International Journal of Computer Vision (2026) 134:454
https://doi.org/10.1007/s11263-026-03018-4

®

Check for
updates

EFC++: Elastic Feature Consolidation with Prototype Re-balancing for
Cold Start Exemplar-free Incremental Learning

2 3

Simone Magistri'® - Tomaso Trinci2(® - Albin Soutif-Cormerais>® - Joost van de Weijer?

Andrew D. Bagdanov'

Received: 3 October 2025 / Accepted: 24 August 2026
© The Author(s) 2026

Abstract

Exemplar-free Class Incremental Learning (EFCIL) aims to learn from a sequence of tasks without having access to previous
task data. In this paper, we consider the challenging Cold Start scenario in which insufficient data is available in the first
task to learn a high-quality backbone. This is especially challenging for EFCIL since it requires high plasticity, resulting in
feature drift which is difficult to compensate for in the exemplar-free setting. To address this problem, we propose an effective
approach to consolidate feature representations by regularizing drift in directions highly relevant to previous tasks while
employing prototypes to reduce task-recency bias. Our approach, which we call Elastic Feature Consolidation++ (EFC++),
exploits a tractable second-order approximation of feature drift based on a proposed Empirical Feature Matrix (EFM).
The EFM induces a pseudo-metric in feature space which we use to regularize feature drift in important directions and to
update Gaussian prototypes. In addition, we introduce a post-training prototype re-balancing phase that updates classifiers to
compensate for feature drift. This strategy allows to improve over our previous EFC method by mitigating the misalignment
between stored prototypes and the evolving feature space. Extensive experimental results on Tiny-ImageNet, ImageNet-
Subset, ImageNet-1K, and DomainNet show that EFC++ achieves a strong stability—plasticity trade-off in Cold Start and
outperforms recent exemplar-free baselines. Code is available at https://github.com/simomagi/elastic_feature_consolidation.
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1 Introduction applications. In real-world applications like autonomous

driving (Shaheen et al., 2022), multimedia forensics (Mag-
Deep Neural Networks (DNNs) like Convolutional Neural istri et al., 2024a), healthcare (Lee and Lee, 2020) or remote
Networks (He et al., 2015) and Vision Transformers (Doso- sensing (Liu et al., 2022), data are often not stationary,
vitskiy et al., 2021) achieve strong performance across many  necessitating the adaptation of DNNs to new data and tasks.
Updating models is challenging due to the phenomenon
Communicated by Hong Liu. known as catastrophic forgetting (Mccloskey and Cohen,
1989; French, 1999), i.e., the tendency of DNNs to lose
previously acquired knowledge when learning new tasks.
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stability-plasticity dilemma (Wang et al., 2024; Mermillod
etal., 2013).

Relying solely on data from the current task to miti-
gate catastrophic forgetting is challenging because the final
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towards the most recent task (a phenomenon known as task-
recency bias). Additionally, the final classifier is never trained
to distinguish among all the encountered classes (a phe-
nomenon called inter-task confusion (Masana et al., 2022)).
To address this, many recent CIL approaches, known as
Exemplar-based Class Incremental Learning (EBCIL) meth-
ods, store samples from previous tasks (e.g., 20 per class) as
exemplars and replay them while learning new tasks (Kang
et al., 2022; Yan et al., 2021; Zhou et al., 2022). While
effective, these methods require additional storage and com-
putational resources, which can scale with the number of
tasks (Trinci et al., 2025; Lanzillotta et al., 2026). Further-
more, storing samples can pose significant privacy issues, as
it may not always be feasible to retain such data due to pri-
vacy concerns (Caselli et al., 2025; Qazi et al., 2026). For
these reasons, in this paper we focus on the more general
and challenging incremental learning setting without exem-
plars, a paradigm known as Exemplar-free Class Incremental
Learning (EFCIL).

Elastic Weight Consolidation (EWC) is a pioneering
work in EFCIL (Kirkpatrick et al., 2017). EWC addresses
catastrophic forgetting via weight regularization. EWC is
an elegant approach based on a Laplace approximation of
the previous task posterior. When training on a new task,
an approximate Fisher Information Matrix is used to reg-
ularize parameter drift to prevent the optimization from
harming parameters important for previous tasks, while
simultaneously increasing plasticity to learn new tasks. Since
computing the full Fisher Information Matrix is intractable
(its size is quadratic in the number of network parame-
ters), EWC uses a diagonal approximation of the matrix.
This approximation is an aggressive simplification compared
to the full matrix and results in a significant performance
drop (Liu et al., 2018; Ritter et al., 2018).

Given the difficulties in regularizing network weights,
recent EFCIL methods rely on the more tractable functional
regularization paradigm which mitigates network activa-
tion drift during incremental learning. Feature distillation,
consisting in regularizing feature space drift via £, regu-
larization, is a central component in recent state-of-the-art
EFCIL approaches (Liu et al., 2020; Zhu et al., 2021b, 2022;
Toldo and Ozay, 2022; Yu et al., 2020). Feature distillation is
often combined with class prototypes, either learned (Toldo
and Ozay, 2022) or based on class means (Zhu et al., 2021b),
to perform pseudo-rehearsal of features from previous tasks
in order to reduce task-recency bias and inter-task confu-
sion phenomenon. Prototypes — differently from exemplars
— offer an efficient and privacy-preserving way to mitigate
forgetting.

While feature distillation effectively mitigates forgetting
through increased stability, it does so at the cost of reduced
plasticity for learning new tasks (Douillard et al., 2020). A
similar emphasis on stability is also observed in other recent
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Fig.1 Plasticity potential in Cold and Warm Start. We train a ResNet-
18 on Cy classes of CIFAR-100 for Cy = 10, 20, ..., 50, and evaluate
feature quality via linear probing (Davari et al., 2022) on all 100 classes.
The plasticity potential A, defined as the maximum performance gain
which can be obtained with a plastic versus a frozen backbone, is quanti-
fied as the performance gap between Joint Training and a model frozen
on a subset of classes. Note that Acglg (the Cold Start scenario) is
significantly larger than Awam (the Warm Start case). This is due to
the inability to learn a strong feature extractor on only Cy classes and
hence greater plasticity is required to incrementally learn new classes.
Freezing the backbone in such settings limits adaptability and ultimately
constrains performance on subsequent tasks

EFCIL methods that freeze the backbone after the first task
and focus solely on incrementally learning the classifier (Petit
et al., 2023; Goswami et al., 2023). This emphasis on sta-
bility largely stems from the standard evaluation setting for
EFCIL methods (Zhu et al., 2022, 2021b; Toldo and Ozay,
2022; Petit et al., 2023; Goswami et al., 2023). In this set-
ting, called the Warm Start scenario, the first task includes
a large fraction of the total classes, typically 40% or 50%,
making stability more critical than plasticity. Since a high-
quality feature extractor is learned in the first task, it improves
generalization in subsequent tasks. However, when the initial
task is smaller, an incremental learning method must increase
plasticity to compensate for the lack of a strong initial fea-
ture extractor, requiring substantial updates to the backbone
in order to effectively learn new tasks.

In Figure 1 we give an empirical analysis via linear prob-
ing to demonstrate the importance of plasticity in EFCIL for
different initial task sizes. These results show that for smaller
initial task sizes (e.g. Cop = 10), the plasticity potential A
— defined as the maximum performance gain which can be
obtained with a plastic versus a frozen backbone — is highest.
This reflects the greater need for feature adaptation in later
incremental learning stages, as a weaker initial backbone
demands more flexibility to incorporate new knowledge.

In this paper we examine EFCIL in the more challenging
Cold Start scenario in which the first task is insufficiently
large to learn a high-quality backbone and methods must be
plastic and adapt their backbone to new tasks. Although this
scenario has been explored in the EBCIL literature (Zhou et
al., 2022; Yan et al., 2021), it is rarely addressed in EFCIL
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due to several challenges. In Cold Start scenarios, represen-
tations are more prone to change than in Warm Start, making
it difficult to control drift without compromising plasticity
— especially when there are no exemplars to rely on. Addi-
tionally, using a strict regularizer, like feature distillation or
freezing the backbone, prevents the network from adapting
to new data. Therefore, an alternative to feature distillation
is necessary and an exemplar-free mechanism is needed to
adapt previous-task classifiers to the evolving backbone.

To address the challenges of Cold Start, we propose
a novel EFCIL approach, called Elastic Feature Consoli-
dation with Prototype Re-balancing (EFC++), that builds
upon our previous method EFC (Magistri et al., 2024b). We
introduce the Empirical Feature Matrix (EFM), a tractable
second-order pseudo metric that regularizes changes along
directions most relevant to past tasks while promoting the
plasticity needed in Cold Start. Unlike the Fisher Informa-
tion Matrix, the EFM can be easily computed and stored,
since its size depends only on the feature space dimension-
ality. As in EFC, EFC++ also relies on Gaussian prototypes
to mitigate inter-task confusion. However, we show that in
high-plasticity Cold Start regimes, the joint optimization of
the feature extractor and prototype-rehearsal based classifier
used in EFC makes stored prototypes progressively mis-
aligned with the evolving feature space. EFC++ addresses
this limitation by decoupling feature learning from classi-
fier adaptation: features are learned with EFM regularization,
while prototypes are updated after feature learning and used
to re-balance a global classifier over all seen classes. This
design mitigates prototype-feature misalignment and enables
a more effective use of EFM regularization. In addition,
compared to our previous work (Magistri et al., 2024b), we
perform a more detailed diagnostic study of the method,
including Warm versus Cold Start drift behavior, prototype
re-balancing ablations, spectral and perturbation analyses of
the EFM, hyperparameter sensitivity, efficiency considera-
tions, and remaining failure modes, including the central
role of class mean estimation over covariance estimation in
EFCIL prototype rehearsal.
Contributions. Our main contributions are:

— Cold Start EFCIL. We study exemplar-free class-
incremental learning under the challenging Cold Start
setting, in which the first task is insufficient to learn a
strong backbone. We show that the plasticity required
in this regime induces structured feature drift, dispropor-
tionately affects earlier tasks, and progressively degrades
prototype reliability.

— Empirical Feature Matrix. We present the Empirical
Feature Matrix (EFM), a tractable feature-space ana-
logue of second-order importance estimation. The EFM
induces a pseudo-metric that selectively regularizes drift

along directions important for previous tasks, while pre-
serving plasticity in less relevant directions.

— Elastic Feature Consolidation. We propose Elastic
Feature Consolidation (EFC) and its extension Elas-
tic Feature Consolidation with Prototype Re-balancing
(EFC++). EFC combines EFM-based regularization with
asymmetric prototype rehearsal and EFM-guided pro-
totype drift compensation. EFC++ further decouples
feature learning from classifier adaptation through pro-
totype re-balancing, improving prototype alignment in
Cold Start scenarios.

— Comprehensive Evaluation. We evaluate EFC and
EFC++ on CIFAR-100, Tiny ImageNet, ImageNet Sub-
set, ImageNet-1K, and DomainNet in Cold Start and
Warm Start regimes. Results show competitive perfor-
mance on CIFAR-100, and state-of-the-art performance
on more challenging benchmarks compared to recent
EFCIL methods.

The paper is organized as follows. Section 3 introduces
the Empirical Feature Matrix (EFM). Section 4 presents
Elastic Feature Consolidation with Prototype Re-balancing
(EFC++). Sections 5-6 present the experimental setup and
comparisons with state-of-the-art EFCIL methods. Section 7
reports ablations and additional analyses. Finally, Section 8
concludes with our main contributions and future directions.

2 Related Work

The primary goal of incremental learning is to continuously
acquire new knowledge from a non-stationary data stream
while mitigating the issue of catastrophic forgetting. In this
study, we focus on offline class incremental learning prob-
lems. The class-incremental scenario is distinguished from
the task-incremental one in that no task information is avail-
able at test time and thus is more challenging (Van De Ven et
al., 2022; De Lange et al., 2022). Offline incremental learn-
ing allows multiple passes on task datasets during training,
while online incremental learning considers continuous data
streams in which each sample is accessed just once during
training (Lopez-Paz and Ranzato, 2017; Aljundietal.,2019a;
Zhang et al., 2022; Soutif-Cormerais et al., 2023; Aljundi et
al., 2019b). Recently, more general lifelong learning formu-
lations have also been proposed beyond the class-incremental
setting considered in this work (Vogelstein et al., 2025),
including continual learning for vision-brain understanding
across subjects (Nguyen et al., 2026).

A significant portion of offline class incremental learn-
ing research focuses on Exemplar-Based Class Incremental
Learning (EBCIL) approaches. These methods integrate reg-
ularization techniques with replay mechanisms, utilizing a
memory of previous class samples that are replayed dur-
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(a) Training of task ¢

Fig. 2 Elastic Feature Consolidation with Prototype Re-balancing
(EFC++). (a) EFC++ leverages the Empirical Feature Matrix (EFM) to
mitigate drift in feature representations by identifying important direc-
tions for previous tasks to reduce forgetting while enhancing plasticity
for learning new tasks (Section 3.3). In this phase, the feature extrac-
tor f; and the current task classifier with weights W,_1.; are trained
with EFM regularization and cross-entropy loss (Section 4.3) (b) After

ing the learning of new tasks. iCaRL (Rebuffi et al., 2017)
employs Nearest Mean Classification along with exemplars
and uses Knowledge Distillation (Hinton et al., 2015) during
training to mitigate forgetting. Techniques like BiC (Wu et
al., 2019) and IL2M (Belouadah and Popescu, 2019) correct
network outputs using exemplars to mitigate inter-task con-
fusion and task-recency bias. DER++ (Buzzega et al., 2020)
and its recent variant X-DER (Boschini et al., 2023) replay
both logits and ground-truth labels via self-distillation on
exemplars. LUCIR (Hou et al., 2019), PODNet (Douillard et
al., 2020), and AFC (Kang et al., 2022) combine cosine nor-
malization and distillation losses with exemplars to reduce
forgetting. Another category of exemplar-based approaches
focuses on expanding sub-network structures across incre-
mental steps. AANET (Liu et al., 2021) adds two residual
blocks to mask layers, balancing stability and plasticity.
DER (Yan et al., 2021) trains a single backbone for each
incremental task, while MEMO (Zhou et al., 2022) shares
generalized residual blocks and extends specialized blocks
for new tasks to improve performance and efficiency.

Recent exemplar-based works further analyze the role
of replay scheduling, buffer size, and rehearsal strategies
from both empirical and theoretical perspectives (Kang et
al., 2025; Lanzillotta et al., 2026; Deng et al., 2025). This
research has also expanded to more challenging areas like
the video domain. For instance Jiang et al. (2026), develop a
Teacher Agent approach that minimizes rehearsal overhead
by substituting the teacher network with a lightweight agent
that generates soft labels directly. The main drawbacks of
exemplar-based approaches are the lack of privacy preser-
vation and high computational and storage costs, especially
when using a growing memory buffer or when dynamically
expanding the network.

@ Springer

(b) Prototype update

(d) B¢, P;_1; computation

(c) Prototype re-balancing

training, EFC++ uses the EFM to update the prototypes of previous task
classes based on the drift induced by the most recent task (Section 4.4).
(c) EFC++ uses Gaussian prototypes, together with current task fea-
tures, for training previous and current task classifiers with weights
W; = [W;_1, W;_1.] via a prototype re-balancing phase (Section 4.5).
(d) Before training on the next task, the new EFM and the prototypes
of the current task classes are computed

Exemplar-free Class Incremental Learning (EFCIL) miti-
gates catastrophic forgetting without relying upon exemplars
from previous tasks. This setting has also been explored
in application-specific domains such as traffic sign clas-
sification, where storing past samples may be undesir-
able in deployed systems (Liu et al., 2026). Early works
such as EWC (Kirkpatrick et al., 2017; Huszar, 2018),
Rwalk (Chaudhry et al., 2018), MAS (Aljundi et al., 2018),
SI (Zenke et al., 2017), focused on calculating importance
scores for all neural network weights. These importance
scores are then used to regularize the network training, ensur-
ing that the current learned weights do not update parameters
crucial to the performance of previous task. Benzing (2022)
show that the importance score computed by the aforemen-
tioned methods approximates the Fisher Information Matrix.
Recently, Liu and Chang (2026) showed that modifying
the logits during the computation of the Fisher Information
Matrix can improve EWC weight regularization by produc-
ing more reliable parameter importance estimates.

Another research direction, exemplified by methods like
Learning without Forgetting (LwF) (Li and Hoiem, 2017)
and Less-forgetful Learning (LfL) (Jung et al., 2016), uti-
lizes functional regularization techniques such as knowledge
and feature distillation respectively. These methods constrain
network activations to mirror those of a previously trained
network, a strategy that has been shown to surpass weight
regularization in performance (Masana et al., 2022). Most
recent functional regularization approaches use feature dis-
tillation (Zhu et al., 2021a; Yu et al., 2020; Zhu et al., 2021b,
2022; Toldo and Ozay, 2022; Liu et al., 2020), or even freeze
the feature extractor after the first task (Petit et al., 2023;
Goswami et al., 2023; Belouadah and Popescu, 2018; He et
al., 2026), greatly reducing the plasticity of the network. For
this reason, they predominantly consider Warm Start scenar-
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ios in which the first task is much larger than the others, so
that reducing plasticity after the first task has less impact on
the performance.

On top of this decrease in plasticity, merely using func-
tional regularization is not enough to learn new boundaries
between classes from previous tasks and classes from new
ones. To address this issue without using exemplars, a line of
research employs generative models (Liu et al., 2020; Shin
etal., 2017; Xiang et al., 2019; Smith et al., 2021; Ayub and
Wagner, 2021; Gao et al., 2022; Wang et al., 2025) to cre-
ate synthetic samples from previous tasks and replay them
while learning the new tasks. However, training generative
models concurrently with new tasks is inefficient, and these
models are prone to forgetting (Zhu et al., 2021b). Con-
sequently, recent approaches combine regularization with
prototype rehearsal (Zhu et al., 2021b, a). Prototypes are fea-
ture space statistics (typically class means) used to reinforce
the boundaries of previous-task classes without the need to
preserve exemplars. PASS (Zhu et al., 2021b) and IL2A (Zhu
et al., 2021a) propose the integration of Gaussian prototypes
and self-supervised learning to learn transferable features
for future tasks. Evanescent (Toldo and Ozay, 2022) learns
and updates prototype representations during incremental
learning. SSRE (Zhu et al., 2022) replays over-sampled
prototypes during the current task training and employs a
strategy to reorganize the network structure to transfer invari-
ant knowledge across tasks. FeTrIL (Petit et al., 2023) fixes
the feature extractor after the initial large task and generates
pseudo-samples, combining prototypes with current task fea-
tures, to train a linear model that discriminates all observed
classes. Similarly, FeCAM (Goswami et al., 2023) freezes
the backbone after the first task, but uses class prototypes
and covariances to classify samples with the Mahalanobis
distance.

In our previous work, Elastic Feature Consolidation
(EFC) (Magistri et al., 2024b), we revisited the Cold Start
scenario for EFCIL, showing the need for greater plas-
ticity throughout incremental learning. Since then, recent
works have addressed this setting through drift compensa-
tion (Gomez-Villa et al., 2025; He et al., 2025), old-class
recovery from current task data (Goswami et al., 2024), or
class statistics adaptation under feature drift (Rypes¢ et al.,
2024). In this extension of our previous work we further ana-
lyze the challenges of Cold Start and the limitations of EFC,
and propose EFC++, a training strategy that better couples
representation learning and classifier adaptation in regimes
requiring high plasticity.

3 Feature Drift Regularization via the
Empirical Feature Matrix

In this section, we introduce the general EFCIL framework
and then derive a pseudo-metric in feature space, induced by
a positive semi-definite matrix we call the Empirical Feature
Matrix (EFM), used as a regularizer to control feature drift
during class-incremental learning.

3.1 Exemplar-free Class-Incremental Learning
(EFCIL)

During class-incremental learning, a model M; is sequen-
tially trained on K tasks, each characterized by a disjoint set
of classes {Ct}tK: 1» where each C; is the set of labels asso-
ciated with the task 7. We denote the incremental dataset as
D = {4}, 3/[}[1(: 1» Where &} and ) are, respectively, the set
of samples and the set of labels for task ¢. The incremental
model M, at task ¢ consists of a feature extraction backbone
f(-; 6;) shared across all tasks and whose parameters 6; are
updated during training, and a classifier W, € R =1 (€)1
which grows with each new task. Let o be the softmax acti-
vation function, the model output at task ¢ is the composition

of feature extractor and classifier:
M (x: 0, W) = p(ylx: 6, W) = o (W, f(x:60)). (1)

For notation purposes, we define X ~ & as a batch of cur-
rent task data with labels Y ~ ), sampled from the overall
dataset, and f(X; 6;) as the feature extractor output on the
mini-batch. Thus, the model output at task 7 for the mini-
batch X is:

M (X; 6, W) = p(YIX; 0, W) =0 (W, f(X:6,).  (2)

Directly training M; (i.e. fine-tuning) with a cross-entropy
loss at each task ¢ results in backbone drift because at task
t we see no examples from previous-task classes. This pro-
gressively invalidates the previous-task classifiers and results
in forgetting. This issue is closely related to feature for-
getting in continually learned representations (Hess et al.,
2024). In addition to the cross-entropy loss, many state-of-
the-art EFCIL approaches use a regularization loss to reduce
backbone drift, and a prototype loss to adapt previous-task
classifiers to new features.

3.2 Weight Regularization and Feature Distillation

Kirkpatrick et al. (2017) showed that using ¢, regulariza-
tion to constrain weight drift reduces forgetting but does not
leave enough plasticity for learning new tasks. Hence, they
proposed Elastic Weight Consolidation, which relaxes the £,
constraint with a quadratic constraint based on a diagonal

@ Springer
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approximation of the Empirical Fisher Information Matrix
(E-FIM):

he E [ . [(mogz(ﬂ)<810gl;(y)>T:|]’ 3)
x~X [y~p(ylx:6/) a6; a90;

where 6;" is the model trained after task 7. The E-FIM induces
a pseudo-metric in parameter space (Amari, 1998) encourag-
ing parameters to stay in a low-error region for previous-task
models:

E?'FIM = Ag-Fim (6 — t*_l)TFt—l(et - et*—l)' )

The main limitation of approaches of this type is the need for
approximations of the E-FIM (e.g. a diagonal assumption).
This makes the computation of the E-FIM tractable, but in
practice is unrealistic since it does not consider off-diagonal
entries that represent influences of interactions between
weights on the log-likelihood. To overcome these limitations,
more recent EFCIL approaches (Zhu et al., 2021b, 2022) rely
on feature distillation (FD), which scales better in the number
of parameters:

£P = 316 0) — £ 6Dl )
xeX
where X ~ X;.

The isotropic regularizer using the ¢, distance is too harsh
a constraint for learning new tasks (Douillard et al., 2020).
We propose to use a pseudo-metric in feature space, induced
by a matrix which we call the Empirical Feature Matrix
(EFM), which constrains directions in feature space most
important for previous tasks, while allowing more plasticity
in other directions when learning new tasks. As shown in
Figure 1, increasing plasticity is particularly relevant in Cold
Start incremental learning since, in the initial task, a high-
quality feature representation cannot be learned and methods
must be plastic to adapt their backbone to new tasks.

3.3 The Empirical Feature Matrix

Our goal is to regularize feature drift, but we do not want

to do so isotropically as in feature distillation. Instead, we
draw inspiration from how the E-FIM identifies important
directions in parameter space and take a similar approach in
feature space (see Figure 2a).
The local and empirical feature matrices. Let f(x; 6;) be
the feature vector extracted from input x € A; from task ¢
and p(y) = p(y|f(x; 6:); W;) the discrete probability dis-
tribution over all the classes seen so far. We define the local
feature matrix as:

dlog p(»)\ [ dlog p(y) T}
Efvoy= E . 6
Fe:80 y~p<y)[<8f(x;91))<8f(X:9z)) ©

@ Springer

The Empirical Feature Matrix (EFM) associated with task #
is obtained by taking the expected value of Eq. 6 over the
entire dataset at task 7:

E;= E [Efuol @)
x~X;

Both Ef(x;6,) and E; are symmetric, as they are weighted
sums of symmetric matrices, and positive semi-definite.
Naively computing E ¢ x.,) requires a complete forward pass
and a backward pass up to the feature embedding, however
we exploit an analytic formulation that avoids computing
gradients:

Ejwoy = E_Willn = P)yWilln = P))']. @)

where m = Z;-:l ICjl, I, the identity matrix of dimension
m xm,and P is amatrix built from the row of softmax outputs
associated with f(x; 6;) replicated m times (see Appendix
B for a derivation).

To gain additional insight into what this matrix mea-
sures, we highlight some (information) geometry aspects
of E;. The Empirical Fisher Information Matrix provides
information about the information geometry of parame-
ter space. In particular, it can be obtained as the second
derivative of the KL-divergence for small weight pertur-
bations (Martens, 2020; Grementieri and Fioresi, 2022).
Similarly, the Empirical Feature Matrix provides informa-
tion about the information geometry of feature space. Since
E,(x) 18 positive semi-definite, we can interpret it as a
pseudo-metric in feature space and use it to understand which
perturbations § of features most affect the predicted proba-
bility:

KL(p(y | f(x;00) +8; W) |l p(y | f(x,6:); Wp))

= 5TEf(x;9t)5 + O(||3||3) ©
The Empirical Feature Matrix loss. We now have all the
ingredients for our regularization loss. Let 6 (x) = f(x; 6;) —
f(x;0;,_1) be the drift between the features of sample x
extracted from the current model M, and the model M,_;
trained on the previous task, then

LEM .= | [S(x)T(?»EFMEt-l + ’71)8(x)] ’ 1o

xeX

where X ~ A;. In Eq. 10 we use a damping term € R
to constrain features to stay in a region where the quadratic
second-order approximation of the KL-divergence of the log-
likelihood in Eq. 9 remains valid (Martens and Sutskever,
2012). However, to ensure that our regularizer does not
degenerate into feature distillation, we must ensure that
AEEMVi > 1, where v; are the non-zero eigenvalues of the
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Fig. 3 The regularizing effects of E; on the Cold Start CIFAR-100 -
10 and 20 step scenarios (see Section 5 for details on dataset settings).
Left: Perturbing features in the principal directions of £ results in sig-
nificant changes in classifier outputs (in blue), while perturbations in
non-principal directions leave the outputs unchanged (in red). Middle:
If we continue incremental learning up through task 3 and perturb fea-
tures from all three tasks in the principal (solid lines) and non-principal

EFM. Additional analysis of these constraints and the spec-
trum of the EFM are given in Section 7.3.

It should be noted that the regularization in Eq. 10 does not

explicitly suppress perturbations along the principal direc-
tions of E,_1, but rather discourages movement along them.
The term §(x)TE,—18(x) = 8(x) Ui A UL §(x),
highlights this, where U;_ is the eigenvector matrix of E;_
and A;_p is the corresponding diagonal matrix of eigen-
values sorted from larger to smaller. The penalty is larger
when §(x) aligns with the eigenvectors of E;_; associated
with larger eigenvalues in A;_1. Conversely, the loss is lower
when §(x) aligns with eigenvectors corresponding to smaller
eigenvalues. As a result, updates are naturally biased toward
directions of lower significance since they incur a smaller
penalty. The damping term 18(x) " I8(x) stabilizes updates
and limits drift in the directions associated with lower eigen-
values. In the next section we give empirical evidence of the
effect of this elastic regularization.
The Regularizing effects of the EFM. By definition,
eigenvectors of the EFM associated with strictly positive
eigenvalues correspond to feature directions where perturba-
tion most significantly impact the predictions. To empirically
validate this, we perturb features along these principal direc-
tions and measure the variation in probability outputs.

Let f; = f(x;6;) € R" be the feature vector extracted
from x, and E; denote the EFM after training on task . We
define a perturbation vector g1 € R”, where the first k
entries are sampled from a Gaussian N (0, o), with k being
the number of strictly positive eigenvalues of the spectral
decomposition of E,. The remaining n-k entries are set to
zero. Then, letting U, be the matrix whose columns are the
eigenvectors of E,, we compute the perturbed features vector
f; as follows:

fi=f+U e (11)

T T T T T T T T T
15 2.0 2.5 0 1 2 0 1 2

[ ] [

(dashed lines) directions of E3, we see that E3 captures all important
directions in feature space up through task 3. Right: At the end of
training, we observe the same behavior: the last per-step accuracy (see
Eq. 21), representing the average accuracy over all tasks after the last
training session, decreases only when perturbed in directions of Ejg
or Ey relevant for previous tasks in the 10-step and 20-step scenarios,
respectively

In Figure 3 (left), perturbing the feature space along these
principal directions after training the first task, leads to a sub-
stantial variation in class probabilities. Conversely, applying
the complementary perturbation ., i.e., setting zero on the
first k directions and applying Gaussian noise on the remain-
ing n-k directions, has no impact on the output. In Figure 3
(middle) we see that, after training three tasks, perturbing in
the principal directions of E3 degrades performance across
all tasks, while perturbations in non-principal directions con-
tinue to have no effect on the accuracy. This shows that E3
captures the important feature directions for all previous tasks
and that regularizing drift in these directions should mitigate
forgetting.

Finally, the rightmost plot in Figure 3 illustrates the per-
step accuracy at the end of the training, reflecting the overall
continual learning performance (see Section 5 for a formal
definition). As observed earlier, perturbing features along
the principal directions of Eqg (or E;g) rapidly decreases
performance, while perturbations in non-principal directions
have no impact on the overall accuracy. This confirms that
this behavior remains consistent across all tasks.

4 Elastic Feature Consolidation with
Prototype Re-balancing

Regularizing the feature space via the EFM in combination
with a classification loss on current task classes is not suf-
ficient by itself in exemplar-free class incremental learning.
Although EFM limits feature drift along directions important
for previous tasks, the final classifier must still discriminate
among all the classes observed so far. This is challeng-
ing because the classifier W,_; is extended to include the
new |C;| classes, yielding W, = [W;_1, W;_1.]. Trained
only on current task samples, it cannot separate old and
new classes, leading to inter-task confusion and task-recency
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bias (Masana et al., 2022; Zhuang et al., 2022; Wu et al.,
2019).

In this section, we introduce the notation for Gaussian
prototype rehearsal, which we use for classifier adapta-
tion between old and new classes. We revisit the PR-ACE
loss in EFC and discuss why coupling prototype rehearsal
with feature extractor training can be problematic in the
high-plasticity Cold Start regime. Finally, we introduce
Elastic Feature Consolidation with Prototype Re-balancing
(EFC++), which decouples feature learning from inter-task
classifier adaptation through a post-training prototype re-
balancing phase.

4.1 Gaussian Prototypes for Classifier Adaptation

Let C; be the set of classes introduced at task 7, and let
Cii_1:= U§;11 Cs denote the set of classes observed before
task 7. For each previous class ¢ € Cy;—1, we denote by p;_;
the prototype stored before learning task f. When a class
¢ € Cy is first introduced at task s, withs € {1, ..., ¢ — 1} its
prototype is initialized as the empirical mean of its deep fea-
tures (Zhu et al., 2021b), while its corresponding covariance
3¢ is computed from the same features (Liu et al., 2020). The
resulting class-level statistics are retained across incremental
steps in the prototype buffer Pj.;_i.

During classifier adaptation at task 7, we rehearse previous
classes by sampling Gaussian-perturbed prototypes p, | ~
N(pf_,. ). These Gaussian prototypes provide synthetic
samples at feature level for previous classes and allow the
classifier weights W; to be trained over old and current classes
without storing real images.

4.2 EFC and the Limitations of PR-ACE in Cold Start

Elastic Feature Consolidation (EFC) (Magistri et al., 2024b)
combines the empirical feature matrix loss E?FM (Eq. 10),
inhibiting drift in important directions for previous tasks,
with the Asymmetric Prototype Replay (PR-ACE) loss:

L}EFC — EFFM + EfR-ACE’ (12)
where

E}DR-ACE = ,C?e(f(X, 9[), Wt—lt)+£$e(f) ) f(X7 9;), Wt)
(13)

Here X, X ~ X, are two distinct batches of current task
data, while P is a batch of augmented prototypes, where
each prototype p;_; € P is sampled from the Gaussian
N(p¢_y, =9). The term LE(f (X, 6;); W1 is a cross-
entropy loss restricted to the current task classes, while the
term with prototypes Elce(f’ uf ()A(, 0;); W;) affects old and
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Fig.4 Accuracy after each incremental step on the Cold Start CIFAR-
100 10-step scenario. Left: In EFC, which combines EFM regulariza-
tion with the asymmetric PR-ACE loss to balance current task data with
prototypes during training, older tasks are forgotten more quickly than
more recent ones. Right: EFC++, which applies EFM regularization
during backbone training and a post-training prototype re-balancing
phase, achieves a better plasticity-stability trade-off

current task classifier weights W; = [W;_1, W;_1.;]. PR-
ACE samples prototypes and images uniformly over all seen
classes.

After each task, EFC updates the stored prototypes with
the EFM to partially compensate for backbone drift and
computes the prototypes, covariances, and EFM used in sub-
sequent tasks; see Appendix C for the full EFC algorithm.
We detail the EFM-based prototype update in Section 4.4,
where it also becomes a key component of EFC++.
Limitations of PR-ACE in Cold Start.

We identify limitations in using PR-ACE for training
the final classifier. Since PR-ACE is applied during feature
extractor training, the stored prototypes for previous classes
gradually lose their representativeness of the true class means
over the course of current task epochs. This occurs because
the feature space itself is evolving over time as a result of opti-
mization, leading to a shift in the alignment between stored
prototypes and their actual class means. Consequently, the
classifier is trained with prototypes that increasingly deviate
from the actual class means.

This misalignment is further compounded by the cross-
entropy term Efe(f’ ur (X, 6;); W;) on the right-hand side
of Equation 13, which induces an additional drift in the fea-
ture representation along the relevant directions for previous
tasks identified by the EFM. This drift arises from the back-
ward pass on X, which updates the weights 6, and alters the
feature representations. Because PR-ACE uniformly samples
prototypes P and new data X based on class labels, mini-
batches contain a larger proportion of current task data in
earlier tasks compared to later tasks. Consequently, classes
introduced in earlier incremental steps undergo stronger fea-
ture drift during their own training stage (see Figure 5 for
drift analysis).

For illustration, consider the Cold Start scenario where
each task introduces an equal number of classes. In the sec-
ond task, PR-ACE forms batches containing 50% prototypes
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and 50% image data; in the third task, this shifts to two-
thirds prototypes and one-third current data. Because the
cross-entropy loss is averaged over both prototypes and new
data, the gradient updates on the feature extractor become
less severe for later tasks. As more tasks are added, the drift
in the feature representation along the relevant directions of
the EFM diminishes. Consequently, prototypes from earlier
tasks remain farther from the actual class means than those
from more recent tasks, leading to forgetting. This effect is
illustrated in Figure 4 (left), where in EFC the performance
on the first five tasks declines faster than on the last five.
Managing the drift caused by PR-ACE is particularly cru-
cial in the Cold Start scenario, where, during initial training,
a strong backbone cannot be learned and thus representa-
tions are more susceptible to change compared to the Warm
Start regime (see Section 7.2). As we will show in the next
section, EFC++ mitigates this issue by removing prototype
replay from feature extractor training and postponing inter-
task classifier adaptation to a separate post-training phase.

4.3 Feature Learning without Prototype Rehearsal

We decouple the regularization phase via the Empirical Fea-
ture Matrix and the phase of learning the final inter-task
classifier. In the first stage (Figure 2a), we train the feature
extractor and the current task classifier with the following
training loss:

Ly = LF™M 4 LE°(F (X, 605 Wi—t).- (14)

where X ~ X; and W,_.; represents the weights of the clas-
sifier associated with the latest classes. The cross-entropy
loss is evaluated only on the current task classes, and is used
to learn the features of the current task. £LF™ is the regular-
ization loss based on Empirical Feature Matrix (see Eq. 10)
and is used to mitigate feature drift in the relevant directions
for the previous task while allowing plasticity in the other
directions.

4.4 Prototype Drift Compensation via the EFM

After feature learning, the backbone has changed from 6;_
to 6;. Therefore, the prototypes stored before learning task #
may no longer be aligned with the current feature space. Yu
et al. (2020) showed that the drift in embedding networks can
be estimated using current task data. They suggest estimating
the drift of class means from previous-tasks by looking at
feature drift in closely related classes from the current task.
They leverage this drift to update the class means in nearest-
mean classification.

Let p;_, be the prototype of the class ¢ at task r — 1. Our
aim is to update p;_, after the training of task 7 to account for
backbone drift. These updated prototypes are used for proto-

type rehearsal for training the model classifier. As proposed
by SDC (Yu et al., 2020), we update the prototypes after the
backbone is trained for each task as follows:

> w;d
xXi~X;

> wi

xl-'v/\’t

P;C_l <~ Ptc.1 + , 8 = f(xi5600) — f(xi,0i1),

15)

where §; is the feature drift of samples x; between task r — 1
and 7.

We define the weights w; using the EFM (Figure 2b). In
Section 3.3 we showed that the EFM induces a pseudo-metric
in feature space, providing a second-order approximation of
the KL-divergence due to feature drift. We extend the idea
of feature drift estimation to softmax-based classifiers by
weighting the overall drift of our class prototypes. Writing
P = pi_; and fr.1(x;) = f(x;; 6;—1) to simplify notation,
our weights are defined as:

_ ( (fi-1 (i) = P Era (fro1(xi) — PC)T>
w; =exp | —

202
N KL(p(y|fi-1(xi); We-D) || p(y1p€5 Wie1))
TP 202
(16)

where E;_| is the EFM after training task r — 1. Eq. 16 assigns
higher weights to the samples more closely aligned to proto-
types in terms of probability distribution. Specifically, higher
weights are assigned to samples whose softmax prediction
matches that of the prototypes, indicating a strong similarity
for the classifier.

4.5 Inter-task Classifier Adaptation via Prototype
Re-balancing

During the post-training stage, which we call profotype re-
balancing phase (Figure 2c), we train all classifiers up to the
current task using the prototypes updated using Eq. 15 and
freezing the feature extractor:

L?ost—train — Etce(f) U f(X, 0[*); W), 17

where 6, represents the frozen weights of the feature extrac-
tor and W; = [W;_1, W;_1+] represents the learnable
weights of the final classifier for the previous and current task
classes. In this phase, we construct mini-batches by mixing
prototypes, p{_; € P, sampled from a Gaussian distribu-
tion NV ( pf_l , ), with current task representations obtained
from the frozen feature extractor f (X, ;). The covariance
matrix X represents the feature covariance of class ¢, com-
puted in the task where class ¢ was introduced. Prototypes and
current task data are uniformly sampled from all encountered
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classes to ensure balanced representation. Since the goal is to
enable the final classifier to distinguish among classes from
different tasks, the cross-entropy loss is evaluated over all
encountered classes.

4.6 Elastic Feature Consolidation++

In summary, the training process begins with feature extractor
training, where we optimize Eq. 14 to learn the new task while
simultaneously regularizing relevant directions from previ-
ous tasks (Figure 2a). Once the feature extractor is trained,
we update the prototypes using the EFM (see Egs. 15, 16 in
Section 4.4), ensuring that representations from the previous
task remain aligned with the current task drift (Figure 2b).

After updating the prototypes, we perform the prototype
re-balancing phase to train the classifier (Eq. 17). Since the
prototypes have already been aligned with the updated fea-
ture extractor, this guarantees that the classifier is trained
with consistent representations (Figure 2c). Finally, new
prototypes and their corresponding class covariances are
computed. The Empirical Feature Matrix E; is then calcu-
lated using the current task data and is used as regularizer for
the next incremental task (Figure 2d).

We call this procedure, detailed in Algorithm 1, Elastic

Feature Consolidation++ (EFC++) to highlight its exten-
sion of our previous approach, Elastic Feature Consolidation
(EFC), introduced in Magistri et al. (2024b).
Addressing PR-ACE limitations. EFC++ addresses the
limitations of PR-ACE by decoupling the feature extractor
training (Eq. 14) from inter-task classifier adaptation, which
is instead performed after feature learning through prototype
re-balancing (Eq. 17). This approach ensures that no addi-
tional drift occurs in the feature extractor while learning the
current task, unlike in PR-ACE. Moreover, because EFC++
updates the prototypes before the post-training phase, the
final classifier is trained using prototypes that more accu-
rately reflect the real old class representations than those used
by PR-ACE in EFC. As a result, EFC++ more effectively
controls drift in directions relevant to previous task classi-
fiers without compromising plasticity (see Figure 4, right).

To validate this claim, we consider a model continuously
trained using either EFC or EFC++ up to task t — 1. We then
measure the drift of the class means before and after training
task 7. Specifically, for each class ¢ € C;, we denote the fea-
ture representation of class c prior to task 7 by 17, and after
training task ¢ by uf. These representations are obtained by
averaging the feature representations of the data for class c.
We define the feature drift of the class mean as the difference
between these feature representations, specifically,

ApS = py — py_y. (18)
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Algorithm 1: EFC++: Elastic Feature Consolidation
with Prototype Re-balancing

Data: M, E, P,
forr=2,...T do
Initialize 6, < 0,_; and extend the classifier

Wi =[Wi—1, Wisi4];
/* Backbone Training */
for each optimization step do
sample X ~ A} ;
compute LFFM (Eq. 10) ;
LiPin= LFPME£50(f (X, 6); Wr-1:0) (Eq. 14) 5
Update 6; < 6; — « % ;
Update Wy_1:y < Wi_1y
end
Set 0 < 6; /* freeze the feature extractor*/

3£;Mi"
92w

7* Prototype Update */
Update Py.;—; using Egs. 15, 16 ;
/* Prototype Re-balancing */
for each optimization step do
sample X ~ X;, P~ Py,_;;
Ly = L@ U (X, 6)); W) (B 17)
.Epos&-train
Update W; < W, — a3 %Wr
end

Compute P; from current-task features ;
Py < Py U P

E; < EFM(X;, M;) (Eq. 8) /* Compute EFM */

>

end

The squared pseudo-norm of Au‘ via E;, denoted as
IALC|IE, = (Au) T EApc, (19)

measures the magnitude of the drift of the class mean along
the relevant directions identified after the training of task .
We then define the drift of task ¢ as the average of the drifts
of the class means, expressed as

1 .
AZﬁZIIAM‘II%,- (20)
t

CEC;

Figure 5 illustrates that, with EFC, the drift in the rele-
vant directions due to PR-ACE is more pronounced in the
earlier tasks compared to EFC++. In EFC++, decoupling the
feature extractor training phase from the inter-task classifier
learning phase allows for better control of the drift in the
relevant directions. The reduction in drift along these direc-
tions does not compromise learning on the new classes. This
is evidenced in Figure 4, which shows that the values on the
diagonal of the confusion matrix for both EFC and EFC++
are comparable.
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Fig.5 Average drift of the class means in the relevant directions of the
EFM before and after training the task in which they are involved, in
both EFC and EFC++ on CIFAR-100 (CS) 10-step. EFC++ consistently
exhibits less drift than EFC, especially in the initial tasks, where the drift
of the classes is more pronounced (double) for EFC. This confirms that
EFC++ better controls the drift along relevant directions

5 Experimental Settings

In this section, we describe the experimental setup used to
evaluate Elastic Feature Consolidation++ (EFC++) against
the state-of-the-art in Exemplar-free Class Incremental
Learning (EFCIL).

Datasets. We evaluate EFC++ on five distinct datasets,
with their statistics detailed in Appendix D.l1. We cate-
gorize CIFAR-100 (Krizhevsky and Hinton, 2009), Tiny-
ImageNet (Wu et al., 2017), and ImageNet-Subset (Deng et
al., 2009) as small-scale datasets, containing 100, 200, and
100 classes, respectively. For a more comprehensive large-
scale scenario, we use ImageNet-1K (Deng et al., 2009),
which includes 1000 diverse object classes with varying num-
bers of samples per class. Additionally, we utilize DN4IL, a
well-crafted and balanced subset of the standard Domain-
Net dataset (Gowda et al., 2023). DN4IL consists of 600
classes, with 100 classes per domain, specifically clipart,
infograph, painting, quickdraw, real, and sketch. This dataset
is instrumental in comparing our approach to the state-of-the-
art under large domain shifts.

Warm and Cold Start. We consider two scenarios for eval-
uating all approaches. The first, which we refer to as the
Warm Start (WS) scenario which is commonly considered
in the EFCIL literature (Zhu et al., 2021b, 2022; Petit et
al., 2023; Toldo and Ozay, 2022), involves pre-training the
model on 50% or 40% of all available classes, denoted as Cy.
The remaining classes are then equally distributed among the
subsequent incremental learning steps. This setting, which
begins with a larger task favors continual learning techniques
that prioritize stability in retained knowledge over the plas-
ticity required to learn new classes.

The second scenario, which we call Cold Start (CS),
follows the setting in EFC (Magistri et al., 2024b). In this
scenario, the model is randomly initialized before incremen-
tal learning, and all available classes are equally split among
the incremental learning steps, resulting in no initial pre-

training phase. Consequently, the number of classes per step
is larger compared to Warm Start. See Table 1 for a detailed
description of how the classes are distributed in Warm Start
and Cold Start across all datasets.

We are primarily interested in the Cold Start scenario since
it demands high backbone plasticity and poses a significant
challenge for EFCIL. Mitigating forgetting becomes difficult
without using exemplars when larger backbone shifts occur
(in Section 7.2 we provide an empirical analysis of this phe-
nomenon).

Metrics. We use the per-step incremental accuracy A

K .
mc’

K
step

and average incremental accuracy A

K _ i lCilaf g _ 1 iAi 1)
step Zles ICi| » fine T p —s+1 P step?
where aiK represents the accuracy on task i after training
task K, and s = 1 in the Cold Start scenario and s = 0
in the Warm Start scenario. It should be noted that in the
Warm Start (WS) scenario, the performance on the initial
classes, indicated as step s = 0, is commonly included in the
evaluation metric (Zhu et al., 2021b; Toldo and Ozay, 2022;
Zhu et al., 2022; Petit et al., 2023; Goswami et al., 2023), and
we follow this same approach. Therefore, achieving higher
stability on the large number of initial classes significantly
impacts the final evaluation. In contrast, in the Cold Start
(CS) scenario the classes are equally distributed among the
incremental learning tasks and the evaluation metrics starting
from s = 1 give equal importance to each step.

To gain a more comprehensive understanding of impact
of different regularization techniques employed by the tested
methods, we use average forgetting F X to measure stability
during training and cumulative average accuracy on the
last task PLX to measure plasticity (i.e. the average of the
diagonal of the matrix in Figure 4) (Lange et al., 2023). More
specifically, the forgetting of a task is the difference between
its maximum accuracy obtained in the past and its current
accuracy:

K i K
S = max a; —a:),
s iels,..., k—l}( J J)

j<K. (22)
Thus, FX and PLX at the K -th task are defined as:

K 1 = K K 1 < i
F :K_st., PL =K——s+12a"' (23)
j:s i=s

Hyperparameter settings. We use standard ResNet-18 (He
etal., 2015) trained from scratch for all experiments. We train
the first task of each state-of-the-art method using the same
optimizer, number of epochs, and data augmentations. In par-
ticular, we train the first task using self-rotation as in Zhu et
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Table 1 Class Distribution in

Warm Start and Cold Start: |Co| Dataset Warm Start (WS) Cold Start (CS)

is the number of classes in the 10 Step 20 Step 10 Step 20 Step

pre-training phase, while |C;xo| Col ICi>ol Col ICi>ol [Col ICi>ol Col ICi>ol

represents classes introduced

per incremental step CIFAR-100 50 5 40 3 0 10 0 5
Tiny-ImageNet 100 10 100 5 0 20 0 10
ImageNet-Subset 50 5 40 3 0 10 0 5
ImageNet-1K 500 50 400 30 0 100 0 50

al. (2021b); Toldo and Ozay (2022) to align the performance
of all techniques.

For the incremental steps of EFC++ we used Adam with
a weight decay of 2e-4 and a fixed learning rate of le-4 for
Tiny-ImageNet and CIFAR-100, while for ImageNet-Subset,
ImageNet-1K, DN4IL we use a learning rate of le-5 for the
backbone and le-4 for the heads. We fixed the total num-
ber of epochs to 100 and use a batch size of 64, except for
ImageNet-1K where the batch size is fixed to 256. We set
AgpM = 10 and n = 0.1 in Eq. 10 for all the experiments.
In Section 7.3, we discuss the theoretical basis for selecting
these hyperparameters and analyze their impact on perfor-
mance. For EFC++, during post-training we use SGD with
a fixed learning rate le-3 to train the final classifier on both
prototype and current task features for 50 epochs.

We ran all approaches using five random seeds and shuf-
fling the classes in order to reduce the bias induced by the
choice of class ordering (Rebuffi et al., 2017; Masana et al.,
2022). In Appendix D.2 we provide the optimization settings
for each state-of-the art method we evaluated.

6 Experimental Results

In this section we compare EFC++ with state-of-the-art
Exemplar-free Class-Incremental Learning (EFCIL) meth-
ods across small-scale Class-Incremental (Class-IL) bench-
marks (CIFAR-100, Tiny-ImageNet, and ImageNet Subset),
large-scale Class-IL ImageNet-1K, and the domain- and
class-incremental DN4IL benchmark.

We organize the discussion around two main questions:
whether EFC++ remains competitive in the standard Warm
Start setting despite the increased plasticity induced by the
EFM, and whether its advantage increases in the more chal-
lenging Cold Start setting. We mainly discuss the last per-step
accuracy AKX while the average incremental accuracy AX

step’ inc
follows the same trends.

6.1 Small-scale Class-IL Experiments

Table 2 compares EFC++ with baseline and recent state-of-
the-art EFCIL approaches, including EWC (Kirkpatrick et
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al., 2017), LwF (Li and Hoiem, 2017), PASS (Zhu et al.,
2021b), Fusion (Toldo and Ozay, 2022), FeTrIL (Petit et
al., 2023), SSRE (Zhu et al., 2022), FeCAM (Goswami et
al., 2023), ABD (Smith et al., 2021), R-DFCIL (Gao et al.,
2022), and EFC (Magistri et al., 2024b). The comparison
covers both Warm Start (WS) and Cold Start (CS), using
protocols with 10 and 20 incremental learning steps. All
methods are evaluated under the same first-task training and
data augmentation protocol. This may lead to differences
from originally reported SSRE and FeCAM results, espe-
cially in WS where the large first task strongly affects the final
metrics (Eq. 21)(Zhou et al., 2023b; Castro et al., 2018). Fur-
ther implementation details and per-step plots are reported in
Appendices D.1, J.1, and J.2.
Warm Start. EFC++ consistently improves over methods
based on feature distillation and prototype rehearsal, such as
PASS, Fusion, and SSRE, as well as over FeTrIL, which
freezes the feature extractor, with gains typically ranging
from 2 to 6 percentage points. Methods based on genera-
tive inversion, such as ABD and R-DFCIL, perform worse
than both feature distillation methods and methods that freeze
the backbone, suggesting that inversion is less effective
when the large first task dominates the incremental protocol.
Compared to EFC, EFC++ achieves consistent but moder-
ate improvements. For CIFAR-100 and Tiny-ImageNet, the
gains over EFC are approximately 1.3% and 1.7% in the
10-step and 20-step settings, respectively, while they are
smaller on ImageNet-Subset. This indicates that prototype
re-balancing is still beneficial in WS, although its impact is
reduced compared to Cold Start because the stronger initial
backbone limits feature drift and, consequently, the misalign-
ment between prototypes and features induced by PR-ACE
in EFC. This trend is further analyzed in Section 7.2.
Finally, EFC++ remains competitive with FeCAM, the
strongest competitor in WS. The two methods are compara-
ble on CIFAR-100, while on Tiny-ImageNet and ImageNet-
Subset, EFC++ improves performance by about 1.2% in the
10-step setting and remains comparable in the 20-step setting.
This is noteworthy because FeCAM freezes the backbone
after the large first task, which preserves first task accuracy
and strongly influences the per-step accuracy in WS. In con-
trast, EFC++ keeps updating the feature extractor through
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Warm Start (WS)

Table 2 continued
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20 Step

20 Step

20 Step

20 Step

Method

26.95 £ 1.02
40.23 +0.43
31.65 +£0.42

39.40 +3.05
56.41 +1.03

45.74 £0.18

12.78 £ 1.95
18.64 £ 1.67
1438 +1.22

24.59 +4.13

18.05 +1.10
25.96 +0.95
58.88 £2.15

63.70

23.58 +£2.01
37.15+2.47
65.14 £ 0.36

70.00

10.66 £+ 1.74
13.24 £ 1.61

16.19 +2.48
21.89 £0.52
52.04 £+ 1.06

EWC
60.20

LwF

ImageNet-Subset

37.71 £2.53
26.40 + 1.33

44.03 +2.19
51.60

PASS

Fusion

42.43 +£2.05
31.15+1.53
40.87 +2.00

44.89

52.63 £ 0.56
43.76 £ 1.07
51.90 £ 1.29
57.76
59.10

26.63 £1.45

36.17£1.18
2542 +1.17

68.01 &+ 1.60
66.73 £ 1.61

71.87 £ 1.46
70.68 + 1.37

57.62 +1.13

63.56 + 0.59
61.84 £0.93
67.68 +0.45
38.68 £0.76
49.81 +£0.23
68.85 +0.58

FeTrIL
SSRE

16.25 £ 1.05
26.03 £1.33
22.40
30.28

55.19 +£0.97
62.74 + 1.04

35.54 £1.20
35.96
42.28

71.72 +1.45

74.59 £ 0.94
55.72 £ 1.06

64.50 +0.31

FeCAM
ABD

40.92 +2.30
56.8 +0.69

21.47 +£2.08
38.19 £0.13
62.17 £ 0.69
62.75 +0.46

47.33

R-DFCIL
EFC

49.92 +£2.05

59.94 +1.38

3575+ 1.74

47.38 +1.43

71.63 +1.13
72.05 +1.33

75.40 £0.92

55.42 +2.44

65.90 +1.62

40.86 +1.65

53.90 +1.18

75.71 +£1.00

69.28 +0.46

EFC++

T ABD and R-DFCIL are run on CIFAR-100 and Tiny-ImageNet with ResNet-18 for consistency, although the original papers used ResNet-32 except on ImageNet-Subset

EFM regularization, improving plasticity for later tasks while
maintaining competitive stability on the initial task. The WS
panel of Figure 6 confirms this behavior: FeCAM better pre-
serves the large initial task, while EFC++ obtains stronger
accuracy on the other tasks after the last training step.

Cold Start. In Cold Start (Table 2, right), methods based on
feature distillation, such as SSRE and PASS, and methods
that freeze the feature extractor, such as FeTrIL and FeCAM,
show a substantial drop in accuracy compared to EFC++.
This confirms that, when no strong initial representation is
available, excessive stability limits the ability to learn later
tasks. Most of these methods also perform worse than LwEF,
despite using prototypes for classifier adaptation, suggesting
that prototypes alone are not sufficient when the backbone
lacks plasticity.

Interestingly, R-DFCIL reverses its behavior with respect
to Warm Start: despite its weak WS performance, it becomes
the strongest non-EFC baseline in CS. This suggests that its
knowledge distillation loss increases plasticity, improving
the learning of new tasks and therefore the final per-step
accuracy, where all tasks contribute equally to the met-
ric in CS (see Eq. 21). Nevertheless, EFC++ outperforms
R-DFCIL across all benchmarks in both incremental pro-
tocols: by 5% and 3% on CIFAR-100, 2% and 4% on
Tiny-ImageNet, and 11% and 10% on ImageNet-Subset for
the 10-step and 20-step settings, respectively. The larger gap
on ImageNet-Subset suggests that the generative mechanism
used by R-DFCIL to rehearse old class samples becomes
more challenging as image resolution increases (224 x 224
for ImageNet-Subset). The CS panel of Figure 6 confirms this
trend: after the final incremental step, EFC++ achieves higher
accuracy than R-DFCIL across all tasks, while FeCAM
achieves better performance only on the first task.

Compared with EFC, EFC++ achieves consistent and sub-
stantial gains of approximately 3—4 percentage points across
all CS settings. This improvement is due to the decoupling
of backbone training from classifier head balancing. In EFC,
prototypes are used while the feature space is still evolving,
so they can become outdated during training. EFC++ avoids
this issue by using the updated prototypes only after back-
bone training, which is especially important in Cold Start,
where feature drift is significant (see Section 7.2 for the drift
comparison in WS and CS).

6.2 Large-scale Domain- and Class-IL Experiments

We next evaluate EFC++ on ImageNet-1K to assess its scal-
ability to a large-scale class-incremental setting, and on
DNA4IL (a subset of DomainNet) to test its performance in a
more challenging scenario involving both class-incremental
and domain-incremental shifts. Here, we report the final per-
step accuracy in CS; the average incremental accuracy in CS
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Fig.6 Accuracy on each task after the final training step on CIFAR-100
Warm Start and Cold Start. EFC++ achieves the best stability-plasticity
trade-off compared to the nearest competitor in Warm Start (FeCAM)

Table3 Large scale Class- and Domain-IL Experiments on ImageNet-
1K (CS) and DN4IL (Gowda et al., 2023) (CS) using Agep

ImageNet-1K (CS) DN4IL (CS)
Method 10 Step 20 Step 6 Step
FeTrIL 34.28 +£0.20 26.64 +£0.25 30.95+0.17
FeCAM 36.16 £ 0.10 27.24 +£0.19 36.42 £0.12
R-DFCIL 29.36 £0.17 22.30+0.19 22.31 £0.21
EFC 42.62 +0.08 36.32 +0.35 38.27 £0.16
EFC++ 44.72 £ 0.11 37.46 £+ 0.03 39.32 +£0.15

and WS experiments are provided in Appendix F, and follow
the same trends observed on ImageNet-Subset.
Experiments on ImageNet-1K. EFC++ achieves the best
per-step accuracy in both the 10-step and 20-step CS set-
tings, improving over EFC by 2.1 and 1.2 percentage points,
respectively. Freezing the feature extractor limits the plastic-
ity of FeTrIL and FeCAM, leading to drops of more than 6
and 8 percentage points, respectively, compared to EFC and
EFC++. Although R-DFCIL performs well in small-scale
experiments, it underperforms FeTrIL and FeCAM in this
setting, likely because its generative inversion network must
synthesize high-resolution images for 1,000 distinct classes
by the end of the training, ten times more than ImageNet-
Subset.

Experiments on DN4IL (DomainNet). As shown in Table 3,
EFC++ improves upon EFC by approximately 1.1% in
final per-step accuracy and outperforms the remaining state-
of-the-art approaches. Notably, EFC++ surpasses the best
competitor, FeCAM, by roughly 3 points. R-DFCIL struggles
here for reasons similar to those observed on ImageNet-1K.
Additional comparisons are provided in Appendix F. Fig-
ure 7 reports the per-task accuracy after the last training
phase (domain in this setting). EFC++ remains competitive
on the first domain compared to methods freezing the back-
bone, while showing better plasticity on later domains. The

Step

and Cold Start (R-DFCIL). Task O represents the large first task in WS,
which is absent in CS (see Table 1)

DN4IL (DomainNet) - CS 6 step
70 . EFC
61.261.2

EFC++ FeCAM  mmm FeTriL

Accuracy

sketch

clipart infograph painting quickdraw real

Domain

Fig.7 Accuracy on each domain after the final training step on DN4IL.
Methods that freeze the backbone, such as FeCAM and FeTrIL, achieve
higher accuracy on the first domain, while EFC and EFC++ excel at
learning new domains

main exception is the painting domain, where FeCAM per-
forms better and FeTrIL is comparable, possibly because this
domain is more strongly correlated with the first one. Com-
pared with EFC, EFC++ achieves a better stability—plasticity
trade-off, as EFC loses nearly 10 points on the first domain.

6.3 Comparison using the PyCIL framework with
recent EFCIL methods

To compare with very recent exemplar-free Class-IL
methods, we additionally evaluate EFC++ within the PyCIL
framework (Zhou et al., 2023a, 2024, ?). We use the DPCR
codebase (He et al., 2025) to ensure a fair comparison with
recent methods, adopting the same data augmentations, first-
task optimization protocol, class order, and random seed. We
note that these results are not directly comparable with those
in Table 2, since PyCIL uses different data augmentations and
evaluates ImageNet-100, whose class subset differs from the
ImageNet-Subset benchmark from PODNet (Douillard et al.,
2020) used in our main experiments.

Table 4 compares EFC++ with DS-AL, ADC, LDC, and
the recent DPCR method. On CIFAR-100, DPCR obtains
the best results, while EFC++ remains competitive and ranks
second in both the 10-step and 20-step settings. On Tiny-

@ Springer
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ste;

and ImageNet-100 in Class-IL Cold Start. Results are obtained using the
DPCR codebase (He et al., 2025), based on the PyCIL framework (Zhou
et al., 2023a)

Table 4 Final per-step accuracy AKX o on CIFAR-100, Tiny-ImageNet,

Dataset Method 10 Step 20 Step
CIFAR-100 DS-AL (2024) 36.83 28.90
ADC (2024) 46.80 34.69
LDC (2025) 46.60 36.76
DPCR (2025) 50.24 38.98
EFC++ 49.47 36.85
Tiny-ImageNet DS-AL (2024) 27.01 21.86
ADC (2024) 32.90 20.69
LDC (2025) 33.74 24.49
DPCR (2025) 35.20 26.54
EFC++ 38.66 32.65
ImageNet-100 DS-AL (2024) 45.55 34.10
ADC (2024) 46.69 32.21
LDC (2025) 49.98 34.87
DPCR (2025) 52.16 38.35
EFC++ 55.86 38.60

ImageNet, EFC++ improves over DPCR by 3.46 and 6.11
points in the 10-step and 20-step settings, respectively. On
ImageNet-100, EFC++ obtains the best results, improv-
ing over DPCR by 3.70 and 0.25 points. These results
show that EFC++ remains competitive with the latest meth-
ods on CIFAR-100 and achieves stronger performance on
Tiny-ImageNet and ImageNet-100 under the same PyCIL
protocol.

A possible explanation for the comparatively smaller
gains on CIFAR-100 is that its lower image resolution and
relatively limited scale may make learning transferable fea-
ture representations from scratch in the Cold Start setting
more difficult. Despite the strong data augmentations used
in PyCIL, we observed signs of overfitting during training,
consistent with the findings of Mittal et al. (2021), who
showed that overfitting during first-task training degrades
representation quality and class-incremental learning per-
formance on CIFAR-100. Consequently, EFM-based feature
consolidation has less opportunity to exploit robust feature
representations, leading to smaller improvements than on
larger, more diverse datasets.

7 Ablations and Additional analysis

In this section, we systematically ablate the key components
of EFC++ to assess their individual contributions. We then
analyze differences in feature representation drift between
Warm Start and Cold Start scenarios, followed by a spectral
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Fig.8 Comparison of regularization methods on CIFAR-100 (CS) 10-
step. EFM balances stability and plasticity, reducing forgetting (left)
and improving plasticity (right) over FD. KD and EWC exhibit strong
initial plasticity but suffer from severe forgetting after the first task

analysis of the Empirical Feature Matrix and the impact of
hyperparameter selection for EFM regularization. Finally, we
discuss computational and storage requirements and exam-
ine the main limitations of EFC++, focusing on prototype
rehearsal and covariance drift.

7.1 Ablation Studies

Ablation on EFM regularizer. We evaluate our pro-
posed regularizer, EFM, against three established regularizer:
Fisher Information Matrix (E-FIM, Eq. 3), Feature Distilla-
tion (FD, Eq. 5), and Knowledge Distillation (KD) (Li and
Hoiem, 2017). To carry out this comparison, we directly
replaced EFM regularization in our training framework
without modifying any other components. Specifically, we
maintained the same prototype updates and prototype re-
balancing procedures. In order to perform these experiments,
we carefully validate the hyperparameters associated with
each regularizer (see Appendix H for more details on the val-
idation). For these experiments, in addition to the per-step
accuracy, we report the average forgetting and the average
plasticity (see Eq. 23), to measure the stability and the plas-
ticity induced by each regularizer. As shown in Table 5, EFM
achieves the best trade-off between stability and plasticity,
leading to the highest final accuracy in both the 10-step and
20-step settings on CIFAR-100. Figure 8 further highlights
EFM effectiveness: its average forgetting (left) remains com-
parable to FD during the incremental steps, while its plasticity
(right) is significantly improved. In contrast, while KD and E-
FIM exhibit strong plasticity (right), they suffer from severe
forgetting (left) after the first task, ultimately degrading their
final performance as shown in Table 5.

Ablation on prototype update. In Table 6 we evaluate the
effect of prototype updates using Eq. 15 and Eq. 16. Pro-
totype updates significantly improve performance in both
Warm Start and Cold Start across most benchmarks, except
for ImageNet-Subset WS, where no significant improvement
is observed.
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Table 5 Ablation study on
regularizers. We report the final CS - 10 Step < CS - 20 Step <
average forgetting (FX), Regularizer  F¥(|)  PL(t)  Af,(H  F<)  PLX(H) AR, (D
average plasticity (PLX), and
per-step accuracy (As[gep) for CIFAR-100 E-FIM 67.28 84.27 23.72 71.98 83.22 14.83
CIFAR-100 at 10 and 20 steps KD 34.90 70.67 39.26 41.11 65.41 26.39
FD 12.67 51.83 40.44 8.78 35.85 29.02
EFM 16.24 62.72 47.52 18.52 50.79 33.71
Table 6 Ablation study on
prototype update. The Dataset Step Update Proto (WS) Update Proto (CS)
performance of EFC++ X v X v
improves with prototype updates
in both Warm and Cold Start CIFAR-100 10 60.26 +0.72 62.15 £ 0.48 46.30 £ 1.45 47.52 £+ 0.68
20 56.10 £ 0.34 57.55 £ 0.66 31.71 £2.26 33.71 £ 1.41
Tiny-ImageNet 10 50.57 £ 0.40 51.67 £ 0.31 36.17 £ 0.41 3748 £ 0.52
20 46.86 = 1.19 50.41 +£0.51 29.04 £+ 0.65 32.56 + 0.44
ImageNet-Subset 10 69.09 £+ 0.30 69.28 £ 0.46 52.95 +£1.00 53.90 £ 1.18
20 62.77 £ 0.63 62.75 £ 0.46 39.10 £ 1.67 40.86 £ 1.65
Fig.9 Inter-class distance-map CIFAR-100 (CS) - 20 step
analysis on CIFAR-100 Cold .
Start with 20 steps. We compare Distance
the absolute error between the Efixed = | Dfixed — Dreall Epdated = |Dupdated — Dreall Map Error
cosine-distance maps computed = 0.18
from fixed prototypes (Dfixed) OF 0.15

EFM-updated prototypes
(Dupdaled) and the map
computed from real final class
prototypes (Dieat)-
EFM-updated prototypes better
match the final inter-class
geometry and reduce the average
oft-diagonal error, showing that
the proposed update better
preserves the feature-space
structure across tasks

7.2 Analysis of Feature Drift in Warm and Cold Start

We further analyze how initial representation quality affects
feature drift during incremental learning. Methods that freeze
the backbone perform well in Warm Start but struggle in Cold
Start, suggesting that strong initial features reduce the need
for later plasticity. Consistently, EFC++ improves over EFC
more clearly in Cold Start, where the induced drift of PR-
ACE has a larger impact on final performance. This suggests
that representations are less prone to change in Warm Start
thanks to the stronger initialization of the feature extractor.

To empirically evaluate this, we propose applying EFC++
in two settings. In a Warm Start setting, the model is pre-
trained on half of the available classes (i.e., |Co| = 50 for
CIFAR-100) and then incrementally trained for 10 steps, each
with 5 classes per step (|Ci~o| = 5). In a Cold Start setting,
the model starts with a random initialization (i.e., |Cy| = 0)

0.08

0.05

0.03

0.00

and is then incrementally trained for 10 steps by following
the same order and the same number of classes per step as in
the Warm Start setting. Figure 10 presents the results of this
analysis. For each set of classes (on the x-axis), we plot two
lines representing the average distance between the actual
class means (w) and the estimated prototypes (p) through-
out the experiment, with and without updates (dashed and
solid lines, respectively) using the Empirical Feature Matrix
as pseudo-metric. Comparing the two scenarios, we see that
the average distance between the real class means and fixed
prototypes is greater in the Cold Start setting, indicating that
the representations are more prone to change compared to
the Warm Start setting. Additionally, our prototype update
rule (see Equations (15) and (16)) effectively mitigates pro-
totype drift in both scenarios. However, it is less effective in
the more challenging Cold Start scenario due to the greater
representation drift.

@ Springer
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Fig. 10 Distance between real class means and prototypes when kept
fixed (solid) or updated via the Empirical Feature Matrix (dashed) in
both Warm and Cold Start scenarios on CIFAR-100 in EFC++. In Cold
Start, the average distance of the prototypes from real class means
change more than in Warm Start. Our prototype update rule effectively
mitigates this drift

Visual analysis of inter-class feature geometry. To further
assess whether the EFM-based prototype update preserves
the structure of the feature space, we analyze inter-class
distance maps on CIFAR-100 in the Cold Start 20-step set-
ting. Let Dfixeds Dupdateds and Drea denote the pairwise
cosine-distance matrices computed from fixed prototypes
stored when each class is first encountered, EFM-updated
prototypes after the final training step, and real final class pro-
totypes, respectively. The real final prototypes are obtained
by forwarding the corresponding class data through the final
backbone. We compare each prototype-based distance map
with the real final one by computing Efixed = | Dfixed — Dreall
and Eypdated = |Dupdated — Dreal.

Figure 9 illustrates Efixeq and Eypdated- Fixed prototypes
exhibit larger errors, indicating that the original inter-
class geometry becomes misaligned as the feature extractor
evolves. In contrast, EFM-updated prototypes produce a dis-
tance map closer to the real final one and reduce the average
off-diagonal error. This confirms that the proposed update
better preserves the relative geometry among classes across
tasks.

7.3 EFM Spectral Analysis and Hyperparameters

Since EFC++ uses E; to selectively regularize drift in feature
space, it is natural to question how selective its regularization
is. We can gain insight into this by analyzing how the rank
of E; evolves with increasing incremental tasks.

Consider training a model incrementally on CIFAR-100
using EFC++ up to the tenth and final task, computing along
the way the spectrum of E; for each t € [1,..., 10]. We
chose the ten task sequence for simplicity, but the same
empirical conclusions hold regardless of the number of tasks.
Recalling that E; € R"*" is symmetric, there then exist U;
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Fig. 11 The spectrum of the Empirical Feature Matrix across incre-
mental learning steps. For a better visualization of the spectrum in the
analysis we considered a Cold Start 10-step scenario on CIFAR-100.
The x-axis is truncated at the 120th eigenvalue

and A; € R™" guch that E, = U,TA,U,, where U; is an
orthogonal matrix and A; = diag(iq, .., A,) is a diagonal
matrix whose entries contain the eigenvalues of E;, sorted in
descending order. Since E; is positive semi-definite, ; > 0
foreachi €[1,...,n].

In Figure 11, we plot the spectrum of E; at each 1 €
[1,...,10]. This plot shows that the number of classes on
which the matrix is estimated corresponds to an elbow in
the curve beyond which the spectrum of the matrix vanishes.
This implies that the rank of the matrices is exactly equal to
the number of observed classes minus one.

Moreover, the horizontal line compares the magnitude of
the eigenvalues across tasks with the damping term. Recall-
ing that the results reported for EFC++ were obtained using
parameter values of Agpy = 10 and n = 0.1, we observe
that the plasticity constraints Agpmv; > 7 (described in
Section 3.3) are satisfied for nearly every v; > 0, clearly
demonstrating that our regularizer effectively constrains the
features in a non-isotropic manner, distinguishing it from
feature distillation.

To provide empirical proof of the importance of calibrat-
ing such hyperparameters (i.e., avoiding too low a value of n
or degenerating into feature distillation), we also conducted a
grid search testing 25 different combinations of Aggy and 7.
Figure 12 (left) shows that the selected combination achieves
the peak value in terms of final per-step accuracy. In particu-
lar, it reveals that excessively low values of 1 lead to weaker
regularization and increased forgetting (middle), whereas
excessively high values significantly reduce plasticity (right).
See Appendix G for a more comprehensive analysis on other
scenarios.

7.4 Training Time and Memory Requirements

Training Time. FeTrIL and FeCAM are the fastest
approaches as they freeze the backbone. Nextis EWC, which
does not apply any distillation and only E-FIM reguarization.
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Fig.12 A grid search testing 25 combinations of Aggm, with the x-axis
in log scale for better visualization. Left: The selected combination,
represented by the star symbol, achieves the peak per-step accuracy.

LwF, R-DFCIL, ABD, EFC, and EFC++ achieve compara-
ble training times for the feature extractor, with two forward
passes required for computing distillation losses in LwEF,
ABD and R-DFCIL, and two forward passes for comput-
ing EFM regularization in EFC and EFC++. SSRE slightly
increases the training time due to architectural modifications
introduced by the method. PASS is the most computationally
expensive approach, as it applies self-rotation to each task,
effectively doubling the training time.

In post-training, both EFC++, R-DFCIL and ABD intro-
duce an additional computational overhead. However, the
computation of EFM and prototypes in EFC++ is negligi-
ble compared to the training time, as it only requires a single
forward pass over the backbone using the current task’s train-
ing dataset. Additionally, EFM can be computed without any
backward pass (see Eq. 8). The prototype re-balancing phase
takes approximately one-fifth of the time required for train-
ing the backbone, since the only classifier is trained and the
feature extractor is frozen. In this phase, a single forward
pass over the current training dataset is required to compute
the task features because the feature extractor is frozen. The
training time slightly increases across tasks due to the grow-
ing number of sampled prototypes.

R-DFCIL and ABD further extend training time by requir-
ing the training of a deep generative inversion network after
each task, which takes approximately 15 min — about three
times longer than training the main model on CIFAR-100.
This computation further increases when the resolution of
the images to be generated increases (e.g. ImageNet).

Figure 13 shows the complete training times, with ABD
and R-DFCIL omitted due to their significantly larger scale.
Overall, when considering both its training and prototype
re-balancing phases, EFC++ exhibits slightly higher train-
ing times compared to LwF and EFC, comparable timing
to SSRE, and significantly lower training time than PASS.
Training times were measured using an NVIDIA RTX 3090
GPU.

Memory requirements. EWC and LwF do not use proto-
types, so no additional storage is required. FeTrIL, PASS,

T T T T T T T T
107t 10° 10t 1073 1072 107t 10° 10t

Middle: Reducing the value of  weakens regularization and increases
forgetting (see Eq. 23, left). Right: For high values of 7, plasticity is
significantly compromised (see Eq. 23, right)

B (WF @ SSRE =3 EFC (EFM) I EFC++ (balancing)
[5 PASS M EFC (train) BN EFC++ (train) EEE EFC++ (EFM)

Time (seconds)

Task 1 Task 2 Task 3 Task 4 Task 5 Task 6 Task 7 Task 8 Task 9

Fig. 13 Training times. For EFC++ we report the time required for
backbone training, EFM and prototype computation, and the prototype
re-balancing phase. Overall, EFC++ exhibits a slight increase in com-
putational time compared to EFC and LwF, shows comparable timings
to SSRE, and remains more efficient than PASS, R-DFCIL, and ABD.
Timings for R-DFCIL and ABD are omitted as the deep inversion model
training time alone already significantly exceeds the time required for
the other approaches (about 15 min on CIFAR-100)

and SSRE need to store only class means. R-DFCIL increases
storage requirements by including a generative deep inver-
sion model with about 33 M parameters (roughly 125.89 MB
at 32-bit precision). EFC, EFC++, and FeCaM must store
both class means and covariances. Comparing their mem-
ory requirements to R-DFCIL’s, storing 100 class covariance
matrices of size 512x512 (as in CIFAR-100 with a ResNet-
18 backbone) requires about 100 MB — slightly less than
R-DFCIL. However, as the number of classes increases, the
storage requirements for EFC, EFC++, and FeCaM grow
with respect to R-DFCIL. In our previous work (Magistri
et al., 2024b), we showed that these costs can be mitigated
through covariance approximation, thus eliminating the need
to store a covariance matrix per class—or by applying a
low-rank approximation. This significantly reduces storage
without significant performance degradation.

@ Springer
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7.5 Analysis of the limitations of EFC++

Since EFC++ does not update class covariances across incre-
mental learning steps, we aim to understand how covariance
drift affects the final performance. Tables 7 and 8 compare
different update strategies of class statistics: our approach
(class means estimated via EFM and fixed covariances, high-
lighted in cyan) against an idealized setting using real mean
and real covariances, computed from old task data fed in
the current task backbone. While this strategy is infeasible
in incremental learning — since past data is unavailable — it
serves as an upper bound for performance and helps quantify
the limitations of our prototype rehearsal strategy.

On CIFAR-100, using real class covariances provides
limited benefits when the means are estimated with EFM.
On ImageNet-1K, this effect is more visible, especially in
the 10-step setting. Nevertheless, the dominant source of
improvement is explained by the class means. Replacing

Table7 Impact of Mean and Covariance Drift on EFC++ (CIFAR-100
Cold Start)

Step Mean Covariance Accuracy Delta
10 Fixed Fixed 46.30 £ 1.45 -
EFM Fixed 47.52 £ 0.68 +1.22 (Ours)
EFM Real 47.37+£0.19 +1.07
Real Fixed 49.22 £0.17 +2.92
Real Real 49.33 £0.20 +3.03
20 Fixed Fixed 31.71 £2.26 -
EFM Fixed 3371 £ 1.41 +2.00 (Ours)
EFM Real 33.86 £ 1.49 +2.15
Real Fixed 37.04 + 1.67 +5.33
Real Real 38.59 £+ 1.64 +6.88
Joint Training 71.00

Table 8 Impact of Mean and Covariance Drift on EFC++ (ImageNet-
1K Cold Start)

Step Mean Covariance Accuracy Delta
10 Fixed Fixed 43.65 £ 0.04 -
EFM Fixed 44.72 £0.11 +1.07 (Ours)
EFM Real 46.50 £ 0.27 +2.85
Real Fixed 49.95 £ 0.09 +6.30
Real Real 49.97 £0.09 +6.32
20 Fixed Fixed 34.00 £ 0.03 -
EFM Fixed 37.46 + 0.03 +3.46 (Ours)
EFM Real 38.45 £ 0.01 +4.45
Real Fixed 44.92 +0.02 +10.92
Real Real 45.55+£0.06 +11.55
Joint Training 69.76

@ Springer

our estimated class means with real ones, while keeping
the covariances fixed, leads to the largest improvement:
2.92% and 5.33% on CIFAR-100, and 6.30% and 10.92% on
ImageNet-1K, with respect to fixed statistics in the 10- and
20-step settings, respectively. This confirms the challenges
highlighted in Section 7.2 that our approach encounters when
estimating the real class drift in Cold Start. Using real class
covariances can further improve performance, particularly on
ImageNet-1K, but this gain is much smaller than the impact
of using real class means. In Appendix I, we show that similar
conclusions hold for Tiny-ImageNet and ImageNet-Subset.
From this analysis, we conclude that future work on Gaus-
sian prototypes should prioritize more effective strategies for
updating class means, beyond our current EFM approach. In
this direction, hybrid strategies combining the EFM pseudo
metric with recent prototype update strategies such as those
in LDC (Gomez-Villa et al., 2025), represents a promising
direction for future work. As a final note, we report the
performance under Joint Training, where the gap remains
substantial. Closing this gap will likely require either a more
advanced strategy than Gaussian prototypes or improved reg-
ularization techniques beyond those we proposed.

8 Conclusions

Exemplar-free Class Incremental Learning requires a care-
ful balance between model stability and plasticity. In this
paper, we tackled the challenging Cold Start scenario in
which inhibiting plasticity hinders the learning of novel
tasks and caused a significant drop in incremental learn-
ing accuracy. We proposed Elastic Feature Consolidation++
(EFC++), improving over EFC and achieving competitive
or superior performance with respect to recent state-of-the-
art methods in Exemplar-free Class Incremental Learning
(EFCIL).

We derived an Empirical Feature Matrix (EFM) that
induces a pseudo-metric used to control feature drift and
improves plasticity with respect to the usage of feature dis-
tillation. We showed that this matrix has interesting spectral
properties depending on the number of classes in the incre-
mental learning process. This matrix is also used to update
prototypes, enabling them to adapt to the feature space drift,
which is particularly pronounced in the Cold Start scenario.
These prototypes are leveraged in a prototype re-balancing
phase to learn the inter-task classifier.

Overall, EFC++ achieves superior stability-plasticity
trade-off compared to EFC across small-scale, large-scale,
and domain-incremental learning benchmarks. This is
achieved by applying the prototype re-balancing phase and
a regularization on the feature space. Future works could
develop and analyze more plastic regularizers, similar to
EFM, applied to feature maps in the inner activations of the
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network. The interaction between increased plasticity across
different layers is still unclear.

Driven in part by the development of foundation models,
recent works have begun investigating incremental learning
scenarios in which the initial backbone is pre-trained on mas-
sive datasets (Lietal., 2025; Wang et al., 2026, 2025). Recent
evidence shows that the benefit of pre-training depends on
how well the target incremental domain is represented in
the pre-training data, and that target-domain training or
adaptation can remain important under significant domain
shift (Feillet et al., 2025). In the future, we aim to investigate
how strategies that enhance plasticity, like EFC++, perform
in such pre-trained scenarios. We are particularly interested
in understanding whether enhancing plasticity can improve
performance when there is a large domain shift from the pre-
training task, which is very common in real applications.
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