiversity index
for tracking species diversity over time.

Index Terms—Continual Learning, Computer Vision, Active
Learning, Agriculture 4.0

I. INTRODUCTION

Continual Learning (CL) plays a crucial role in constantly
changing settings, such as ecosystems where new species
emerge over time. By enabling adaptive species classification,
CL can facilitate biodiversity tracking, helping to monitor
species distribution and population changes over time. This, in
turn, can support development of biodiversity indexes, provid-
ing a quantitative measure of ecosystem dynamics. Therefore,
effective monitoring of biodiversity is essential to detect new
species and assess their relationship with agricultural produc-
tion .

Machine Learning (ML) is increasingly used in biodiver-
sity monitoring to classify species through image or sound
recognition [1], [2]. Among ML techniques, Convolutional
Neural Networks (CNNs) have proven especially effective
for image classification tasks. However, when adapting pre-
trained CNN models to continuously learn new tasks or
recognise new species, these models often suffer catastrophic
forgetting [3]. This phenomenon refers to the deterioration or
loss of previously learned knowledge when new information is

introduced. Addressing this issue in CL would make intelligent
systems capable of continuously adapting without sacrificing
past performance.

Various strategies exist to improve the efficiency and ef-
fectiveness of ML models. One prominent method is Active
Learning (AL), which strategically selects the most relevant
data samples to train ML models. By doing so, AL reduces the
amount of training data required, thus reducing computational
energy consumption and lowering annotation efforts.

To mitigate catastrophic forgetting in CL, several techniques
have been proposed. A particularly effective strategy is replay
[4], which involves retaining and periodically revisiting pre-
viously learned data during training for new tasks. However,
not all data samples contribute equally to maintaining past
knowledge and improving future learning.

A promising approach to improve replay is AL. By pri-
oritising the most relevant data, AL selects the best samples
for replay, maximising knowledge retention. Recent works
have explored this intersection, including in language tasks
using benchmark datasets [5], [6], and in vision tasks using
CNNs with selective replay strategies [7]. However, these
methods rely heavily on benchmarks and focus mainly on low
confidence (uncertain) samples. In this work, we propose using
AL to select both low and high confidence samples for replay
when incrementally training CNNs to classify plant species
from images, enabling the model to adapt to new species while
retaining previously learned knowledge.

This paper is structured as follows: Section II introduces
the theoretical background on the key topics addressed, pro-
viding relevant examples. Section III introduces the method-
ology, evaluation metrics, and experimental design. Section
V presents and discusses the experimental results. Finally,
Section VI summarises the main conclusions and provides
directions for future research.

II. BACKGROUND

A. Continual Learning

Continual learning focuses on developing models that adapt
to new information without forgetting previously acquired
knowledge [8]. These adaptations may involve changes in
tasks, domains, or classes, requiring the model to learn in-
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crementally. To address these challenges, various approaches
have been proposed, which can be categorized as follows:

• Regularization strategies restrict learning to prevent
excessive changes in previously acquired knowledge.
They achieve this by limiting modifications to key model
parameters. Elastic Weight Consolidation (EWC) [9], a
notable approach, estimates parameter importance using
the Fisher Information Matrix. During new task learning,
the model is penalized for altering crucial parameters,
preserving past knowledge and reducing catastrophic for-
getting.

• Architectural strategies modify the model’s structure
to accommodate new tasks, either by dynamically ex-
panding the model or by assigning specific resources
to different tasks. An example is Progressive Neural
Networks (PNNs) [10], which add new branches to the
network for each task while preserving connections to
earlier layers.

• Replay strategies mitigate catastrophic forgetting by
maintaining access to past data and periodically retrain-
ing. These strategies reinforce previously learned knowl-
edge by interleaving past experiences with new ones
during training. Replay can be implemented in different
ways, such as storing raw data samples or generating
synthetic memories through generative models. A widely
used replay strategy is Experience Replay [11], which
maintains a memory buffer of past samples and rein-
troduces them during training. This approach, inspired
by reinforcement learning, allows the model to retain
information from previous tasks and adapt to new ones.

Continual learning can be broadly categorized into [12]:
• Task Incremental Learning. The model encounters

distinct tasks sequentially, with task identities provided
during inference. This allows the model to use task-
specific parameters or strategies to mitigate forgetting.

• Domain Incremental Learning. The task remains the
same, but the data distribution changes over time. The
model must adapt to these shifts without explicit knowl-
edge of the domain labels while maintaining performance
on previously seen data.

• Class Incremental Learning (CIL). The model learns
new classes over time without access to previous data and
must classify all classes, old and new, in a unified setting.
This is more challenging than Task Incremental Learning,
as task labels are unavailable. While regularization meth-
ods have been explored, replay-based strategies remain
more effective for mitigating catastrophic forgetting [4].

This work addresses a CIL scenario, focussing on replay
strategies combined with AL for selective memory retention,
aiming to improve efficiency by storing and revisiting only the
most informative samples.

B. Active Learning

Active learning is a ML approach that enhances model
training by selectively acquiring the most informative data

Fig. 1: Representation of Active Learning steps: an initial
batch of randomly selected data is labeled, enabling the
training of a classifier. The classifier then assigns labels to
the remaining unlabeled data, after which the most relevant
samples are selected, labeled, and the process is repeated.

samples. Instead of passively learning from a fixed dataset, AL
leverages a partially trained model to evaluate unlabeled data
and identify the most relevant samples, as illustrated in Figure
1. These selected samples are then labeled by a human expert
or a more robust model and incorporated into the training
process. This iterative cycle continues until the model reaches
a desired performance level.

Active learning is typically categorized into two main
approaches: stream-based and pool-based [13]. In the stream-
based approach, data arrives sequentially, and the model must
decide in real-time whether to request a label for each instance.
In contrast, the pool-based approach starts with a large set of
unlabeled samples, Du, and a smaller set of labeled ones, Dl,
allowing the model to query the most informative samples for
labeling.

Du = x1, x2, . . . , xn, (1)

Dl = (x→
1, y

→
1), (x

→
2, y

→
2), . . . , (x

→
m, y→m), (2)

where each y→i represents the label for the corresponding x→
i.

Initially, the model trains a classifier f0 using the labeled
dataset Dl. At each iteration t = 1, 2, . . . , T , the learner
employs the previously trained classifier ft↑1 to select an
instance xj from the unlabeled set Du, queries its label yj ,
and adds the labeled pair (xj , yj) to Dl. The updated dataset is
then used to train a new classifier ft. The goal is to maximize
accuracy while minimizing the number of labeled samples,
ensuring that ft generalizes to unseen data.

In this work, instead of immediately training on classified
unlabeled data, we use AL to select the most informative
samples for future training iterations. This strategy ensures that
revisited data contributes to mitigate catastrophic forgetting,
improving long-term model performance.

III. METHODOLOGY

While many CL studies focus on benchmark datasets,
this study evaluates replay strategies in real-world scenarios.
Specifically, our goal is to develop a model for classification of
plant species in a class-incremental setting, where new species
may emerge over time or existing species undergo variations.
The model must continuously adapt to these changes while
preserving previously acquired knowledge, ensuring robust-
ness against catastrophic forgetting.
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A. Proposed approach
Our objective is to minimize catastrophic forgetting [14]

while the model learns new classes. To achieve this, we train
the model sequentially, where at each iteration i, a classifier
fi is trained using data from si, where i → [1,↑[. Each subset
si consists of samples from a specific set of classes Ci, such
that:

si = {xj | xj → Ci}, (3)

where Ci represents the set of classes assigned to stream si.
To ensure that classes do not repeat across different streams,
we enforce the constraint:

sl ↓ Ci = ↔, ↗l ↘= i. (4)

This ensures that each class appears in exactly one subset si,
preventing class overlap across training streams and enforcing
a strict-class incremental leaning setup.

1) Forgetting Measure: Forgetting refers to the decline in
accuracy on previously learned data after training on new data.
More formally, it can be quantified by measuring the difference
in accuracy for the same data stream across successive training
iterations.

To measure Forgetting for si, we evaluate the classifier’s
performance on si across different iterations. Specifically, for
any iteration j > i, the forgetting measure for si at iteration
j, denoted as FMj,si , is defined as:

FMj,si = max
k↓j

A(fk, si)≃A(fj , si), (5)

where:
• A(fk, si) represents the accuracy of the classifier fk on

si at any past iteration k ⇐ j.
• maxk↓j A(fk, si) is the highest accuracy achieved in si

before iteration j.
• A(fj , si) is classifier’s fj accuracy in si at iteration j.

A higher FMj,si value indicates greater forgetting, implying
a significant decline in the model’s performance on si after
learning new tasks. Our goal is to minimize FM to enhance
knowledge retention across training iterations.

2) Actively Selecting Training Data: Figure 2 illustrates the
process of an iteration i in our proposed approach. To mini-
mize forgetting using replay strategies, in each iteration, we
incorporate samples from previous data streams to reinforce
past knowledge. Specifically, at each iteration i, the classifier
fi is trained not only on si but also on selected samples from
previous streams sj , where j < i.

We investigate the impact of different sampling strategies to
select replay samples from sj . In particular, we test two main
scenarios: Random Sampling and Active Learning Sampling,
where the objective is to identify relevant samples to be
revisited in later iterations.

There are several ways to determine the relevant samples.
Typically, AL selects samples with the lowest confidence
predictions as the most relevant [15], [16]. Since the CNN
classifier layer outputs a confidence score for each class, a

Fig. 2: Illustration of the training process for classifier fi.
In each iteration i, the model is trained using data from
the current dataset si along with selected samples from all
previous datasets sj for j < i. This replay mechanism helps
mitigate catastrophic forgetting by reinforcing past knowledge
while learning new tasks.

sample can be considered more relevant than another if the
confidence score for its predicted class is lower.

The most common approach in AL is to select the least
confident samples, denoted F↑(fi, si). However, choosing
samples with the lowest confidence of si can pose challenges
when learning si+1, as these samples could be difficult for the
model to generalise. To explore this further, we also test high-
confidence selection, F+(fi, si), under the hypothesis that it
may affect FM . As a baseline, we include random sampling
F rand(si), which selects samples uniformly at random.

To formally define these selection strategies:
• Random sampling: Selecting a proportion ω of the

samples uniformly at random from si:

F rand(si) = {x ⇒ si | x random, |F rand(si)| = ω · |si|}

• Relevant sampling:
– Low-confidence selection: Selecting a proportion ω

of samples from si with the lowest confidence scores:

F↑(si) = {x → si | ε(fi, x) ⇐ εω}

where ε(fi, x) represents the confidence score as-
signed by the classifier fi to sample x. The threshold
εω is set such that the total number of selected
samples satisfies:

|F↑(si)| = ω · |si|

– High-confidence selection: Selecting a proportion
ω of samples from si with the highest confidence
scores:

F+(si) = {x → si | ε(fi, x) ⇑ εω}

where εω is set dynamically so that:

|F+(si)| = ω · |si|

This evaluation allows us to compare how different sam-
pling strategies affect both knowledge retention (minimizing
forgetting) and generalization to new tasks in a continual
learning setting.
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IV. EXPERIMENTAL SETUP

A. Problem Definition

We aim to develop a model to classify plant species, or
at least genus taxonomic level, that may appear in a specific
region of Portugal, based on a list of the most common species
in the region. However, this list may be updated over time due
to the dynamic nature of ecosystems. Given these evolving
conditions, CL is a well-suited approach, as it enables the
model to adapt to new species as they emerge.

Beyond classification, this approach also contributes to
biodiversity tracking, allowing for the continuous monitoring
of species diversity. By capturing species variations over time,
CL-based classification could aid in the development of a
biodiversity index, providing a quantitative measure of ecosys-
tem changes and supporting conservation and agricultural
management efforts.

B. Dataset

From a list of 105 emerging plant species in a region
of Portugal, we collected image data from the iNaturalist
app [17]. As a proof of concept, we first experiment with
a small subset of the dataset before scaling to the full dataset.
Based on this, we selected the 10 classes with the highest
number of images. Furthermore, to ensure a balanced and
computationally feasible dataset, the number of images per
class was reduced to 50%. The selected classes and their
corresponding image counts are as follows:

• Trifolium (716 images)
• Quercus (447 images)
• Bromus (427 images)
• Papaver (375 images)
• Glebionis (311 images)

• Anchusa (300 images)
• Sonchus (298 images)
• Bellardia (298 images)
• Cistus (298 images)
• Plantago (298 images)

The dataset of 3768 images was randomly divided into three
subsets: 60% for training, 20% for validation, and 20% for
testing. Figure 3 presents sample images from the dataset.

(a) Trifolium (b) Quercus (c) Bromus (d) Papaver (e) Glebionis

(f) Anchusa (g) Sonchus (h) Bellardia (i) Cistus (j) Plantago

Fig. 3: Example images for each class in the dataset, that show
the visual diversity of plant species used in the study.

C. Preliminary Experiments
For our study, we use CNNs for image classification. To

determine the most effective architecture for our dataset,
we conducted preliminary experiments evaluating multiple
models. The results showed that RegNet [18], specifically
REGNETY-800MF pre-trained on ImageNet, achieved the
highest accuracy and was therefore selected as the architecture
for our study.

V. RESULTS AND DISCUSSION

Since our main dataset consists of 10 classes, we predefined
10 streams:

s = {s0, s1, . . . , s9}

Each stream contains exactly one class, and the 10 classes
were randomly assigned in these streams.

A model f0 was first trained from scratch on s0 and then
incrementally trained on each si using the previous model
fi↑1 for every i > 0. Each stream was divided into three sets:
training, validation, and testing.

Each training iteration lasted for 6 epochs, using a batch
size of 16, an image size of 898, and a replay rate of 35% per
stream.

After training each fi on si, the model was evaluated on
all test sets from sj for j ⇐ i. This allowed us to measure
accuracy across previously learned streams and compute the
forgetting measure (FM ) at each iteration for each stream.

To account for randomness in the class distribution between
streams, we repeated the experiment 10 times using different
random seeds.

The focus of this study was the replay strategy. Therefore, a
setup without replay was not conducted. Furthermore, prelim-
inary experiments showed that without any CL strategy, the
model failed to retain the knowledge from previous classes,
making this setup uninformative for further analysis.

A. Accuracy Results

TABLE I: Average accuracy results over 10 runs: Performance
of each classifier fi on the test set of each stream si using
the replay strategy F rand (Random sampling). The highest
accuracy per stream is highlighted in bold.

fi
Random sampling (F rand)

s0 s1 s2 s3 s4 s5 s6 s7 s8 s9

f0 100.0
f1 42.9 63.4
f2 19.5 35.3 65.8
f3 22.0 13.9 29.3 66.7
f4 12.7 11.3 21.2 12.5 72.6
f5 13.9 16.2 20.4 4.4 10.0 75.7
f6 16.4 5.3 10.7 14.3 10.7 17.6 73.4
f7 6.3 8.2 8.3 8.5 13.5 11.9 2.0 83.2
f8 11.2 1.5 9.7 11.0 10.0 14.8 8.1 25.8 60.6
f9 2.8 1.8 4.3 7.8 10.1 6.6 9.0 31.1 18.0 50.6

Table I presents the baseline scenario, where replay samples
are selected randomly, while Table II aggregates the results
for both AL strategies, where samples are chosen based on
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TABLE II: Average accuracy results over 10 runs: Performance of each classifier fi on the test set of each stream si using the
replay strategies F+ (Active Learning with High-Confidence Sampling) and F↑ (Active Learning with Low-Confidence
Sampling). The highest accuracy per stream is highlighted in bold, and background colors indicate relative performance
compared to Random Sampling (GREEN means AL performed better, RED means worse).

fi
High-Confidence Sampling (F+) Low-Confidence Sampling (F→)

s0 s1 s2 s3 s4 s5 s6 s7 s8 s9 s0 s1 s2 s3 s4 s5 s6 s7 s8 s9

f0 100.0 100.0
f1 52.6 58.5 58.1 50.2
f2 33.8 34.8 65.3 31.9 19.0 72.5
f3 29.5 30.6 40.1 33.8 21.9 14.2 52.3 35.7
f4 23.1 12.0 18.6 21.8 66.1 9.0 11.4 21.3 9.2 70.0
f5 20.2 12.3 30.2 14.3 23.3 46.3 11.5 9.0 20.4 4.8 25.7 48.7
f6 15.8 8.6 26.6 21.5 15.3 12.8 61.4 11.5 9.7 20.4 12.6 22.2 6.3 61.7
f7 10.7 5.6 13.6 21.4 12.7 20.8 11.3 67.1 19.9 3.2 10.1 9.7 21.0 1.6 14.2 66.8
f8 14.4 4.4 10.1 8.0 19.0 9.7 9.3 13.4 60.5 14.8 1.5 7.5 10.1 18.8 5.9 11.9 16.9 58.7
f9 10.8 1.7 4.2 8.0 9.7 17.0 24.2 13.1 30.0 56.4 10.2 2.0 3.5 2.9 12.1 8.8 18.6 33.6 9.1 51.6

confidence levels. In Table II, background colors indicate the
comparison with random sampling: green represents cases
where AL resulted in higher accuracy, while red indicates
lower accuracy compared to the baseline.

Each table shows the accuracy results for each stream si
after being trained in each classifier fj for j >= i. As
expected, the highest accuracy for each stream si, highlighted
in bold, was achieved immediately after fi was trained in all
scenarios. After each subsequent fj for j > i, performance in
the test set of si declines, although some knowledge is retained
due to the replay mechanism.

Although the highest accuracy achieved in each si is
generally higher in the random sampling scenario than in
the high-confidence scenario, and in almost every si of the
low-confidence scenario, it is noticeable that there are more
green values in both the high-confidence and low-confidence
scenarios. This indicates that in later iterations, the accuracy is
often higher than in random sampling. In other words, random
sampling initially achieves better accuracy, but quickly loses
to the AL sampling strategies as training progresses.

Each scenario consists of 55 measured accuracies: 10 for
s0, 9 for s1, etc., allowing 55 pairwise comparisons between
different replay strategies.

To determine whether there were significant differences be-
tween the methods, we performed a paired t-test comparing the
mean accuracy differences in the 55 comparisons. The results
indicate that although high confidence selection outperformed
random sampling by an average of 1.8 percentage points and
low confidence selection underperformed by 0.5 percentage
points, neither difference was statistically significant. At a 95%
confidence level with 54 degrees of freedom (df = 54), both
comparisons failed to reject the null hypothesis.

These results suggest that, while high-confidence selection
performed slightly better on average than random sampling,
there is no strong statistical evidence to conclude that one
replay strategy is significantly superior to another.

B. Catastrophic Forgetting Results

Table III presents the baseline scenario, in which forgetting
(FM ) is measured when replay samples are selected ran-

TABLE III: Forgetting values (FM ) for Random Sampling
across 10 runs.

fi
Random sampling (F rand)

s0 s1 s2 s3 s4 s5 s6 s7 s8 s9

f0 0.0
f1 57.1 0.0
f2 80.5 28.0 0.0
f3 78.0 49.5 36.6 0.0
f4 87.3 52.1 44.6 54.2 0.0
f5 86.1 47.2 45.4 62.3 62.6 0.0
f6 83.6 58.1 55.1 52.4 61.9 58.1 0.0
f7 93.7 55.2 57.5 58.2 59.1 63.7 71.4 0.0
f8 88.8 61.9 56.2 55.7 62.6 60.9 65.3 57.4 0.0
f9 97.2 61.5 61.6 58.9 62.5 69.0 64.4 52.0 42.6 0.0

domly. Table IV aggregates the results for both AL strategies,
where replay samples are selected based on confidence levels.

In Table IV, background colours indicate the comparison
with the baseline: Green represents cases where AL resulted in
less forgetting, while red indicates greater forgetting compared
to random sampling.

Across all scenarios, later iterations consistently introduce
forgetting, meaning that the model gradually loses perfor-
mance in classifying older classes as it learns new ones.

Given the amount of green values in both AL scenarios,
it is reasonable to assume that AL sampling helps mitigate
forgetting compared to random selection of replay samples.

Specifically, in the high confidence scenario, it outper-
formed random sampling in 42 cases, underperformed in
3 cases, and matched forgetting in 10 cases. On average,
forgetting was reduced by 11.9 percentage points. A paired
t-test confirmed this intuition by rejecting the null hypothesis
at a 95% confidence level with df = 54.

Regarding the low-confidence scenario, it outperformed
random sampling in 34 cases, underperformed in 11 cases,
and matched forgetting in 10 cases. The average reduce in
forgetting was 9.2 percentage points across the 55 measure-
ments. The null hypothesis was also rejected under the same
conditions.

VI. CONCLUSION AND FUTURE WORK

Continual learning is particularly relevant in dynamic en-
vironments, such as species classification in ecosystems. In
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TABLE IV: Forgetting values (FM ) for Active Learning with High-Confidence Sampling and Active Learning with Low-
Confidence Sampling across 10 runs. GREEN values indicate greater forgetting in Random Sampling, while RED values
indicate less forgetting in Random Sampling.

fi
High-Confidence Sampling (F+) Low-Confidence Sampling (F→)

s0 s1 s2 s3 s4 s5 s6 s7 s8 s9 s0 s1 s2 s3 s4 s5 s6 s7 s8 s9

f0 0.0 0.0
f1 47.4 0.0 41.9 0.0
f2 66.2 23.8 0.0 68.1 31.1 0.0
f3 70.5 27.9 25.2 0.0 78.1 35.9 20.2 0.0
f4 76.9 46.5 46.8 12.0 0.0 91.0 38.7 51.2 26.5 0.0
f5 79.8 46.2 35.1 19.5 42.8 0.0 88.5 41.2 52.1 30.8 44.3 0.0
f6 84.2 49.9 38.7 12.3 50.8 33.5 0.0 88.5 40.5 52.1 23.1 47.9 42.4 0.0
f7 89.3 53.0 51.7 12.4 53.3 25.6 50.1 0.0 80.1 46.9 62.4 26.0 49.0 47.2 47.5 0.0
f8 85.6 54.1 55.2 25.8 47.1 36.6 52.1 53.6 0.0 85.2 48.6 65.0 25.6 51.2 42.9 49.8 49.9 0.0
f9 89.2 56.8 61.1 25.8 56.4 29.3 37.2 53.9 30.6 0.0 89.8 48.1 69.0 32.8 57.9 40.0 43.1 33.2 49.5 0.0

this study, we explored replay strategies to mitigate catas-
trophic forgetting in plant species classification under a class-
incremental learning problem setting, where new species are
introduced and learned sequentially over time. When a model
learns a new class, it experiences catastrophic forgetting,
leading to a decline in performance on previously learned
classes. To mitigate this, we reintroduce samples from past
tasks, which can be selected randomly or based on a specific
fitness function.

We used active learning to select the most relevant samples
for replay. Specifically, we evaluated two AL strategies: se-
lecting the samples with the lowest confidence and those with
the highest confidence as predicted by the model. We then
compared these strategies against random sampling for replay.

The results showed no significant difference in model
accuracy. However, both AL-based strategies led to a no-
table reduction in catastrophic forgetting. Specifically, high-
confidence sampling reduced forgetting by 11.9 percentage
points, while low-confidence sampling achieved a reduction
of 9.2 percentage points.

A key strength of this study is its application in a real-
world scenario rather than on benchmark datasets. While this
presents unique challenges, it also provides valuable insights
into the practical implementation of continual learning for
dynamic and evolving environments. Moreover, by facilitating
the tracking of species over time, this approach supports the
development of a biodiversity index, which could help quantify
ecosystem changes and inform conservation and agricultural
management strategies.

Future work will focus on scaling the experiment to the full
105-class dataset, increasing the number of training epochs,
adjusting the replay rate, and refining the methodology. A key
direction for improvement is the integration of multimodal
learning, where additional data modalities, such as acoustic
signals, could complement image-based classification for dif-
ferent living organisms. Other continual learning strategies,
as regularization methods, should be explored, as standalone
approaches or with replay, to further mitigate forgetting.
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