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Abstract
Continual learning (CL) is one of the most promising trends in recent machine learning 
research. Its goal is to go beyond classical assumptions in machine learning and develop 
models and learning strategies that present high robustness in dynamic environments. This 
goal is realized by designing strategies that simultaneously foster the incorporation of new 
knowledge while avoiding forgetting past knowledge. The landscape of CL research is 
fragmented into several learning evaluation protocols, comprising different learning tasks, 
datasets, and evaluation metrics. Additionally, the benchmarks adopted so far are still dis-
tant from the complexity of real-world scenarios, and are usually tailored to highlight capa-
bilities specific to certain strategies. In such a landscape, it is hard to clearly and objec-
tively assess models and strategies. In this work, we fill this gap for CL on image data by 
introducing two novel CL benchmarks that involve multiple heterogeneous tasks from six 
image datasets, with varying levels of complexity and quality. Our aim is to fairly evaluate 
current state-of-the-art CL strategies on a common ground that is closer to complex real-
world scenarios. We additionally structure our benchmarks so that tasks are presented in 
increasing and decreasing order of complexity—according to a curriculum—in order to 
evaluate if current CL models are able to exploit structure across tasks. We devote particu-
lar emphasis to providing the CL community with a rigorous and reproducible evaluation 
protocol for measuring the ability of a model to generalize and not to forget while learn-
ing. Furthermore, we provide an extensive experimental evaluation showing that popular 
CL strategies, when challenged with our proposed benchmarks, yield sub-par performance, 
high levels of forgetting, and present a limited ability to effectively leverage curriculum 
task ordering. We believe that these results highlight the need for rigorous comparisons in 
future CL works as well as pave the way to design new CL strategies that are able to deal 
with more complex scenarios.
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1  Introduction

Continual Learning (CL), also known as Lifelong Learning, is a promising learning para-
digm to design models that have to learn how to perform multiple tasks across different 
environments over their lifetime (Parisi et al., 2019).1 Ideal CL models in the real world 
should be able to quickly adapt to new environments and tasks while perfectly retaining 
what they learned in the past, thus only increasing, and not decreasing, their performance 
as they experience more tasks. In practice, this is quite challenging due to the hardness 
of generalizing from one environment to another when there is a huge distribution shift 
between them (Cano & Krawczyk, 2022; David Lopez-Paz, 2017; Krawczyk, 2021; Li & 
Hoiem, 2017), and to the fact that models tend to (sometimes catastrophically) forget what 
they learned for previous tasks.

The great attention around this paradigm has brought many communities to focus on 
how to address these challenges, including reinforcement learning (Abel et al., 2018; Baker 
et al., 2023) and anomaly detection (Corizzo et al., 2022; Faber et al., 2022b). It is notewor-
thy that significant efforts in CL have been devoted to computer vision, leading to a large 
number of proposed models (Aljundi et al., 2018a; Chaudhry et al., 2019; David Lopez-
Paz, 2017; Hihn & Braun, 2022; Kang et al., 2022; Li & Hoiem, 2017; Rolnick et al., 2019; 
Zenke et al., 2017), where the most common task is to learn models that can classify dif-
ferent kinds of images while preventing catastrophic forgetting or quickly adapting to new 
image classes or image datasets. Every new model has been evaluated in a slightly dif-
ferent setting – using a different dataset, evaluation metrics and learning protocols—thus 
generating a number of CL learning and evaluation schemes. The result is that the bench-
mark panorama of CL in computer vision is quite fragmented, and therefore it has become 
tougher to measure catastrophic forgetting and domain adaptation in a fair and homogene-
ous way for the many CL models we have in the literature these days. Furthermore, all 
previous evaluation protocols are designed to highlight some specific model characteristics 
and, as such, are generally over-simplified w.r.t. real-world data (Cossu et al., 2022).

For example, one of the most popular evaluation protocols for CL models in computer 
vision is to design different tasks to classify different (subsets of the) classes of a single 
dataset (Lange et al., 2022; Van de Ven & Tolias, 2019). The most prominent example is 
splitMNIST in which the 10 digits from MNIST (Cun) are (usually) divided into 5 tasks 
consisting of 2 digits each. Similar approaches are proposed for CIFAR10 (Krizhevsky, 
2009), and TinyImagenet (Le & Yang, 1998). Other datasets, such as Continuous Object 
Recognition (CORe50) (Lomonaco & Maltoni, 2017), specifically designed for CL, still 
make the same assumptions to generate tasks. Clearly, these protocols are not suited to 
detect distribution shifts due to the high inter-task similarity. Consequently, catastrophic 
forgetting is much easier to prevent in these cases. Therefore the reported metrics for mod-
els evaluated in this way can be overly optimistic.

To deal with domain shifts, researchers have recently started to sample tasks from two 
different datasets. For instance, David Lopez-Paz (2017) proposed to train and evaluate a 
model on Imagenet first and then challenge its performance on the Places365 dataset. Li 
and Hoiem (2017) considers more scenarios, starting with Imagenet or Places365, and then 
moving on to the VOC/CUB/Scenes datasets. Few works propose more advanced scenarios 
built on top of more than two datasets. The two most prominent examples are the so-called 

1  To uniform the language and enhance the readability of the paper we adopt the unique term continual 
learning (CL).
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5-datasets (Ebrahimi et  al., 2020) and RecogSeq (Aljundi et  al., 2018b), which provide 
models with more challenging scenarios than previous attempts, increasing the number of 
considered datasets to 5 and 8, respectively. Unfortunately, those datasets provide a similar 
task complexity due to the limited differences across datasets. Furthermore, when different 
datasets are employed, it is important to “calibrate the meaning” of the employed metrics, 
taking into account the number of classes involved in each task.

Despite all this progress, we argue that there is still not a robust and standardized 
evaluation benchmark for the many CL models in the literature. We argue that a modern 
benchmark for CL should provide the following aspects. First, multiple heterogeneous 
tasks that do not restrict to a single set of concepts, e.g., digits in MNIST or SVHN or 
naturalistic images as in Imagenet or CIFAR10. Second, a varying quality and com-
plexity of the tasks, e.g., alternating from black and white (B &W) to RGB images and 
vice-versa, considering different image sizes, and a number of concepts. Third, a way 
to systematically evaluate if learning on a curriculum of task complexities help with 
domain generalization and catastrophic forgetting. For example, evaluating if a model 
trained on B &W digits can better generalize to B &W letters and then to RGB digits 
and letters, or if learning them in the inverse order is more beneficial. Fourth, a rigor-
ous way to measure generalization and forgetting in terms of modern backward and 
forward transfer metrics Díaz-Rodríguez et  al. (2018) in a number of different evalu-
ation scenarios, i.e., when classes or tasks are introduced incrementally (Van  de Ven 
& Tolias, 2019). Lastly, all results should be exactly reproducible out-of-the-box. We 
argue that all the previous CL works discussed above do not consider one or more of 
these criteria, as highlighted in Table 1. In addition to the five desiderata, we also cover 
both class and task-incremental learning settings, which is not usually the case for other 
surveyed works. In this paper, we aim to overcome these limitations.

Specifically, the contributions of the paper are as follows:

•	 We propose a set of benchmarks built on 6 image datasets ordered in a curriculum 
of complexity—from MNIST to TinyImageNet (M2I) and back from TinyImageNet to 
MNIST (I2M)—that simultaneously satisfies all the above desiderata. These bench-
marks have varying task complexity, starting with simple digits and going to com-
plex naturalistic images and vice versa (see Fig. 1);

•	 We provide an exhaustive experimental evaluation including 10 state-of-the-art con-
tinual learning methods, covering the key categories of approach (architectural, reg-
ularization, and rehearsal) in both class and task-incremental settings, which natu-

Table 1   Benchmarks comparison considering only multi-dataset benchmarks

Columns refer to: (i) supporting multiple heterogeneous tasks; (ii) varying task complexity and quality; (iii) 
evaluating curriculum strategies; (iv) rigorous way to measure generalization and forgetting; and (v) exactly 
reproducible out-of-the-box. In addition, we consider the coverage of class (CI) and task-incremental (TI) 
learning settings. The symbols have the following meaning: —criterion is covered; —criterion is cov-
ered at some part or with some limitations; —criterion is not covered at all
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rally fit our multi-task curriculum learning scenario, and evaluating results using the 
most recent metrics adopted in the continual and lifelong learning community.

2 � Background

2.1 � CL scenario types

A wide range of scenarios was designed and discussed in recent studies to design effective 
CL models while trying to reflect real-world challenges. In image classification, two main 
scenarios are the most widely adopted: (i) task-incremental (De Lange et al., 2021) and 
(ii) class-incremental (Belouadah et al., 2021). In both scenarios, the model has to learn 
new tasks, which are presented sequentially. Each incoming task provides the model with 
new, previously unseen classes, that need to be incorporated.

A common characteristic for both mentioned scenarios is the availability of task bound-
aries, which make the CL method aware that a new task is presented. The most relevant 
difference between the two scenarios is the availability of task labels, which provide the 
model with additional information on which task is being processed at the moment, during 
both training and inference. Specifically, a task-incremental scenario assumes the availabil-
ity of task labels, whereas in class incremental learning, this information is not available.

It is worth stressing that the same data presented in different types of scenarios 
can yield significantly different results, since certain CL methods may be tailored 
for task-incremental scenarios, and as such the exploitation of task labels improve their 

Fig. 1   The Proposed M2I and I2M continual learning benchmarks. There are 6 different tasks, each sam-
pled from a different dataset: MNIST (Cun), OMNIGLOT (Lake et al., 2015), Fashion MNIST (Xiao et al., 
2017), SVHN (Netzer et al., 2011), CIFAR10 (Krizhevsky, 2009) and TinyImageNet (Le & Yang, 1998). 
Tasks are organized in two curriculum ordering, from simple to harder (left to right) and backward (right to 
left). Every task sports 10 classes, as to make the performance metric meaning intuitive and faithful
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performance, while they may significantly suffer in class-incremental scenarios, where this 
information is not available.

The most widely adopted benchmark for class and task-incremental scenarios is split-
MNIST (Kirkpatrick et al., 2016) consisting of 5 tasks. It leverages the original MNIST, 
separating it into five tasks, each containing two digits. In this class-incremental scenario, 
the model is not aware of what the current task is. It is only aware of the fact that it encoun-
tered a new task and needs to adjust itself. During the testing phase, the model is also not 
informed about which set of digits is currently provided, so the model has to classify one 
of the ten classes (digits 0-9). On the other hand, in the task-incremental variant of split-
MNIST, the model is aware of which task is currently being presented, and only decides 
whether the image belongs to the first or the second class of the current task. This pre-
diction, combined with information about the current task id, leads to the specific digit 
prediction.

Less commonly, certain scenarios relax the assumptions of class and task-incremen-
tal scenarios. Authors in Lomonaco et  al. (2019) propose new scenarios that tackle the 
presentation of new training patterns of both known and unknown classes (New Instances 
and Classes - NIC), which include real-world challenges identified in some applications 
that were not considered before in continual learning scenarios. A recent trend in class-
incremental learning is to adopt the repetition of previously encountered concepts in the 
learning scenario, which softens the disruption of previous knowledge (Cossu et al., 2022). 
Another example of constraint relaxation is domain-incremental scenario (Baker et  al., 
2023), where new distributions of the same classes are presented over time, as well as task-
agnostic scenarios (Faber et al., 2022a, 2023), where neither task labels nor task boundaries 
are available, and reliance on external methods is necessary to detect task changes. Another 
interesting direction is that of online continual learning, which aims to learn directly from 
a data stream with shifting distribution (Carta et al., 2023; De Lange & Tuytelaars, 2021).

Overall, despite the widespread adoption of class-incremental and task-incremen-
tal settings, these studies highlight the opportunity for new continual learning scenarios 
that entail additional real-world complexities. Similarly, the same trend of extending CL 
towards challenging real-world conditions can be observed in studies that propose novel 
benchmarks/datasets.

The CLEAR benchmark Lin et  al. (2021) proposes scenarios with a natural temporal 
evolution of visual concepts, entailing challenges similar to domain incremental learning 
settings. Another recent benchmark named CLiMB (Srinivasan et al., 2022) puts empha-
sis on multi-modal data, evaluating candidate CL models and learning algorithms on their 
forgetting, knowledge transfer, as well as their downstream low-shot transfer capability on 
both multimodal and unimodal tasks. The LECO benchmark (Lin et al., 2022) addresses 
the problem of refinement to ontologies with text data in continual learning, introducing a 
new ontology of "fine" labels that describe specific concepts and refine old ontologies of 
"coarse" labels that describe general concepts (e.g., dog breeds that refine the previously 
observed dog). The work in Ghunaim et al. (2023) proposes a practical real-time evaluation 
of continual learning, in which the stream does not wait for the model to complete training 
before revealing the next data. The authors perform experiments with the CLOC dataset 
(Cai et al., 2021), which contains 39 million time-stamped images with geolocation labels. 
Authors in Marsocci and Scardapane (2023) propose a novel dataset in the remote sensing 
domain, built as a combination of three previously introduced datasets containing images 
from airborne, satellite, and drone sources.

From a CL scenario viewpoint, in our study, we adopt class-incremental and task-
incremental settings as they naturally fit the multi-task nature of our curriculum learning 
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scenario, where we are interested in assessing how effectively models incorporate diverse 
classes belonging to different datasets by increasing their difficulty over time. From a 
benchmark viewpoint, our work presents differences from the aforementioned studies. 
Specifically, differently than CLEAR and the studies in Ghunaim et al. (2023), Marsocci 
and Scardapane (2023), we attend to a multi-task overview where multiple heterogeneous 
datasets are analyzed, also resorting to a curriculum learning ordering of tasks. Moreover, 
unlike CLiMB, which puts emphasis on multi-modal data, and LECO, which analyzes tex-
tual data, our focus is strictly on the assessment of model longevity in the computer vision 
domain, which was not investigated before.

2.2 � CL strategies

From a broad perspective, CL strategies belong to three main groups: using regularization, 
dynamic architectures, and rehearsal (also known as experience replay). In this paper, we 
consider popular and largely adopted CL strategies. We now describe each strategy and the 
rationale for its adoption in the benchmarks.

Regularization strategies influence the model weights adjustment process that takes 
place during model training in the attempt to preserve knowledge of previously learned 
tasks. The regularization strategies considered include Elastic Weight Consolidation 
(EWC) (Kirkpatrick et  al., 2016), Learning without Forgetting (LwF), Synaptic Intel-
ligence (SI) (Zenke et al., 2017), and Memory Aware Synapses (MAS) (Aljundi et al., 
2018a). LwF (Li & Hoiem, 2017) aims at achieving output stability through knowledge 
distillation. When a new task is observed, the new model is incentivized to predict val-
ues that are close to the outputs of the model learned prior to this task. EWC (Kirkpat-
rick et al., 2016) and SI (Zenke et al., 2017) adopt a weighted quadratic regularization 
loss, which penalizes moving weights that are important for previous tasks. The EWC 
loss is based on the Fisher Information Matrix, which presents a higher computational 
complexity than the surrogate loss used in the SI method. Similarly, Memory Aware 
Synapses (MAS) (Aljundi et al., 2018a) estimates the cumulative importance of model 
weights as new tasks are encountered, penalizing changes to weights that are crucial 
for previously learned tasks. Shifting the focus on dynamic architectures, Progressive 
Neural Networks (PNN) is one of the first attempts to consider node expansion in a neu-
ral network architecture to accommodate different tasks (Rusu et al., 2016). CWRStar 
(Lomonaco et al., 2019) adapts weights exclusively for the last layer before the predic-
tion layer, freezing all previous layers. AR1Star extends this capability by also tuning 
the representation layers (Lomonaco et  al., 2019). Finally, rehearsal strategies consid-
ered include GDumb (Ameya Prabhu & Dokania, 2020), Replay (Rolnick et al., 2019), 
Gradient Episodic Memory (GEM) (David Lopez-Paz, 2017), and Average Gradient 
Episodic Memory (AGEM) (Chaudhry et al., 2019). GDumb Ameya Prabhu and Doka-
nia (2020) is a greedy strategy that stores samples for all classes in a buffer, and uses 
them to iteratively retrain a model from scratch. It should be noted that GDumb was 
seen as a thought-provoking experiment showing that a performance close to state-of-
the-art CL strategies could be achieved with a less sophisticated approach not specifi-
cally designed for CL problems. For this reason, it may be regarded as a baseline rather 
than a CL strategy. Replay Rolnick et al. (2019) follows a similar approach but stores 
a balanced number of samples per task, which are used to fine-tune previously trained 
models. A variant of this approach using generative models is pseudo-rehearsal (Shin 
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et al., 2017). GEM David Lopez-Paz (2017) is a fixed-size memory that stores a subset 
of old patterns and influences the loss function through inequality constraints. AGEM 
Chaudhry et al. (2019) is a revised version of GEM that performs averaging to increase 
efficiency.

The rationale for the adoption of the aforementioned strategies in our benchmark is 
that they are heterogeneous in terms of groups of approach, and are particularly preva-
lent in the CL community. They represent the foundations in the CL field, and are often 
used to assess the competitiveness of emerging CL methods with respect to consolidated 
and diversified approaches. Moreover, they are easy to use and favor reproducibility, 
thanks to publicly available tools such as the Avalanche library (Lomonaco et al., 2021).

2.3 � CL evaluation protocol and metrics

The standard evaluation procedure applied in continual image classification assumes the 
availability of a set of tasks, each defined with a set of classes. The learning scenario 
consists of N tasks T = t1, t2,… , tn where the model has to learn new tasks without for-
getting previous tasks.

Metrics in continual learning usually focus on assessing the performance of a model 
(e.g., its accuracy) with respect to (at least one of) three crucial properties: i) perfor-
mance on newly encountered tasks; ii) performance retention capabilities on previously 
learned tasks (i.e., the ability to avoid or mitigate forgetting); and iii) knowledge trans-
fer from learned tasks to new ones (i.e., the ability to generalize over newly occurring 
challenges). The first works in CL proposed three metrics: average accuracy, backward 
transfer, and forward transfer to measure the above desiderata (David Lopez-Paz, 2017). 
However, in their original definition, only the performance of the model after learning 
all tasks was considered.

Instead, we consider model performances for all tasks and at all stages of the learning 
process, as understanding how performance changes before and after every task can pro-
vide several insights into the strengths and weaknesses of every model (Díaz-Rodríguez 
et al., 2018). For simplicity, we will be storing the partial model performance, measured 
as classification accuracy, in a matrix � whose entries �i,j represent the accuracy on a 
given task j after learning task i.

Average Accuracy ( ���)—It measures the average accuracy of the model after learn-
ing each task, evaluating only the current and all previously learned tasks:

defined as the average performance over all tasks the model has seen so far.
Backward Transfer ( ���)—It measures the impact of learning new tasks on the 

performance of all previously learned tasks. Negative backward transfer indicates that 
learning a new task is harmful to the performance of previously learned tasks (this issue 
is known as forgetting):

defined as the average amount of forgetting presented by the model on the overall scenario.

(1)��� =
∑N

i≥j
�i,j∕(N(N − 1)∕2),

(2)��� =
∑N

i=2

∑i−1

j=1
(�i,j − �j,j)∕(N(N − 1)∕2),
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Forward Transfer ( ���)—It measures the impact of learned tasks on the perfor-
mance of tasks learned in the future:

defined as the average model performance on yet unseen tasks.

3 � Our benchmarks: M2I and I2M

In Sect. 1 we pointed out essential desiderata for continual learning benchmarks that are 
designed to reflect real-life environments and challenges. In the following, we further elab-
orate on each criterion, providing a rationale for its importance, and we describe how our 
benchmark tackles these challenges.

First, it is important to consider multiple heterogeneous tasks. The rationale is that 
since continual learning models should adapt to new and unprecedented situations, as 
human beings usually act in real environments, they should be evaluated on sequences of 
heterogeneous tasks. While common benchmarks focus on homogeneous tasks, such as 
different classes of handwritten digits (e.g. as in splitMNIST), heterogeneous tasks have 
the advantage of reflecting more realistic cases where the model is challenged by unprec-
edented tasks with great diversity. To deal with multiple heterogeneous tasks, our bench-
mark leverages 6 largely-varying image classification datasets: MNIST (handwritten dig-
its) [15], Omniglot (alphabets) (Lake et al., 2015), Fashion MNIST (clothing items) (Xiao 
et  al., 2017), SVHN (street view house numbers) (Netzer et  al., 2011), CIFAR10 (small 
real-world images) (Krizhevsky, 2009), and TinyImagenet (multi-domain large-scale real-
world images) [34]. Each dataset is regarded as a task, resulting in a learning scenario with 
six tasks with heterogeneous characteristics. We provide more details about the datasets 
included and the preprocessing they underwent into the benchmark in Table 2.

Second, it is important to devise scenarios with varying quality and task complex-
ity, since an ideal model should present generalization capabilities dealing with easy, 
moderate, and difficult tasks at the same time, as found in the real world. Ideal scenarios 
should avoid simplistic sequences of tasks with high task similarity, and prefer intro-
ducing new tasks that are different enough from the previous one, thus challenging the 

(3)��� =
∑N

i<j
�i,j∕(N(N − 1)∕2),

Table 2   Overview of original datasets involved in our benchmarks

The datasets present heterogeneous characteristics, i.e., domains and technical quality. For TinyImagenet, 
we select the following classes: Egyptian cat; reel; volleyball; rocking chair; lemon; bullfrog; basketball; 
cliff; espresso; plunger. As for Omniglot, we select characters from the alphabet of the Magi. Accuracy 
refers to WideVGG9 performance on single datasets used to estimate task complexity

Dataset Colors Size Classes Available images Accuracy

MNIST BW 28 × 28 10 70,000 0.98
Omniglot BW 105 × 105 1632 32,460 0.92
Fashion MNIST BW 28 × 28 10 70,000 0.88
SVHN RGB 32 × 32 10 630,420 0.85
CIFAR10 RGB 32 × 32 10 60,000 0.67
TinyImagenet RGB 64 × 64 200 100,000 0.64
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model in a significant way. This aspect should comprise having tasks on images varying 
in terms of visual and chromatic quality and difficulty of classification. Our benchmarks 
take this into consideration as they include very complex multi-domain real-world 
image classification such as TinyImagenet (harder classification), as well as handwrit-
ten digit recognition in MNIST (easier classification), and letter recognition in different 
alphabets in Omniglot (moderate difficulty). This choice of datasets creates ambitious 
but realistic challenges for CL strategies, allowing us to test their limitations.

Third, the hardness of each task is relative to the ordering in which the task is pre-
sented to the model. E.g. task ordering is important for us humans as we do not learn 
challenging new tasks from scratch but, instead, incrementally build up the necessary 
skills to perform these new tasks, leveraging a combination of skills learned in the past. 
We would require the same efficiency from a continual learner. Therefore, it is crucial 
to evaluate models learning on a direct or inverse curriculum. The adoption of direct 
curriculum learning—learning on tasks of increasing complexity—in conventional 
machine learning research showcased that significant improvements in generalization 
can be achieved, increasing the speed of convergence of the training process (Bengio 
et al., 2009; Gao et al., 2022; Song et al., 2020).

When it comes to CL, however, direct and inverse curriculum learning are over-
looked. Indeed, in the best cases, multiple random task orderings are provided in addi-
tion to a single task order. To properly consider curriculum learning, our benchmark 
considers curriculum learning by devising a task order according to their difficulty. To 
this end, we consider model performance as a proxy for task complexity. Specifically, 
we compute model accuracy on single datasets when considered in isolation. Table  2 
shows the performance achieved by a WideVGG9 model with the different datasets con-
sidered in our study. These results create the conditions to define the ordering of data-
sets as tasks in our M2I and I2M benchmarks. The scenario starts with MNIST (black 
& white handwritten digits), which is regarded as an easy task. The following tasks 
are Omniglot (alphabets) and Fashion MNIST (clothing items), which present a spike 
of complexity compared to MNIST. Subsequently, SVHN (street view house numbers) 
brings real-world complexity by introducing images gathered from cameras with colors. 
CIFAR10 presents the same challenges of real-world colored images and extends them 
with more challenging patterns encountered in complex objects. Finally, the highest 
level of complexity is provided by multi-domain large-scale images from TinyImagenet. 
In addition to the direct curriculum direction where tasks are ordered as described (from 
MNIST to TinyImageNet, aka M2I), we also cover the opposite case of decreasing order 
of difficulty (from TinyImageNet to MNIST, aka I2M).

Fourth, rigorous way to measure generalization and forgetting. The most important 
aspect of continual machine learning is to design strategies and models that are able to 
incorporate new tasks during their lifespan, without forgetting previous tasks. Metrics 
such as ��� and ��� are introduced for this reason, see Sect. 2.3 However, they can be 
cumbersome to interpret or lose their meaning, depending on the learning setting at hand. 
For instance, ��� is ill-defined in a class-incremental scenario since the model will never 
predict classes that were never presented before. Another example is that of multi-dataset 
benchmarks where tasks contain a varying number of classes. Specifically, tasks with a 
reduced number of classes will exhibit a random performance that is higher (e.g., 0.5 for 
2 classes) than tasks with a higher number of classes (e.g., 0.1 for 10 classes). As results 
are generally aggregated (i.e., averaged) across tasks (Aljundi et  al., 2018b; Ebrahimi 
et al., 2020; Li & Hoiem, 2017; Lange et al., 2022; Mallya & Lazebnik, 2017), CL metrics 
will be hard to interpret due to a different reference point for random performance. Ideal 
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benchmarks should take these aspects into consideration to make sure that the calculation 
and the interpretation of results are correct.

To consider this aspect, we designed each task in our benchmark to contain 10 classes. 
In the case of MNIST and Fashion MNIST, SVHN, and CIFAR10, we use all classes. In 
the case of TinyImageNet and Omniglot, we select 10 classes. For TinyImagenet, we use 
Egyptian cat; reel; volleyball; rocking chair; lemon; bullfrog; basketball; cliff; espresso; 
plunger. As for Omniglot, we select classes corresponding to characters from the Alphabet 
of the Magi. This setting allows us to preserve a high interpretability of all the resulting 
metric values overcoming the limitation of tasks with an imbalanced number of classes, 
where interpretability can be lost. Furthermore, to deal with class imbalance, we align the 
size of majority classes to that of minority classes. By doing so, we isolate the learning set-
ting and avoid typical issues that arise in imbalanced learning, which might undermine the 
analysis of the final results.

Fifth, exactly reproducible out-of-the-box. Many benchmarks are not reproducible due 
to the lack of precise details on model configurations and experimental settings. This issue 
is exacerbated when the code is unavailable and it is required to implement the scenario 
and the evaluation scheme from scratch. In other cases, when the code is available, it is not 
general enough to be leveraged in different settings, e.g. when comparing with the latest 
models and strategies. To this end, our benchmark is implemented on top of Avalanche 
(Lomonaco et  al., 2021)—the state-of-the-art open-source library for CL. This choice 
ensures the reproducibility of the experiments and paves the way for the adoption and 
extension of the benchmark for future research. The code for our benchmarks is publicly 
available at the following repository URL: https://​github.​com/​lifel​onglab/​M2I_​I2M_​bench​
mark.

It is worth noting that, despite the adoption of class and task-incremental scenarios, our 
benchmark can be easily extended to different emerging scenarios, such as incremental 
data learning (De Lange & Tuytelaars, 2021), in task-free and task-agnostic settings. To 
this end, a procedure can select a subset of datasets according to their complexity. Each 
batch may present multiple tasks, i.e. data from all datasets in the subset. After a number 
of batches, the procedure can remove the less (more) complex dataset and add a new more 
(less) complex dataset according to the curriculum ordering defined in our benchmark. It is 
conceivable that this procedure would let some tasks disappear while letting others appear, 
as frequently observed in online learning, but in increasing (or decreasing) order of diffi-
culty, giving place to a curriculum learning scenario.

4 � Experiments and discussion

We carry out experiments involving both the task-incremental and class-incremental CL 
scenario types described in Sect. 2.1, the CL strategies devised in Sect. 2.2, and the CL 
evaluation protocol and metrics defined in Sect. 2.3. We run an exhaustive series of experi-
ments on our proposed M2I and I2M benchmarks for CL, resulting in 156 complete experi-
ments (considering M2I and I2M with 14 CL strategies, 2 scenario types - Class-incre-
mental and Task-incremental, and 3 model backbones) and 936 runs (model training and 
evaluation). We aim to answer the following research questions:

•	 RQ1) Do our benchmarks provide challenging scenarios for state-of-the-art CL strate-
gies as discussed in Sect. 2.2? That is, are these strategies still as accurate and robust 

https://github.com/lifelonglab/M2I_I2M_benchmark
https://github.com/lifelonglab/M2I_I2M_benchmark
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w.r.t the metrics defined in Sect.  2.3 as originally introduced in their papers when 
exposed to M2I and I2M?

•	 RQ2) Can state-of-the-art CL strategies leverage direct and indirect curriculum task 
ordering to maximize their backward and forward transfer? Alternatively, do different 
task orderings with varying task complexity have an impact on the final performance?

We first detail the experimental setup of our experiments and then provide an in-depth dis-
cussion of the results gathered. For the curious reader, the short answer to both questions 
is that, overall, the state-of-the-art models underperform when executed on our challenging 
benchmarks, despite many of these models were supposed to be robust to catastrophic for-
getting and multiple tasks.

4.1 � Experimental setup

As mentioned in Sect. 3, our benchmark provides multiple heterogeneous tasks with vary-
ing quality and task complexity. For instance, 3 of the 6 tasks contain black and white 
images, whereas the remainder contain colored images. Moreover, the image size varies 
across all tasks. There may be different ways to deal with different image channel types 
and sizes, which can have an impact on the final performance. However, we recognize that 
finding the optimal solution is an open challenge for researchers working with our bench-
mark, and it is out of the scope of this paper. For simplicity, for image sizes, we adopt the 
most frequently adopted approach, which consists of resizing all images to the same size 
( 64 × 64 ). To deal with different image channels, we consider the largest number of chan-
nels (RGB) for all tasks (3) and replicate the single-channel encountered in BW images to 
all 3 channels. We recall that, in order to provide a rigorous way to measure generalization 
and forgetting, we balance class sizes by taking 500 images from each of them for both the 
training and evaluation phases. By doing so, we isolate possible issues deriving from class 
imbalance from our evaluation.

Network architecture.  We leverage three commonly used model backbones in CL 
with different parameter sizes as to measure the effect of overparametrization w.r.t. our 
performance metrics in CL. Each network architecture is being used across all strate-
gies. We employ a Wide VGG9 (Simonyan & Zisserman, 2014) as a smaller neural 
network (4.5M parameters), EfficientNet-b1 (Tan & Le, 2019) as a mid-size alterna-
tive (7.8M parameters), and ResNet34 (He et  al., 2016) as a large-size state-of-the-
art model backbone (63.5M parameters). The hyperparameter configuration used in 
the experiments is: { epochs=50, learning_rate=0.001, momentum=0.9 }. Optimiza-
tion takes place through Stochastic Gradient Descent (SGD) using the Cross-Entropy 
loss. We experimented with different negative powers of 10 for the configuration of 
the learning rate as suggested in Bengio (2012), For the number of epochs, we experi-
mented with similar values to those reported in the original publications of CL strat-
egies (Aljundi et  al., 2018b; Rolnick et  al., 2019). Preliminary experiments showed 
that different configurations did not provide a significant difference in terms of perfor-
mance metric values. For PNN, our setting differs from other strategies due to the fact 
that the Avalanche implementation provides support only for fully connected layers, 
leading to the impossibility of pairing the learning strategy with specific CNN model 
backbones (WideVGG9, EfficientNet, ResNet34). To this end, we matched the number 
of fully connected layers with those of our adopted CNN model architectures, i.e., 9, 
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24, and 34 layers, in an attempt to simulate their capacity. We also note that our PNN 
results are computed exclusively in the task-incremental setting since task identifiers 
are not available in the class-incremental setting.

CL strategies. In addition to the state-of-the-art CL strategies covered by our exper-
iments and described in Sect. 2.2, we adopt three additional baseline approaches that 
loosely correspond to lower and upper bound model performance:

•	 Naive (fine-tuning): The model is incrementally fine-tuned without considering any 
mechanism to preserve past knowledge, which, in principle, should yield a high 
degree of forgetting. This strategy allows us to compare the performance (in terms 
of accuracy) and forgetting (in terms of backward transfer) of smarter CL strate-
gies.

•	 Cumulative: New data is accumulated as it comes, and the model is retrained using 
all available data. The rationale for this baseline is to simulate upper-bound perfor-
mance assuming full knowledge of the data, and unlimited computational resources 
to deal with stored data (storage) and model retraining (time). Cumulative can also 
be regarded as a variant of Replay with unlimited memory. This baseline is inter-
esting since it allows us to estimate the accuracy that could be achieved at a much 
higher computational cost.

•	 Multiple Single-Task Expert (MSTE): A new model is created as soon as a new task 
is presented in the scenario. It can be regarded as a way to simulate upper-bound 
model performance despite a few unrealistic assumptions, such as unlimited com-
putational resources to deal with additional models and availability of task identi-
fiers (which make this baseline suitable only for Task-incremental scenarios).

Table 3   Experimental results (Wide-VGG99—M2I) in terms of average performance (and rank) for all CL 
strategies grouped by type (from top to bottom: regularization, rehearsal, architectural, and baseline) in two 
learning settings (class-incremental, task-incremental)

Class-incremental Task-incremental

ACC​ BWT ACC​ BWT FWT

EWC 0.220 (8) − 0.271 0.395 (10) − 0.224 0.102
LwF 0.222 (7) − 0.270 0.349 (12) − 0.083 0.096
MAS 0.215 (9) − 0.260 0.440 (7) − 0.212 0.100
SI 0.206 (11) − 0.255 0.419 (8) − 0.219 0.107
AGEM 0.188 (12) − 0.241 0.472 (6) − 0.161 0.101
GEM 0.572 (3) − 0.074 0.613 (5) − 0.053 0.099
GenerativeReplay 0.558 (4) − 0.142 0.616 (4) − 0.133 0.102
Replay 0.755 (2) − 0.038 0.730 (3) − 0.086 0.101
CWRStar 0.324 (5) − 0.044 0.356 (11) − 0.019 0.094
PNN 0.091 (14) 0.000 0.093
Naive 0.213 (10) − 0.261 0.411 (9) − 0.228 0.093
GDumb 0.304 (6) − 0.040 0.235 (13) − 0.071 0.092
Cumulative 0.868 (1) 0.004 0.819 (2) 0.012 0.102
MSTE 0.872 (1) 0.000 0.100



Machine Learning	

1 3

Table 4   Experimental results (Wide-VGG99—I2M) in terms of average performance (and rank) for all CL 
strategies grouped by type (from top to bottom: regularization, rehearsal, architectural, and baseline) in two 
learning settings (class-incremental, task-incremental)

Class-incremental Task-incremental

ACC​ BWT ACC​ BWT FWT

EWC 0.190 (9) − 0.202 0.340 (7) − 0.161 0.126
LwF 0.216 (6) − 0.238 0.262 (11) − 0.105 0.088
MAS 0.223 (5) − 0.241 0.342 (6) − 0.148 0.130
SI 0.205 (7) − 0.223 0.323 (9) − 0.170 0.134
AGEM 0.175 (10) − 0.180 0.345 (5) − 0.094 0.131
GEM 0.297 (4) − 0.031 0.269 (10) 0.005 0.117
GenerativeReplay 0.351 (3) − 0.204 0.423 (4) − 0.139 0.136
Replay 0.550 (2) − 0.047 0.571 (3) − 0.061 0.135
CWRStar 0.079 (12) − 0.037 0.202 (12) − 0.011 0.107
PNN 0.101 (14) 0.000 0.073
Naive 0.199 (8) − 0.215 0.334 (8) − 0.160 0.131
GDumb 0.155 (11) − 0.052 0.147 (13) 0.000 0.085
Cumulative 0.735 (1) 0.012 0.663 (2) 0.018 0.120
MSTE 0.695 (1) 0.000 0.100

Fig. 2   Experimental results (Wide-VGG9—M2I—Class-incremental) in terms of disaggregated perfor-
mance ( ��� ) on single tasks after learning previous tasks

Fig. 3   Experimental results (Wide-VGG9—I2M—Class-incremental) in terms of disaggregated perfor-
mance ( ��� ) on single tasks after learning previous tasks
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Fig. 4   Experimental results (Wide-VGG9—M2I—Task-incremental) in terms of disaggregated perfor-
mance ( ��� ) on single tasks after learning previous tasks

Fig. 5   Experimental results (Wide-VGG9—I2M—Task-incremental) in terms of disaggregated perfor-
mance ( ��� ) on single tasks after learning previous tasks

Table 5   Experimental results (EfficientNet—M2I) in terms of average performance (and rank) for all CL 
strategies grouped by type (from top to bottom: regularization, rehearsal, architectural, and baseline) in two 
learning settings (class-incremental, task-incremental)

Class-incremental Task-incremental

ACC​ BWT ACC​ BWT FWT

EWC 0.180 (9) − 0.222 0.272 (11) − 0.199 0.106
LwF 0.165 (11) − 0.205 0.240 (12) − 0.124 0.096
MAS 0.187 (7) − 0.190 0.276 (10) − 0.198 0.104
SI 0.184 (8) − 0.231 0.277 (9) − 0.205 0.099
AGEM 0.179 (10) − 0.224 0.328 (7) − 0.171 0.091
GEM 0.312 (5) − 0.056 0.420 (5) − 0.043 0.096
GenerativeReplay 0.517 (3) − 0.143 0.551 (4) − 0.102 0.097
Replay 0.655 (2) − 0.041 0.605 (3) − 0.098 0.102
CWRStar 0.326 (4) − 0.014 0.367 (6) 0.001 0.092
PNN 0.091 (14) 0.000 0.100
Naive 0.205 (6) − 0.257 0.290 (8) − 0.220 0.103
GDumb 0.029 (12) − 0.007 0.099 (13) 0.000 0.100
Cumulative 0.834 (1) 0.003 0.656 (2) 0.025 0.101
MSTE 0.784 (1) 0.000 0.100
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Table 6   Experimental results (EfficientNet—I2M) in terms of average performance (and rank) for all CL 
strategies grouped by type (from top to bottom: regularization, rehearsal, architectural, and baseline) in two 
learning settings (class-incremental, task-incremental)

Class-incremental Task-incremental

ACC​ BWT ACC​ BWT FWT

EWC 0.197 (7) − 0.182 0.299 (7) − 0.169 0.100
LwF 0.203 (5) − 0.182 0.241 (11) − 0.072 0.091
MAS 0.178 (9) − 0.164 0.284 (9) − 0.148 0.105
SI 0.193 (8) − 0.177 0.302 (6) − 0.143 0.105
AGEM 0.157 (10) − 0.134 0.289 (8) − 0.101 0.122
GEM 0.218 (4) − 0.052 0.276 (10) − 0.052 0.119
GenerativeReplay 0.313 (3) − 0.179 0.390 (4) − 0.094 0.124
Replay 0.417 (2) − 0.019 0.438 (3) − 0.058 0.099
CWRStar 0.053 (11) − 0.035 0.171 (12) − 0.020 0.103
PNN 0.096 (14) 0.000 0.095
Naive 0.202 (6) − 0.193 0.305 (5) − 0.154 0.108
GDumb 0.029 (12) 0.000 0.100 (13) 0.000 0.092
Cumulative 0.606 (1) 0.021 0.596 (1) 0.015 0.118
MSTE 0.556 (2) 0.000 0.100

Fig. 6   Experimental results (EfficientNet—M2I—Class-incremental) in terms of disaggregated perfor-
mance ( ��� ) on single tasks after learning previous tasks

Fig. 7   Experimental results (EfficientNet—I2M—Class-incremental) in terms of disaggregated perfor-
mance ( ��� ) on single tasks after learning previous tasks
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Fig. 8   Experimental results (EfficientNet—M2I—Task-incremental) in terms of disaggregated performance 
( ��� ) on single tasks after learning previous tasks

Fig. 9   Experimental results (EfficientNet—I2M—Task-incremental) in terms of disaggregated performance 
( ��� ) on single tasks after learning previous tasks

Table 7   Experimental results (ResNet—M2I) in terms of average performance (and rank) for all CL strat-
egies grouped by type (from top to bottom: regularization, rehearsal, architectural, and baseline) in two 
learning settings (class-incremental, task-incremental)

Class-incremental Task-incremental

ACC​ BWT ACC​ BWT FWT

EWC 0.175 (10) − 0.222 0.314 (9) − 0.213 0.103
LwF 0.174 (12) − 0.218 0.257 (13) − 0.124 0.100
MAS 0.195 (8) − 0.232 0.300 (11) − 0.200 0.099
SI 0.182 (9) − 0.229 0.301 (10) − 0.206 0.098
AGEM 0.208 (7) − 0.228 0.464 (6) − 0.179 0.093
GEM 0.412 (4) − 0.155 0.601 (5) − 0.088 0.099
GenerativeReplay 0.447 (3) − 0.162 0.632 (3) − 0.102 0.105
Replay 0.630 (2) − 0.087 0.612 (4) − 0.090 0.093
CWRStar 0.331 (6) − 0.006 0.403 (7) 0.013 0.097
PNN 0.089 (14) 0.000 0.097
Naive 0.175 (11) − 0.223 0.322 (8) − 0.198 0.089
GDumb 0.357 (5) − 0.033 0.294 (12) − 0.044 0.099
Cumulative 0.788 (1) 0.003 0.750 (2) 0.007 0.099
MSTE 0.784 (1) 0.000 0.100
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Table 8   Experimental results (ResNet—I2M) in terms of average performance (and rank) for all CL strat-
egies grouped by type (from top to bottom: regularization, rehearsal, architectural, and baseline) in two 
learning settings (class-incremental, task-incremental)

Class-incremental Task-incremental

ACC​ BWT ACC​ BWT FWT

EWC 0.191 (8) − 0.204 0.300 (8) − 0.117 0.104
LwF 0.188 (10) − 0.200 0.221 (12) − 0.076 0.094
MAS 0.196 (7) − 0.180 0.308 (7) − 0.138 0.118
SI 0.189 (9) − 0.201 0.288 (10) − 0.142 0.108
AGEM 0.221 (5) − 0.157 0.375 (6) − 0.110 0.145
GEM 0.264 (4) − 0.086 0.388 (5) − 0.073 0.131
GenerativeReplay 0.313 (3) − 0.131 0.424 (4) − 0.107 0.135
Replay 0.419 (2) − 0.074 0.443 (3) − 0.058 0.080
CWRStar 0.102 (12) − 0.026 0.228 (11) − 0.004 0.097
PNN 0.095 (14) 0.000 0.085
Naive 0.182 (11) − 0.191 0.291 (9) − 0.114 0.104
GDumb 0.204 (6) − 0.031 0.180 (13) − 0.017 0.101
Cumulative 0.614 (1) 0.006 0.562 (1) 0.004 0.104
MSTE 0.552 (2) 0.000 0.100

Fig. 10   Experimental results (ResNet—M2I—Class-incremental) in terms of disaggregated performance 
( ��� ) on single tasks after learning previous tasks

Fig. 11   Experimental results (ResNet—I2M—Class-incremental) in terms of disaggregated performance 
( ��� ) on single tasks after learning previous tasks
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4.2 � Discussion: RQ1

We present our results both as aggregated metrics computed after all the tasks have been 
learned in Tables 3, 4, 5, 6, 7 and 8 as well as disaggregated accuracy results evaluating 
every task past task after learning a new one (as entries in the matrix � , see Sect. 2.3) as 
heatmaps shown in Figs. 2, 3, 4, 5, 6, 7, 8, 9, 10, 11, 12 and 13. These heatmaps allow us 
to understand at a finer grain what are the failure modes of a strategy and whether certain 
tasks are harder than another. We now discuss four different settings, comprising either a 
class-incremental or task-incremental scenario and two task orderings (M2I or I2M). We 
start from employing the VGG9 model backbone.

4.2.1 � VGG9

For both M2I and I2M (see Tables  3, 4), aggregated ��� , ��� and ��� (only for 
task-incremental scenarios, see Sect. 3) are disappointing for all strategies discussed in 
Sect. 2.2. They do not achieve a positive backward transfer, and all highlight a system-
atic catastrophic forgetting, while the forward transfer floats around the chance level 
(10%2). Staple strategies such as LwF, MAS, and SI are generally comparable with the 
Naive strategy (i.e., just applying fine-tuning).

Fig. 12   Experimental results (ResNet—M2I—Task-incremental) in terms of disaggregated performance 
( ��� ) on single tasks after learning previous tasks

Fig. 13   Experimental results (ResNet—I2M—Task-incremental) in terms of disaggregated performance 
( ��� ) on single tasks after learning previous tasks

2  We remark that this trend is easy to spot and understand in our benchmarks as all tasks sports only 10 
classes.
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We inspect rankings over the ��� score to see if any notable trend manifests between 
different scenario types. We found that AGEM is very weak in the class-incremental set-
ting (ranked 12 and 10, respectively), but quite robust in the task-incremental setting 
(ranked 6 and 5). Surprisingly, GEM seems robust in both settings (ranked 3, 4, 5, and 
10 across the four settings). CWRStar achieves a moderately high position in the class-
incremental setting (ranked 5 in the ranking for M2I). While its ranking is surprisingly 
high, we remark that the raw performance is clearly unsatisfactory when considered in 
absolute terms in this context. A much lower ranking is observed in the task-incremen-
tal setting despite the slight improvement in its performance. Overall, CWRStar appears 
ineffective in preventing catastrophic forgetting across all tasks in our settings, and it 
appears that it just focuses on memorizing the first task. We also observe that PNN 
presents a remarkably low performance, which consistently ranks 14 throughout both 
scenarios.

The method that seems to be the least prone to forgetting is Replay. This result is sur-
prising since the total memory size chosen for the replay buffer in the experiment is just 
200 samples. It is also interesting to observe that Replay presents a performance that is 
quite close to Cumulative (an 8–18% decrease in accuracy across the four mentioned set-
tings) using a fraction of available data (less than 1%). Surprisingly, GenerativeReplay per-
forms quite poorly when compared to standard Replay, although it outperforms many other 
strategies and presents a rank of 3 or 4 in all scenarios. As expected, Cumulative presents 
the best performance across three out of four learning settings. MSTE outperforms Cumu-
lative in the I2M scenario - Task-incremental setting. However, both strategies should be 
seen as an unrealistic upper bound, since Cumulative assumes that infinite memory and 
training time are allowed for the model, whereas MSTE assumes the ability to add new 
models continuously. On a different note, the positive results confirm that the scenarios 
designed in our benchmark are reasonable and can be, in principle, learned by the model 
but current CL strategies. While these have shown to be reliable in conventional CL sce-
narios, they are not bulletproof and present limited robustness when exposed to more com-
plex scenarios, such as our M2I (RQ1).

Observing the heatmaps in Figs. 2, 3, 4 and 5 allows us to zoom in and pinpoint the 
performance drops of different strategies on specific tasks. In this context, observing a 
decreasing performance on previously learned tasks is a clear manifestation of forgetting. 
Results are quite negative for M2I in the class-incremental setting (see Fig. 2). GEM pre-
serves a good performance until the third task is presented and then dramatically drops 
in the following tasks due to their increasing complexity. GDumb presents a high perfor-
mance on the second task throughout the entire scenario but an unsatisfactory performance 
on all other tasks. This behavior likely depends on the fact that it is possible to learn the 
second task (Omniglot) with a limited number of samples, whereas this is too difficult for 
all other tasks. All other strategies, except Replay and Cumulative, struggle to preserve the 
knowledge of previous tasks and are successful at learning the last task exclusively, as evi-
denced by the very low-performance scores. GenerativeReplay presents a slightly different 
behavior, where the performance on certain tasks (0 and 2) is preserved, while the method 
appears unreliable on other tasks (1, 3, 4, and 5). The results for M2I in the task-incremen-
tal setting (see Fig. 4) showcase a higher overall performance, with lower forgetting than 
the class-incremental setting. For instance, it can be observed that MAS and SI is able to 
preserve much more knowledge for some tasks, while its forgetting was rather drastic in the 
class-incremental setting.

For I2M in the class-incremental setting (see Fig. 3), a similar behavior to the class-
incremental counterpart of M2I can be observed, with drastic forgetting, which is even 



	 Machine Learning

1 3

worse than the M2I scenario. As for I2M in the task-incremental setting (see Fig. 5), it is 
also interesting to observe worse results than in the M2I task-incremental setting. This is 
also counterintuitive, as successfully learning a harder task should provide the model with 
enough knowledge not to perform so poorly on much simpler tasks that, as MNIST, might 
require learning only simple edge detectors. We conjecture that this behavior might depend 
on the fact that once a model is presented with very different but complex tasks earlier in 
the scenario (e.g., ImageNet and CIFAR10) it might have a harder time learning to abstract 
useful features for simpler tasks later.

4.2.2 � EfficientNet

Results on M2I and I2M (see Tables 5, 6) show that the Naive strategy achieves a perfor-
mance that is close to some of the CL strategies (e.g. MAS, SI, EWC) but is significantly 
inferior to top performing strategies (Replay, Cumulative, MSTE). When comparing class-
incremental and task-incremental settings for M2I, some methods appear significantly 
more robust in the latter, with a simultaneous increase in their performance and position in 
the ranking.3 This is the case for AGEM (ranked 10 and 7, respectively). GEM preserves 
its ranking (5) in both settings, while improving its performance in the task-incremental 
setting. For I2M, comparing class and task-incremental settings, the same phenomenon can 
be observed for two methods: AGEM (ranked 10 and 8, respectively), SI (ranked 8 and 6, 
respectively). Two methods preserve their ranking in both settings: MAS and EWC (ranked 
9 and 7, respectively). Some strategies present a rather stable behavior in the two learning 
settings, since they appear to preserve their ranking. For M2I, this is the case for GDumb, 
LwF, GenerativeReplay, and Replay. For I2M, this phenomenon applies to CWRStar, 
GDumb, GenerativeReplay, and Replay. Similarly to results obtained with VGG9, Cumula-
tive showcases the best performance in three out of four learning settings, while MSTE is 
the top-ranked strategy in one out of four cases. Therefore, in absolute terms, the perfor-
mance of informed strategies can be regarded as unsatisfactory, as it appears significantly 
lower than Cumulative and MSTE. This result suggests that even increasing the parametri-
zation of the backbone model does not provide these staple CL strategies to significantly 
improve over our simpler baselines in complex benchmarks such as our M2I and I2M 
(RQ1).

Shifting our focus to the heatmaps in Figs. 6, 7, 8 and 9, we are able to analyze in detail 
the forgetting of the different strategies throughout the experimental scenario.

Figure 6 shows a vast amount of forgetting across all strategies. Some exceptions can 
be sparsely observed. For instance, MAS preserves its performance on task 0 after learn-
ing task 1, before dropping to values that are close to zero for previously encountered 
tasks. CWRStar preserves a remarkably high performance on the first task, but a very 
limited ability to incorporate new tasks. This result is in contrast with what was observed 
with VGG9, where the performance on the first task was preserved but decaying as new 
tasks are presented. This phenomenon may depend on the number of layers involved in 
the model backbone since EfficientNet is a much larger model, and the weight adaptation 
strategy used in CWRStar exclusively involves the last layer. Interestingly, we observe that 
GenerativeReplay is unable to preserve task 1, while it proves to be better than Replay in 

3  It is important to track both aspects, since the task-incremental setting is fundamentally easier than class-
incremental, and observing only the absolute performance of the methods is not indicative of an improve-
ment.
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remembering task 0. However, Replay presents a more diffused ability to preserve all tasks, 
as shown by its higher average performance. Moving to I2M in the class-incremental set-
ting (see Fig. 7), a noteworthy result is GEM preserving knowledge of task 3 throughout 
the entire scenario, while not being able to preserve its performance on the other tasks. In 
this setting, CWRStar is fundamentally unable to learn any of the tasks presented in the 
scenario.

Interestingly, task similarity between two tasks, manifested by positive backward trans-
fer, allows for improvement on previously learned tasks in some instances. In Fig. 8, for 
instance, learning task 4 is, in some cases, beneficial for the model’s performance on task 
1, as observed for MAS, GEM, and Naive.

In the task-incremental setting (see Fig.  9), GEM presents a similar behavior to that 
observed in class-incremental on task 2, but also preserves knowledge of task 0 throughout 
the entire scenario, whereas the performance on other tasks is fundamentally sub-optimal. 
In this setting, however, CWRStar behaves as in the M2I class-incremental setting, i.e., the 
performance on task 0 is preserved throughout the entire scenario.

4.2.3 � ResNet

Results on M2I and I2M (see Tables 7, 8) show that the Naive strategy is relatively close 
to some of the CL strategies (e.g., EWC, SI, LWF) but is clearly less effective than other 
strategies (Replay, GenerativeReplay, Cumulative, MSTE). As observed with other model 
backbones, a comparison of class-incremental and task-incremental settings for M2I, 
highlights that some methods are more accurate in the latter and achieve a higher rank-
ing. This phenomenon is observed for AGEM (ranked 7 and 6, respectively), Naive (11 
and 8, respectively), and EWC (ranked 10 and 9, respectively). Similarly, in the I2M sce-
nario, some of the strategies present an improved performance in the task-incremental set-
ting: Naive (ranked 11 and 9, respectively), and CWRStar (ranked 12 and 11, respectively). 
Two strategies preserve their ranking across the two settings: EWC and MAS (ranked 8 
and 7, respectively). Two exceptions can be identified: LwF and GDumb, which exhibit a 
lower ranking in the task-incremental setting (12, and 13, respectively) when compared to 
class-incremental (10, and 6, respectively). Strategies with stable behavior include Replay, 
GenerativeReplay, MSTE, and Cumulative in the two learning settings, which appears to 
preserve its ranking.

Cumulative confirms top-performing scores in three out of four settings. MSTE achieves 
the highest rank in the M2I - task-incremental setting. Overall, we observe that, unexpect-
edly, adopting a larger model such as ResNet did not achieve significantly better results 
than other model architectures with a reduced number of parameters and did not alter the 
considerations drawn in our discussion with other models.

Similarly to what we observed with other model backbones, Figs.  10, 11, 12 and 13 
show that all strategies are largely affected by forgetting. However, it is worth noting that 
some strategies preserve a certain degree of knowledge for specific tasks. Notable examples 
include CWRStar (see Fig. 10), which preserves full knowledge of task 0 across the entire 
learning scenario. In the same scenario, GenerativeReplay is quite effective in knowledge 
preservation for tasks 0 and 2. Replay presents a wider retention capability that extends 
to multiple tasks when compared to CWRStar and GenerativeReplay. GDumb effectively 
incorporates and preserves knowledge of tasks 0, 1, and 2, whereas it struggles to learn 
the following tasks. All other strategies are essentially ineffective at retaining previously 
learned tasks, as shown by the large amount of forgetting.
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Observing Fig. 11, the most interesting result is that of GenerativeReplay, which appears 
ineffective in retaining knowledge of more difficult tasks, even when they are presented as 
the initial ones in the I2M scenario (tasks 0, 1, and 2). It is noteworthy that for Replay, we 
observe an improvement on task 0 after training task 3, which suggests the ability of the 
model and strategy to leverage tasks similarity.

An interesting takeaway in the task-incremental M2I setting (Fig. 8) is that AGEM is 
less affected by forgetting, which is particularly visible on tasks 0, 1, and 2. A less visible 
but similar pattern can be observed with LwF, MAS, and SI.

Moving to the task-incremental I2M scenario (Fig. 9), we observe that results are gener-
ally disappointing, with diffused forgetting. However, Replay and GenerativeReplay pre-
sent an interesting behavior, where tasks encountered in the second half of the scenario are 
better retained. This may suggest that Replay and GenerativeReplay are able to deal with 
easier tasks better, even though they are introduced later in the scenario.

In general, we observe that ResNet presents a high degree of forgetting, as noticed with 
other model backbones. This phenomenon is emphasized in our heatmaps in Figs. 10, 11, 
12 and 13. Therefore, in absolute terms, the performance of informed strategies can be 
regarded as unsatisfactory, as it appears significantly lower than Cumulative. This result 
suggests that even increasing the parametrization of the backbone model does not provide 
these staple CL strategies to significantly improve over our simpler baselines in complex 
benchmarks such as our M2I and I2M (RQ1).

4.2.4 � Summary: RQ1

In summary, results observed across the two learning settings (class-incremental, task-
incremental) in the two presentation orders (M2I, I2M) show unsatisfactory performance 
for all learning strategies and that catastrophic forgetting is a real burden for many of the 
covered methods.

Considering that the results observed are inferior when compared to what is commonly 
reported in continual learning research, we can argue that our benchmark provides more 
challenging conditions for the CL strategies. It is noteworthy that forgetting in CL strat-
egies is also observed in perceptually similar tasks (e.g., MNIST, Omniglot, SVHN), as 
evident in our heatmaps. This behavior is indicative of the objective lack of robustness pre-
sented by CL strategies as they are exposed to tasks from different datasets. The five desid-
erata described in Sect. 3 and adopted to design our benchmarks set up a higher standard 
for the evaluation of CL strategies, and will hopefully stimulate the design and implemen-
tation of new, more robust strategies.

4.3 � Discussion: RQ2

In this subsection, we focus on the assessment of the ability of CL strategies to leverage 
curriculum task ordering to maximize their performance when exposed to our benchmarks 
devised in Sect. 3.

To answer this question, we start by analyzing results in Tables  3, 4, 5, 6, 7 and 8, 
which show metric values for the two scenarios: M2I (direct curriculum learning) and 
I2M (inverse curriculum learning). Almost all methods present a better performance in 
the curriculum learning setting (M2I) when compared with the inverse curriculum setting 
(I2M). Comparing values in Tables 3 and 4, significant examples for VGG9 include Replay 
(from 0.550 to 0.755 in class-incremental and from 0.571 to 0.730 in task-incremental), 
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GenerativeReplay (from 0.351 to 0.558 in class-incremental and from 0.423 to 0.616 in 
task-incremental), and GEM (from 0.297 to 0.572 in class-incremental and from 0.269 to 
0.613 in task-incremental). Other CL strategies present a smaller margin of improvement. 
For instance, LwF (from 0.216 to 0.222 in class-incremental, and from 0.262 to 0.349 in 
task-incremental) and EWC (from 0.190 to 0.220 in class-incremental, and from 0.340 
to 0.395 in task-incremental). Shifting the focus on results with EfficientNet (comparing 
Tables 5, 6), examples include Replay (from 0.417 to 0.655 in class-incremental, and from 
0.438 to 0.605 in task-incremental), GenerativeReplay (from 0.313 to 0.517 in class-incre-
mental, and from 0.390 to 0.551 in task-incremental), and Cumulative (from 0.606 to 0.834 
in class-incremental, and from 0.596 to 0.656 in task-incremental). Other CL strategies pre-
sent a more limited but still significant improvement. For instance, CWRStar (from 0.053 to 
0.326 in class-incremental, and from 0.171 to 0.367 in task-incremental), and GEM (from 
0.218 to 0.312 in class-incremental, and from 0.276 to 0.420 in task-incremental). One 
counterexample, where the model’s performance is higher in the inverse curriculum setting 
(I2M) is LwF (from 0.203 to 0.165 in class-incremental and from 0.241 to 0.240 in task-
incremental). This result shows that different strategies behave differently when presented 
with a different task ordering. A similar pattern can be observed for ResNet (comparing 
Tables 7, 8), where the biggest improvement in the class-incremental setting are presented 
by Cumulative (from 0.614 to 0.788), CWRStar (from 0.102 to 0.331), GenerativeReplay 
(from 0.313 to 0.447), GDumb (from 0.204 to 0.357), and Replay (from 0.419 to 0.630). 
Improvements for all other strategies appear minor. Major examples in the task-incremental 
setting include AGEM (from 0.375 to 0.464), Cumulative (from 0.562 to 0.750), CWRStar 
(from 0.228 to 0.403), GenerativeReplay (from 0.424 to 0.632), GDumb (from 0.180 to 
0.294), Replay (from 0.443 to 0.612). The only exceptions where strategies do not improve 
in the M2I scenarios are identified with AGEM and EWC in the class-incremental setting. 
In the task-incremental setting, the exception is MAS.

Another interesting point pertaining to our research question is the opportunity to iden-
tify whether learning new tasks favors performance on previously learned tasks, empha-
sized in our heatmaps. This phenomenon may happen if the model is able to capture 
similarities between tasks that can be fruitfully leveraged for inference. To show some 
examples, we focus on task-incremental experiments. In the M2I scenario with VGG9, 
Fig. 4 shows that different strategies (AGEM, MAS, SI) are able to improve performance 
on task 1 (Omniglot) after learning task 5 (TinyImageNet). We also observe that multiple 
strategies (AGEM, EWC, SI, MAS) can leverage the skills learned in task 3 (SVHN) to 
improve performance on task 1 (MNIST). This result is intuitive since learning the com-
plexity of street numbers in images acquired with a camera strongly benefits the predictive 
capabilities on an easier dataset from a similar domain, i.e., MNIST. Similar behavior can 
be observed in Figs. 8 and 12, where AGEM improves the performance on task 2 (Fashion 
MNIST) after learning task 5 (TinyImagenet). In the I2M scenario for all models: VGG9 
(Fig. 5), EfficientNet (Fig. 9) and ResNet (Fig. 13), we can observe that almost all strate-
gies improve the performance on task 3 (Fashion MNIST) after learning task 5 (MNIST). 
This result shows that the knowledge learned from MNIST can boost the performance on 
more complex tasks learned before. Overall, results show that task ordering and task simi-
larity can be leveraged to improve performance on a previously learned task, although the 
currently adopted CL strategies are sparsely able to yield this capability. This consideration 
paves the way for the design of new strategies that further leverage curriculum task order-
ing to boost forward and backward transfer (RQ2).

An additional consideration pertains to the connection between curriculum learning and 
the appropriateness of CL metrics in this context. While we are adopting state-of-the-art 
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metrics that are recognized for properly measuring model accuracy and forgetting in CL 
scenarios, it should be noted that their interpretation could be counterintuitive in some spe-
cific scenarios, where tasks have a varying degree of complexity and metric values are 
compared with different task orderings. For instance, we note that MNIST is the simplest 
task and it is presented as the first task (M2I) in the curriculum learning setting. Therefore, 
it will be considered multiple times in the evaluation protocol, i.e., each time a new task is 
presented, which may boost the final average result presented by the accuracy metric. In 
turn, it is more likely for the curriculum learning setting to achieve higher average perfor-
mance, when a simpler task is presented earlier in the scenario. This behavior poses issues 
in the interpretability of metric values, which are still unaddressed by currently available 
metrics. We believe that this aspect should be tackled by future work on metrics for CL.

4.3.1 � Summary: RQ2

Overall, results observed across two learning settings (class-incremental, task-incremental) 
in the two presentation orders (M2I, I2M) show that current methods are not able to fully 
leverage curriculum learning. One reason may be the fact that most of the CL strategies are 
heavily impacted by forgetting since they are challenged by the complexities involved in 
our proposed benchmarks. Comparing the performance and behavior of the CL strategies 
between M2I and I2M scenarios, we can also observe that different task orderings signifi-
cantly impact the final outcomes. On the other hand, methods appear to partially benefit 
from task similarity in some specific cases, as highlighted in our analysis of results. This 
outcome leads us to the consideration that task similarity could be further exploited by CL 
strategies to yield models that simultaneously use the knowledge acquired from different 
tasks to perform better in every single task.

5 � Conclusions

In this work, we focused on the problem of benchmarking CL methods, which is often 
conducted in heterogeneous ways, and with significant simplifications for the learning set-
ting. Specifically, we proposed two novel benchmarks that involve multiple heterogeneous 
tasks with varying qualities and complexities. Our benchmarks involved six image datasets 
in increasing (M2I) and decreasing (I2M) difficulty order, following the curriculum learn-
ing paradigm. The heterogeneity across datasets allowed us to inject realistic complexities 
into the learning scenario, resulting in challenging conditions for CL strategies. Particu-
lar emphasis was put on the rigorous and reproducible evaluation of model generalization 
capabilities and forgetting. Our extensive experimental evaluation showed that popular CL 
strategies, which are known to be robust on commonly adopted scenarios, fail to achieve 
satisfactory performance with our benchmarks. Moreover, CL strategies are affected by 
forgetting and are not able to effectively leverage curriculum task ordering to improve 
their performance and robustness, missing on the opportunity of simultaneously using 
knowledge from different tasks to perform better in every single task. Our results repre-
sent a starting point to assess the impact of curriculum learning on CL strategies. Future 
work includes the design of new CL strategies that are able to deal with the complexi-
ties devised in our benchmarks. Moreover, from an evaluation perspective, new metrics 
could be investigated to fully capture the spectrum of model behavior with different task 
orderings. Finally, an interesting line of research pertains to the analysis of the behavior of 
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non-conventional CL strategies, which are not yet incorporated in known frameworks due 
to their emerging nature.

Appendix 1: Hyperparameters of included strategies

In our study, as hyperparameters specific to each continual learning strategy, we adopt the 
configurations reported in their respective research papers. The chosen values are reported 
in Table 9. For general hyperparameters common to all strategies, we refer the reader to 
Sect. 4.
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Table 9   Hyperparameter values 
adopted for all continual learning 
strategies

Strategy Hyperparameters

EWC Lambda = 1
Mode = separate
Keep importance data = True

LwF Alpha = 2
Temperature = 1

MAS Lambda reg = 1
Alpha = 0.5
Mini batch size = 128

SI Lambda = 1
Epsilon = 0.001

AGEM Patterns per experience = 256
Sample size = 1300

GEM Memory strength = 0.5
GenerativeReplay Replay size = 200

Increasing replay size = False
Generator strategy = VAETraining

Replay Replay memory size = 200
CWRStar cwr layer name = fully connected
PNN Number of columns = 200
GDumb Mem size = 200
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