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Abstract. Humans excel at adapting to constantly changing environ-
ments, while artificial neural networks (ANNs) struggle with forgetting
under dynamic conditions. Continual learning (CL) research aims to
address this issue by enabling neural networks to sequentially acquire
new knowledge, balancing stability (retaining past tasks) and plasticity
(adapting to new tasks). Recently, promising work has emerged in this
area. Notably, Sparsification and Expansion for CL (SECL) introduces a
robust framework that sparsely uses a neural network’s available capacity
and expands it when this capacity is exhausted. We propose an enhanced
version of SECL, dubbed eSECL, which addresses two key weaknesses of
the original SECL algorithm. First, SECL was primarily investigated us-
ing convolutional neural networks (CNNs). Second, it does not properly
address how much capacity to add when growing a network. We address
the first issue by generalizing the algorithm to both dense neural net-
works and CNNs. For the second issue, we introduce a robust heuristic
that monitors the model capacity at each layer and determines the neces-
sary capacity to add. Experiments on popular CL datasets demonstrate
the superiority of eSECL over state-of-the-art methods.

Keywords: Deep Learning - Continual Learning - Catastrophic Forget-
ting.

1 Introduction

Supervised machine learning models, including artificial neural networks (ANNs),
rely on the assumptions that all data are available simultaneously and that the
data are drawn i.i.d. from a stationary probability distribution. These assump-
tions are often invalid in real-world applications where data distributions change
over time or where data is generated sequentially and hence, is not available all
at once. For example, an image classification system initially trained to recog-
nize cars (task 1) may need to adapt to new and evolving categories like scooters
(task 2) as they become relevant in the dataset. Another example is data pri-
vacy. For instance, user data must often be deleted after a certain period of time
to ensure compliance with data privacy regulations and to protect user privacy.
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This can result in missing data for specific tasks that were previously trained,
hindering the system’s ability to learn new tasks.

In such scenarios, shifts in the distribution of inputs data over time lead to
the forgetting of previously learned tasks when new tasks are learned by the
neural network. This phenomenon, known as catastrophic forgetting (CF) [13],
occurs as the model is updated with new-task gradients. For example, the hidden-
layer representations, which encode information about prior tasks, become biased
towards the new tasks, making it difficult for the model to accurately retain
and apply knowledge from older tasks. Overcoming catastrophic forgetting while
limiting computational cost and memory requirements is the focus of Continual
Learning (CL), also known as lifelong- or sequential learning.

Continual Learning systems enable models to sequentially acquire new knowl-
edge, such as new tasks or classes. The primary challenge in CL is managing the
Stability /Plasticity dilemma: Stability refers to the ability to assimilate new in-
formation without disrupting the stability of previous knowledge, while plasticity
ensures there is sufficient capacity to assimilate new knowledge. An effective CL
system should excel in both stability and plasticity during sequential learning.

Stability is often achieved by identifying parameters crucial for past tasks
and ensuring they do not change significantly during the learning of new tasks
[17]. Sparsification and Expansion-based CL (SECL) [28] addressed this by op-
erating on groups of parameters (entire filters) rather than individual kernel
parameters. In this paper, the proposed enhanced SECL (eSECL) extends this
notion to dense networks. Specifically, we define the notion of units as either a
filter in a convolutional neural network (CNN) (along with its associated kernel
parameters) or a neuron in a dense neural network (along with the parameters of
its incoming connections). Therefore, to achieve stability, eSECL identifies im-
portant units and constrains changes to their parameters, preserving previously
learned knowledge.

Existing continual learning research indicates that while improving stability
to prevent catastrophic forgetting, a model’s plasticity often decreases [15]. This
reduction in plasticity hampers the model’s performance when learning new
tasks, especially in long task scenarios.

In long task scenarios, continual learning methods typically address plasticity
by expanding the model’s capacity. These approaches are collectively referred
to as expansion-based methods. However, most of these methods freeze the old
parts of the network, leading to underutilization of these parts [34]. Additionally,
many expansion-based continual learning methods continuously introduce new
parameters without optimizing the use of existing capacity [35]. SECL addresses
these issues in an elegant way by using sparsity to manage network capacity pre-
and post-expansion.

Specifically, SECL proposes to sparsely use the available network capacity
before considering expansion. Given that neural networks are often overparame-
terized (see Meyes et al. [20]), they typically have more capacity than needed to
learn a given task. This superfluous capacity is then used in SECL to train on
future tasks without expanding the model for each task, as is done in popular
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methods. A weakness of SECL is that it does not scale the amount of capacity
to add at each layer. The enhanced version proposed here addresses this concern
by monitoring the model capacity at each layer and determining the necessary
capacity to add. This approach ensures that capacity is added in a scalable and
efficient manner, enhancing the overall effectiveness of the method.

As mentioned earlier, the central contributions of this paper are twofold: first,
it addresses the weakness of SECL being primarily investigated using CNNs and
proposes a method that generalizes it for both CNNs and dense networks; sec-
ond, it introduces a simple yet effective heuristic for automatically detecting the
amount of capacity to add at each layer when additional capacity is required to
learn new tasks. Both of these contributions are integrated into a robust frame-
work, dubbed enhanced Sparsification and Expansion for Continual Learning

(eSECL).

2 Related Work

Continual learning has gained increasing interest recently, with research divided
into three main approaches: expansion-based, regularization-based, and memory-
based. This section focuses on the first approach, which is particularly relevant
to this paper. For a comprehensive review, see [36].

Expansion-based Methods. These methods address the stability/plasticity
dilemma by dynamically expanding the model’s architecture for new coming
tasks [31,26,27,23]. A notable work is Sparsification and Expansion for CL (SECL)
[29]. SECL endows a CNN’s training objective with three key measures: stabi-
lizing the network on past tasks, sparsifying it to maintain plasticity for future
tasks, and extending it to learn additional tasks once its capacity saturates. The
present paper enhances this method by addressing two of its key weaknesses, as
described in Section 1.

Another notable method is Feature Boosting and Compression for Class-
Incremental Learning (FOSTER) [31]. It combines gradient boosting techniques
in two stages: feature boosting and feature compression. In feature boosting, the
old model’s parameters are frozen, and a new module fits the residuals between
the target and the original model’s output, enabling adaptation to new tasks. The
compression stage manages long-term incremental learning by using a distillation
strategy to transfer knowledge from the expanded model to a compact model.
As FOSTER expands the network with each new task, the total network grows
linearly with the number of tasks, raising scalability issues.

Such scalability concern was addressed by Progress and Compress (P&C)
[26], which proposed distilling the new network back to the original one after
each task, rather than to another compact model as in FOSTER. One of the
main limitations of P&C is its fixed expansion locations.

Dynamic Token Expansion (DyTox) [9] tackles the expansion-based contin-
ual learning approach from a different angle, using a transformer architecture. It
addresses the challenge of catastrophic forgetting by using a task-specific token
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expansion mechanism. The architecture maintains shared self-attention layers
across all tasks while using task-specific tokens to generate task-specialized em-
beddings. However, both P&C [26] and DyTox [9] focus on network stability,
often neglecting its plasticity for learning new tasks. eSECL, like SECL, ad-
dresses this issue by introducing a sparsity regularizer that enforces a sparse
architecture and preserves some of the network’s available capacity for future
tasks.

Other expansion-based methods [32,14] adopt a sparse architecture similar
to SECL and eSECL, but have some drawbacks. For instance, Sparse neural
Network for Continual Learning (SNCL) [33] uses variational Bayesian sparsity
priors on neuron activations across all layers to selectively activate and utilize
sparse neurons for learning both current and past tasks at any stage. However,
it relies on full experience replay to effectively guide the learning of these sparse
neuron activations in different layers. Sparse Continual Learning on the Edge
(SparCL) [32] uses a dynamic masking strategy that is task aware to retain es-
sential weights for both current and previous tasks, especially during transitions,
but it assumes the continuous availability of a rehearsal buffer. Compact Pick-
ing and Growing (CPQG) [14] gradually prunes a small fraction of weights and
retrains the residuals to recover the original performance. The stopping criteria
is triggered when a certain level of accuracy is reached, which requires prior
knowledge of the task difficulty.

Regularization-based Methods. These methods use regularization techniques
to penalize changes in representations learned from previous tasks [5,30,11,4].
This helps maintain stability by preventing the model parameters from devi-
ating significantly from earlier representations, thereby mitigating the risk of
forgetting previously acquired knowledge. A notable example is Elastic Weight
Consolidation [17], which pioneered the use of regularization to selectively con-
strain important parameters, thereby preserving knowledge from earlier tasks. A
major drawback of regularization-based methods is their fixed model capacity,
which leads to a decrease in the model’s plasticity as the number of previously
learned tasks increases. On the other side, they often exhibit strong performance
in maintaining stability over short task sequences.

Memory-based Methods. These methods are among the oldest techniques
for addressing continual learning and can easily be combined with others meth-
ods. They involve either storing samples from previous tasks or generating them
synthetically [12,7,6,22]. Knowledge is preserved by periodically replaying these
stored samples along with data from new tasks. However, storing samples de-
mands significantly more resources and computational overhead compared to
other continual learning methods. Conversely, generating samples presents its
own challenges, as the generative model is prone to forgetting and model col-
lapse, where the model’s performance degrades significantly. Furthermore, both
storing and generating sample data are often constrained by data protection
regulations.
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Fig. 1: Overview of eSECL. On the left, all units are initially unimportant. 77 is
trained with the sparsity regularizer according to Eq. (4), identifying units criti-
cal for T, shown in blue. In the middle, during learning of task 72, the network
trains with both sparsity and stability regularizers to preserve knowledge from
the first task; units important for 72 are highlighted in green. On the right, by
the time the task 72 arrives, almost all units have been marked as important for
previous tasks, necessitating the addition of new capacity (shown in yellow) to
accommodate 7. At this stage, the network is further trained with the sparsity
regularizer (Eq. (4)) to use the added capacity sparsely. The red “X” marks over
7' and 7?2 indicate the absence of data from these tasks. Adapted from [29].

3 Method

Before describing our approach, we briefly introduce the formalism and notation
used throughout the paper.

3.1 Notation and Formalism

Consider T sequentially arriving, previously unknown supervised learning classi-

fication tasks {7,---,77T}. Each task ¢ consist of a set of classes to be learned
together and has a training dataset D!, . = {(zf,y!)}"™,, where z and y!

represent an instance and its corresponding label among m! examples. Similary,
the test dataset is denoted Df,,. Furthermore, let [ € {0,--- , L} denote a layer
in the neural network, with N; representing the number of its units. Moreover,
ny; (where i € {1,---, Ni}) refers to the i unit in layer I, O} ; and (2 ; respec-
tively denotes its parameters and importance at task t. The activation of unit
ni,; at task ¢, given an input z;, is denoted by af)i(xs). 6! = {60!} 1<i<r, where
0] = {6} ;}1<i<n,, represents the neural network parameters for task ¢. Finally,
the notations 7 and 2! respectively represent the tasks from 1 to ¢ and the
importance of each unit in learning tasks from 1 to ¢.

As mentioned in Section 1, in a dense network, a unit corresponds to a neuron,
with its parameters represented by its incoming connections. In convolutional
neural networks (CNNs), a unit is represented by a 3D convolution filter, and a
connection is denoted by a 2D kernel.
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3.2 Enhanced Network Stability

Unit importance at learning 7* To stabilize the network on previous tasks,
minimizing significant deviations in the representations of past tasks while learn-
ing new ones is crucial. To achieve this, a measure of parameter importance for
each task ¢ must be defined. Inspired by SECL [29], where importance is defined
at the convolution filter level rather than at the individual kernel parameter
level, we adapt this metric to dense networks.

Specifically, the importance .Qlt’i € [0,1] of the i*" unit in layer [ at learning
task ¢ is quantified as the average standard deviation of the unit’s post-activation
value over all training samples of task ¢:

N
0fi= 5 >0 (af o) 1)
n=1
where o(-) denotes the standard deviation.

Defining importance at the unit level reduces the complexity of tracking
individual parameters and captures the collective influence of parameters within
a unit. This approach provides a more holistic and robust assessment of each
unit’s contribution to the task.

A potential concern is whether the total activation of a unit accurately re-
flects its significance in learning a task. In CNNs, activations are frequently used
to identify which filters are crucial for specific tasks in various contexts, such as
neural pruning, see e.g. [3,2], or neural compression like e.g. [10,19]. Numerous
empirical studies support this approach. For instance, [16] showed that removing
the most active filters significantly degrades performance compared to removing
an equal number of randomly selected filters. In this paper, this concept is ex-
tended to dense networks, considering neuron importance as defined earlier in
this section.

Unit importance at learning 7 Once the importance 2} ; of unit 4 in layer
[ in learning task ¢ only is computed, it is crucial to consider the importance
of this unit in learning previous tasks 71t=1 (71 to T¢71) so that it remains
stable in performing these tasks. For this purpose, after learning each task ¢, the
importance Qllf of the unit 4 in layer [ in learning tasks 7' to 7' is updated as:

O = v QT+ 0 2)

where 911:;71 is the importance at learning tasks 7' to 7'~! and v is a hyper-
paramete’r balancing the importance before and after training on task ¢.

After learning each task ¢, the neural network’s capacity, represented by its
units, can be divided into units important for previous tasks, denoted by their
parameters ©,, and units unimportant for previous tasks, denoted by their
parameters ©_.

When learning 7, the regularizer, which constrains important representa-
tions from previous tasks 71*~! from changing significantly is then given as:
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Ny
Rispapitiny (@1, 0") = E E Qzl,}t_l 167 — 911,:;_1“2 (3)
=1 i=1
o eelt~!

3.3 Enhanced Network Plasticity

Depending on its initial capacity, a neural network typically exhibits natural
plasticity, as not all of its capacity is utilized for learning a given task. In fact,
a neural network usually has more parameters than necessary for learning a
specific task [20]. Therefore, parameters unused for previous tasks 7+¢~! can be
reallocated for a new task 7. Thus, after training on a task ¢, two different sets
of units can be identified:

1. Those crucial for learning task ¢, whose parameters, denoted @ﬁr, are con-
strained to ensure stability,

2. Units that are unimportant for learning task ¢, whose parameters, denoted
©! , are reinitialized and used for future tasks, ensuring the network’s plas-
ticity.

To enhance this natural plasticity, eSECL, like SECL, adds a sparsity regu-
larizer to the loss function but generalizes it to both dense networks and CNNs.
This regularizer encourages a sparse architecture during training on each task,
thereby maintaining sustained sparsity throughout the continual learning proce-
dure. It consists of two components: group sparsity and exclusive sparsity. Group
sparsity regularizers encourage feature sharing in the lower layers of the neural
network, which is beneficial for capturing representative geometry, while exclu-
sive sparsity promotes feature discrimination in the upper layers, making them
more specialized for the task at hand:

L N; L N;
R%lasticity(@t) = Z Z szl"@ltJ”Q + Z Z C”@Z’L”l? (4)
=1 =1 f=1

f=1
o) et of et
Group sparsity Exclusive sparsity

where ¢, =1 — ﬁ and ( = (1_2711”), where ; adjusts the degree of sharing and
discriminating features at each layer [, giving more weight to group sparsity at
lower layers, while exclusive sparsity dominates at higher layers.

Connection Rewiring eSECL leverages connection rewiring for two main
purposes: to mitigate negative transfer and to reactivate dead units. Dead units
in neural networks are units that no longer respond to any input and produce
zero or near-zero activations regardless of the data. This turns them into useless
units, as they do not contribute to the learning process or the model’s output.
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Dead units can occur for several reasons, such as activation functions like the
Rectified Linear Unit (ReLU) [24], which output zero for any input less than zero,
or because units are unimportant for a task, for which they do not contribute
significantly to the learning process and thus receive minimal activation. After
training on task t, dead units (including unimportant units) are reinitialized to
make them active and available for future tasks.

Negative transfer in continual learning refers to a situation where learning
new tasks adversely affects the performance on previously learned tasks. This
phenomenon occurs when the acquisition of new knowledge interferes with or
disrupts existing knowledge. To prevent negative transfer in eSECL, connections
from unimportant units to important units are set to zero, ensuring that future
changes in an unimportant unit’s functionality do not propagate to important
units. This is particularly important in dense neural networks, where the dense
connectivity can easily lead to disruptions in learned knowledge if not properly
managed.

3.4 Enhanced Network Expansion

Even with the sparsification scheme presented in the previous section, network
expansion may become unavoidable. This is especially true in two scenarios: (i)
the number of learning tasks is extremely high. (ii) There is significant variability
in tasks. For instance, the features needed to recognize handwritten digits differ
significantly from those required to identify objects in images. Consequently,
there are two initial situations when starting the training of a new task ¢: (i) the
capacity limit has not yet been reached, allowing the available units to be used for
learning this task; (ii) the capacity limit has been reached, and further learning
will inevitably lead to forgetting, requiring additional units to be introduced.

However, growing a neural network in a continual learning setting presents
specific challenges, which can be categorized into three main groups: “scalabil-
ity”, “heuristicity”, and “handling additional parameters”. These challenges were
addressed in SECL for convolutional neural networks. In dense networks, these
challenges are even more amplified as the dense connectivity increases the com-
plexity and potential for interference among units.

The remainder of this section discusses each of these challenges in detail as
addressed in eSECL for both dense networks and CNNs. Additionally, the new
heuristic added in eSECL to determine the amount of capacity to add when
expanding the network is examined.

Scalability To address the scalability drawbacks (increased training and storage
costs) typically encountered with expansion methods, as discussed in Section 2,
eSECL applies the sparsity regularizer from Eq. (4) to the parameters ©»V
added during network expansion. This approach maintains a more efficient and
less redundant network architecture, significantly enhancing the scalability of
eSECL. This is particularly effective in dense neural networks, where the dense
connectivity can otherwise lead to substantial overhead in both computation and
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storage. As a result, eSECL can handle an increasing number of tasks without a
proportional increase in network complexity or resource consumption, which is
crucial for an expansion-based continual learning system.

Heuristicity A key challenge in expansion-based CL is determining the optimal
timing for network expansion. At the arrival of a task ¢, if previously learned
parameters @'~ ! effectively describe a new task 7%, expansion may not be neces-
sary. However, if they do not, additional capacity is essential. Thus, it is crucial
to determine whether the existing capacity is adequate for a new task, requiring
a robust heuristic to detect when network expansion is needed.

To achieve this, SECL proposed an expansion heuristic based on a dynamic
component of the objective function, specifically the filters’ importance vector
0%t The resulting vector 2! quantifies the significance of each unit (neuron
or filter) in the network after learning tasks up to ¢. By focusing on an intrin-
sic property of the network’s learning process, eSECL simplifies the expansion
mechanism and reduces the overhead associated with manually adjusting expan-
sion hyper-parameters as done in others methods. The heuristic is outlined in
the following three steps:

1. Importance Thresholding: After learning task ¢, the importance of each unit
in learning tasks 1 to t, denoted as Tt is computed using Eq. (2).

2. Layer-specific Evaluation: Once the important units represented by their
parameters O C O are identified, their distribution across the network
layers is assessed. If a layer [ has fewer important units iV, ll_;t than a specified
percentage of its total initial units, it indicates that the layer may be under-
capacity for handling new task.

3. Adaptive unit Addition: Based on this evaluation, additional units n! 4, are
introduced into layers where the current capacity is insufficient. The number
of added units n’ ;4 C Nada in layer | corresponds to the difference between
the initial capacity n! ;, and the remaining capacity n! at layer [.

remain

This process constitutes a heuristic, determining “when” and “where”, “how
many” additional units to add, thereby ensuring optimal resource allocation and
improving overall network performance.

Handling Additional Parameters Adding units to a neural network in a
continual learning context can degrade the well functioning of the overall net-
work. To avoid this, care muss be taken to properly handle the added units and
connections. eSECL addresses this issue effectively, as illustrated in Fig. 2, which
depicts the addition of units to two consecutive layers within a dense network.
In layer [, two units (filled in yellow) have been added, while in layer [ + 1, one
unit has been added. Additionally, a specialized unit (dashed in yellow) has been
added to the output layer, dedicated to the current task.

This expansion process results in the creation of three distinct parameter
matrices, which are central to the network’s expanded architecture:



10 B. Tousside et al.

Output
layer

Input
layer

layer [ layer [+1

Fig. 2: Schematic overview of network expansion: unimportant units are shown
in white, important units are shown in gray, and newly added units are shown
in yellow. Adapted from [29].

1. @opand.l — {9}’_1171, 9;%_1}: This set of matrices, shown in green connections,
encapsulates the incoming connections from the previous layer to each newly
added unit.

2. @epand;2 — o ' This matrix, shown in blue, represents the interconnec-
tions between the newly added units across the consecutive layers.

3. @opand3 — {67111, 0711 112 }: This set of matrices, shown in red connections,
captures the outgoing connections from the newly added units to the existing

units in the subsequent layer.

This organized structure allows for the added connections to be handled in
an organized way during training. Specifically, ©*2"%:! (green connections) and
©°Pand;2 (hlue connections) can be trained without any restrictions as they do
not have a direct influence on previously established knowledge in the network.
However, care must be taken when dealing with ©®®a43 (red connections).
Without proper handling, the information flowing to important units in layers
I+ 1 and [ 4+ 2 may change during future training, resulting in catastrophic
forgetting of previous knowledge.

To prevent this catastrophic forgetting occurrence, an additional regulariza-
tion term, Rexpand, is introduced into the objective function:

7?’fexpansion(@t): Z H@f,zng (5)

expand, 3
ey

This term strongly constrain the magnitude of ©®P2":3 (red connections) specifi-
cally on units deemed important for learning past tasks {77, -+, T*~1}, thereby
minimizing any potential interference with the retention of previously acquired
knowledge. This strategy provides a balanced approach that allows for network
expansion while maintaining the integrity of prior learning, resulting in a ro-
bust continual learning system that can adapt its architecture over time without
losing its acquired knowledge.
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Combining Stability, Plasticity and Expansion to Enhance CL
Efficiency

To form the final eSECL training objective, the task-specific loss is combined
with the stability, plasticity, and expansion regularizers defined above. This re-
sults in the following loss function:

L0, Dirgin) = Liaa (0", Dirain) + AsRisganitiey (077, 0")

train train

+ )\PRtPlasticity(et) + )‘SRExpansion(et)

where Rétability(elztil’@t)? R%’lasticity(et)v and R%]xpansion(et) are defined in
Eq. (3), Eq. (4), and Eq. (5) respectively. The coefficients A, Ap, and A represent
the strengths of the stability, plasticity, and expansion regularizers.

When training on the first task, the plasticity regularizer, which is always
active, ensures that only a minimal capacity of the network is utilized. The sta-
bility and expansion regularizers are inactive since there is no previous task to
stabilize and no need for expansion, as the full network capacity is still available.
Starting from the second task, the stability regularizer is introduced to balance
the retention of knowledge from previous tasks with the integration of new infor-
mation. The expansion regularizer becomes relevant once expansion is trigerred
by the expansion heuristic presented in Section 3.4.

3.5 Solving the Resulting Optimization Problem

To minimize the regularized learning objective defined in Eq. (6), we employ a
proximal gradient descent (PGD) approach. PGD is suitable for optimization
problems with separable objectives that include both smooth and non-smooth
components, represented as:

mé%n 9(0) + h(O), (7)

where ¢(©) is convex and differentiable, while h(©) may be non-smooth [25]. The
idea is to first take a gradient step on g(©) followed by a “corrective” proximal
step to satisfy for h(O). The resulting parameter update after PGD is then given
as:

OF 1 = prox, ,, (0F —aVg(6")), (8)

where OF is the k" proximal update step and prox,, ¢ 1s the proximal operator.
Let rewrite the training objective in Eq. (6) as:

[’t(el:t7 Dérain) = ’C‘Eask(et7 Dtt:rain) + ‘C%,eg(el:t_lv Qt)v (9)

where Eﬁeg(Ql’t*I7 O1) is the regularization loss, which combines the stability,
the plasticity and the expansion regularizers.

The proximal gradient iteration as defined in Eq. (8) therefore results in
minimizing the task specific (cross-entropy) loss Lf,, (©) only for one epoch,
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with learning rate «, and from the resulting solution, applying the proximal
operator of the regularizer loss [Zﬁeg(@). Assuming training on task index ft,
which is omitted in the following for the sake of readability, the gradient descent
and proximal gradient step in Eq. (8) can then be rephrased for our training
objective as:

OF L = OF — AV Liask (OF) (10)
oFFl .= (OF+1), (11)
Since the parameters of the units are non-overlapping (in a dense layer, each
neuron has its own unique set of incoming connections, and in a convolutional

layer, each filter has its own unique set of weights) the proximal gradient update
from Eq. (11) can be applied independently to each unit in each layer.

= PIoX, £p.,

PGD Iteration for a Single Unit Considering the training of a single unit
¢ in layer [ at task ¢, where index t is omitted for the sake of readability, the
regularization loss term L,e5(©) from Eq. (9), can be rewritten as:

A0 =0 2 if 6, € )
Lreg(61i) =  Ae||Orill2 if ©;; € @FP 3 (12)

Ap (GOl + ¢illOuill2)  if O € OFF!
Consequently, the parameters update rules in Eq. (11) translate for a single unit
into the following tree distinct cases (remember that élkjl is the result of a
standard gradient step, such as SGD, on Li.q(0F)): ’
- Ifo,, et

@k+1 k+1)

= prox, r,,, (67

a)\sglzltfl
el (1o i) (et o)
+

[SreaS v &
=07 + 8O -6 (13)
=0 (1-p)+ 8 6

ith 8 <1 aX 2 )
W1 = —
Ak t—
1O —oF L),

d,3
~ I 6, € O™

k+1 . _ k+1
Ql,i © = Prox, Lyieg (@l,z )

aAe Sk+1
:<1 |(9k+1||2> orr (14)
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— If @m € @l_:t_l
k+1 . Nk+1
@l,j D= ProxX, ¢, (917;" )
_ § } Skl
= PI%ax a6l (pmx)\pwzH@z,i\b (91773 ))
)‘pwl k41
= ProX,, 16, 1 - —— Ql,'
aXp GOl [( H@lk,jl‘b . 7 (15>

= {sign(u;) max{fu;| — aApG, 0} 1y

A o
with u; = 17% ort
165 ), "

These Equations (13, 14, 15) provide the final update for each unit in each

layer. From Eq. (13) it can be observed how full stability (i.e. @lkjl = 9[1:;71)

is guaranteed if 5 = 0, whereas full plasticity (i.e. @lkjl = 0) is achieved in
Equation (15) if u; = 0.

The complete process for updating the parameters of each unit in every layer
is summarized by the following pseudocode:

Algorithm 1: eSECL: Numerical Optimization Algorithm

Input: learned parameters O~ up to t — 1,
Qexpand,?)
+

9y
learning rate a,

regularizer strength As, Ap, Ae
Result: Updated parameters @%+!

1 for each epoch k do
2 OFtt = @F —av Ll . (0F) > Standard GD on task specific loss;
3 for each unit i in layer | do
4 Compute ¢y =1 — ﬁ > Adjust degree of sharing and
5 discriminating features as given in
6 Eq. (4);
7 Update ijl using Eq. (13), Eq. (14) or Eq. (15);
8 end
9 Connection rewiring on dead and unimportant units ©_ C @
10 end

4 Experiments

Continual Learning Scenario: We follow the typical continual learning sce-
nario, where it is assumed that after training on 7, Df ;. becomes unavailable,
while Df.. is used to evaluate the model’s performance on 7* after training on

T, with ¢/ > ¢.
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Datasets: We conduct experiments on three different datasets, which are popu-
lar CL benchmarks: CIFAR-100 consists of 100 classes of 32 x 32 images, divided
into 20 tasks, with each task containing 5 different classes. Omniglot consists of
thousands of handwritten characters from 50 different alphabets, both real and
fictional, each with a different number of classes/characters, treated as a sequence
of different classification problems. ImageNet-32 is a downsampled (32 x 32) ver-
sion of the popular ImageNet [8]. It is split into 200 tasks of 5 classes each,
making it suitable for evaluating performance over very long sequence scenarios.

Baselines: eSECL is evaluated against state-of-the-art regularization-based
(fixed capacity) and expansion-based CL methods. Regularization baselines high-
light the limitations of fixed-capacity approaches and underscore the need for
expansion methods such as eSECL. Specifically, eSECL is compared to EWC
[17], and GESCL [30], which are fixed-capacity based as well as CPG [14], P&C
[26], FOSTER [31], and DyTox [9], which are expansion-based methods.

Network: In the case of Permuted MNIST, we use a three-layer multi-layer
perceptron (MLP) with 400 units each. For Omniglot and ImageNet-32, a scaled-
down version of the ResNet18 architecture, similar to that used in [18,1], is
adopted as it corresponds to real-world scenarios and is frequently used in CL
literature, facilitating meaningful comparisons.

4.1 Overcoming Catastrophic Forgetting

As a first experiment, the ability of eSECL to address catastrophic forgetting
is investigated. A common measure to evaluate forgetting is to assess how the
accuracy of the initial task changes as subsequent tasks are learned. [21]. This
is visualized in Fig. 3, which shows the accuracy progression of the initial task
across different data sets during the continual learning experiment. Specifically,
it shows how the accuracy for the initial task shifts after sequentially learning
9, 49, and 199 tasks across the permuted MNIST, Split Omniglot, and Split
ImageNet-32 datasets.

The results allow for several interesting observations. Most importantly, after
sequential training on all tasks, eSECL remains the most stable with minimal for-
getting, consistently maintaining strong performance on the initial task. This is
particularly evident in the challenging Split ImageNet-32 dataset, where eSECL
significantly outperforms its strongest competitors, GESCL [30] and FOSTER
[31], especially from task 120 onward.

Interestingly, in Permuted MNIST, a domain incremental learning scenario
(where each task is drawn from a different domain but all tasks share the same set
of classes), the decline in accuracy on the first task is more pronounced compared
to shorter task sequences, such as splitting CIFAR-10 into 5 tasks. Furthermore,
FOSTER. [31] does not perform well on such a domain incremental learning
dataset. However, more experiments are needed on domain incremental dataset
to support this finding.
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Fig.3: Assessing catastrophic forgetting by monitoring performance retention
on the initial task across three datasets: Permuted MNIST, Split Omniglot,
and Split ImageNet-32. Results show for each dataset how the classification
accuracy of the first task evolves as new tasks are introduced. Overall, eSECL
exhibits the strongest resistance to catastrophic forgetting, maintaining initial
task performance more consistently than other methods.

Another notable observation is that while CPG performs well on Permuted
MNIST (which has only 10 tasks), it struggles to retain performance in scenar-
ios with a large number of tasks. This result may be due to Permuted MNIST’s
domain incremental nature, suggesting that CPG excels in domain incremen-
tal scenarios or a combination of both domain incremental and shorter task
sequences. This will be investigated in more detail in future research.

Overall, eSECL’s ability to maintain high performance on the initial task
after learning a large number of tasks is attributed to its effective network ex-
pansion strategy, which employs a robust unit importance heuristic to overcome
forgetting and strategically expand the neural network as needed.
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4.2 Overall Classification Accuracy
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Fig.4: Evolution of average test classification accuracy during the continual
learning experiments on three datasets. eSECL achieves significantly higher clas-
sification results than the competing continual learning methods.

In a second experiment, the effectiveness of eSECL is assessed in terms of
classification accuracy during continual learning experiments. To evaluate the
classification accuracy, the all-important average accuracy metric [18] is used.
Specifically, the classification accuracy at 77, is the average classification accu-
racy obtained during testing on tasks 71,---,T* using D}, -, Dl. and is

)y “tes
defined as:
t

1 /
ACCh = at (16)

t'=1

’ ’ . .
where a®! denotes the model’s accuracy on D!, after training on task ¢.
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Figure 4 illustrates the evolution of the average accuracy across tasks during
the CL experiments for 3 datasets: Permuted MNIST, Omniglot, and ImageNet-
32. The results indicate that eSECL shows strong performance in terms of av-
erage accuracy compared to other baselines on all benchmarks. An interesting
observation can be made on ImageNet-32, which consists of 200 tasks and rep-
resents a longer sequence than typically studied in the CL literature. At the
later stages of this sequence, eSECL exhibits a significant increase in accuracy,
allowing it to outperform other expansion baselines. This improvement can be
attributed to the strategic heuristic implemented in the eSECL learning proce-
dure, which allows for targeted network expansion precisely where capacity is
needed.

An empirical conclusion that can be drawn from Figures 3 and 4 is that
eSECL achieves strong overall continual learning results, due to its effective
handling of the stability-plasticity dilemma using built-in stability and plasticity
regularizers. Additionally, the use of adaptive network expansion mechanisms,
based on persistent sparsity in added units, proves to be highly effective.

4.3 Ablation Study

Table 1: Average accuracy (ACC) and average forgetting (F) of eSECL variants
on Permuted Mnist, Omniglot, and ImageNet-32.

Permuted MNIST Split Omniglot Split ImageNet-32

A A Ae
ACC(%) F  ACC(%) F  ACC(%) F

v v v 96.14 0.008 75.22 0.085 73.56 0.091
v v 93.06 0.083 71.16 0.01 64.28 0.29
v v 53.72 0.711 33.73 0.804 15.97 0.885

v v 77.55 0.048 58.9 0.053 50.4 0.069
v 42.9 0.715 22.16 0.806 18.9 0.941

v 75.04 0.12 42.70 0.144 35.8 0.206
v 44.83 0.711 23.8 0.792 12.7 0.905

We evaluated the impact of each component in the eSECL framework on the
permuted MNIST, Omniglot, and ImageNet-32 datasets. This ablation study
specifically examined the effects of the stability regularizer (\s), the plasticity
regularizer (),), and the expansion regularizer ()\.) on the base model. Various
eSECL variants were created with different combinations of these components,
either activated (indicated by v') or deactivated (indicated by an empty space).
Additional variants of eSECL were generated by deactivating two of the three
components simultaneously to assess their combined influence on the model’s
performance.

The results of the ablation study are presented in Table 1, using two primary
metrics for evaluation: “ACC”, which denotes the average classification accuracy
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at 77 as described in Section 4.2, and “F”, which represents the average forget-
ting, defined as the average decrease in performance on each task from its peak
accuracy to the accuracy after all tasks have been learned [21].

The results for these two metrics, presented in Table 1 highlight the effec-
tiveness of each component in enhancing average classification accuracy and
reducing forgetting across tasks. The findings underscore that the interaction
between the stability, plasticity, and expansion regularizers is crucial for the
superior performance achieved by the eSECL framework.

5 Conclusion

This work introduces eSECL, a continual learning method that enhances SECL,
a prominent expansion-based CL method primarily studied on CNNs, by gener-
alizing it to both dense neural networks and CNNs. In addition, eSECL develops
a robust heuristic to automatically determine the amount of capacity to add in
each layer when expanding a network for new tasks. Extensive experiments on
various datasets demonstrate the superiority of eSECL over a large variety of
reference and state-of-the-art methods.
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