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Abstract

Contrastive learning has significantly improved repre-
sentation quality, enhancing knowledge transfer across
tasks in continual learning (CL). However, catastrophic for-
getting remains a key challenge, as contrastive based meth-
ods primarily focus on “soft relationships” or “softness”
between samples, which shift with changing data distribu-
tions and lead to representation overlap across tasks. Re-
cently, the newly identified Neural Collapse phenomenon
has shown promise in CL by focusing on “hard relation-
ships” or “hardness” between samples and fixed proto-
types. However, this approach overlooks “softness”, cru-
cial for capturing intra-class variability, and this rigid fo-
cus can also pull old class representations toward current
ones, increasing forgetting. Building on these insights,
we propose Focal Neural Collapse Contrastive (FNC?), a
novel representation learning loss that effectively balances
both soft and hard relationships. Additionally, we introduce
the Hardness-Softness Distillation (HSD) loss to progres-
sively preserve the knowledge gained from these relation-
ships across tasks. Our method outperforms state-of-the-art
approaches, particularly in minimizing memory reliance.
Remarkably, even without the use of memory, our approach
rivals rehearsal-based methods, offering a compelling solu-
tion for data privacy concerns.

1. Introduction

Unlike human learning, which is adaptive and ongo-
ing, current deep neural networks (DNNSs) are typically
trained in batches, using all available data at once. To em-
ulate human learning, these models need to support con-
tinual learning (CL), which involves acquiring new knowl-
edge while retaining previously learned information. How-
ever, this process is hindered by the phenomenon known as
“catastrophic forgetting” (CF) [36,44], where learning new
tasks with fresh data causes the model to overwrite its prior
knowledge, leading to a drastic decline in performance on
older tasks. To tackle this challenge, CL has gained sig-

nificant attention in recent years [5,27,37,41,45,48, 53].
CL aims to develop methods that enable models to learn
from a continuous stream of data by balancing the reten-
tion of prior knowledge with the ability to adapt to new in-
formation. Achieving this balance, known as the stability-
plasticity trade-off, is crucial for preventing performance
loss when integrating new tasks.

Current CL methods are predominantly based on super-
vised strategies, which have proven effective in preserving
knowledge [3, 50, 57]. Notably, approaches that decouple
representation learning from classifier training have shown
greater resistance to forgetting compared to joint training
methods [5, 12,34, 53]. Building on this decoupling, sev-
eral supervised contrastive representation learning methods
have delivered strong results [5, 53]. However, (I) most
of these methods depend on replay buffers for storing past
samples, limiting their use when data privacy is a concern.
@ Another limitation is their reliance on inter-sample rela-
tionships, which can lead to representation drift and over-
lap with new tasks—one of the main causes of forgetting in
CL. Indeed, this issue has been highlighted in both DNNs
[4, 58] and neuroscience [10].

Neural collapse (NC), a recently discovered phe-
nomenon characterized by highly structured and aligned
neural network features, has attracted considerable atten-
tion in the deep learning community [1 1, 15,20,33,49,63].
It shows particular promise for CL by reducing representa-
tion overlap, enhancing class separation, and mitigating CF.
NC achieves this by aligning feature representations with
fixed prototypes, which act as optimal class-specific refer-
ence points and remain constant throughout training, sig-
nificantly enhancing class separation. Additionally, proto-
types can serve as class representatives, and their integra-
tion into contrastive learning reduces reliance on memory
buffers. Leveraging these advantages, several CL methods
[46,55,56] have incorporated NC. However, focusing only
on sample-prototype relationships can reduce diversity, dis-
rupt within-class data distribution, and lead to forgetting as
older representations shift toward current task prototypes.
To address this, we propose a supervised method using



fixed, evenly spaced prototypes to enhance representation
quality, minimize task overlap, and reduce memory depen-
dence while preserving intra-class data distribution.

To summarize, the main contributions of our work are:

* We reveal that “softness” (inter-sample relationships)
and “hardness” (relationships with fixed prototypes) !
are critical in NC-based contrastive CL for effectively
acquiring new tasks while retaining prior knowledge.

¢ In both plasticity and stability phases of learning, we
introduce new loss functions that address both hard-
ness and softness. For plasticity, we propose Fo-
cal Neural Collapse Contrastive (FNC?), a loss func-
tion that combines hard and soft semantics to en-
hance representation learning by focusing on challeng-
ing samples. For stability, we introduce the Hardness-
Softness Distillation (HSD) loss function, which pre-
serves knowledge from both hard and soft relation-
ships, significantly reducing forgetting.

* Our model surpasses state-of-the-art (SoTA) results in
both replay-based and memory-free scenarios, espe-
cially excelling in settings with no stored exemplars,
making it ideal for applications with strict data privacy
requirements.

2. Related Work
2.1. Continual Learning

CL approaches can be broadly classified into three main
categories. Rehearsal-based approaches [3, 5, 34, 53] store
a small amount of data in a memory buffer and replay
them to prevent forgetting. Regularization-based methods
[12,21,39,48, 60] penalize changes in network parameters
of the current task with respect to the previous task. Mean-
while, instead of using shared parameters, the architectural-
based approaches [28,45,57] construct task-specific param-
eters and allow network expansion during CL. This work
focuses on regularization-based methods by devising a spe-
cific regularization loss to align the current model with the
previous one. Additionally, our approach is capable of per-
forming well in both replay-based and memory-free scenar-
ios.

Most of the current CL methods target primarily to
achieve a balance between acquiring new tasks (plasticity)
and retaining knowledge of previous tasks (stability) [5,

,47,53]. To attain this balance, regularization-based
approaches typically employ knowledge distillation (KD)

n unsupervised contrastive-based learning, alignment ensures similar
features are mapped to similar samples, while uniformity ensures a feature
distribution that maximizes information and ideally forms a uniform hy-
persphere. In a supervised setting, we use the term “softness” to represent
alignment, and introduce “hardness” to describe the relationships between
samples and NC-based prototypes.

[18], which aims to transfer knowledge from the previ-
ous trained model (teacher) to the current one (student).
Recent works based on KD directly minimize the diver-
gence between their intermediate representations [19] or fi-
nal outputs [6, 12]. Additionally, several methods have ex-
plored relational KD, which enhances knowledge retention
by leveraging the sample-to-sample relationships, such as
Instance-wise Relation Distillation (IRD) [5, 53]. Other ap-
proaches, such as [2, 26], focus on relationships between
learnable class prototypes and individual samples, rather
than between samples themselves. In this work, we utilize
KD through IRD, alongside a prototype-based distillation
method. Our approach differs from [2, 26] in both the use
of fixed rather than learnable prototypes, and in how the
sample-prototype relationships are applied.

Beyond balancing plasticity and stability, recent research
emphasizes the importance of cross-task consolidation for
improving representation and reducing forgetting [29, 61].
We implicitly address this by designing a plasticity loss
function crafted to enhance cross-task separability.

2.2. Contrastive Learning

Contrastive learning has emerged as a prominent rep-
resentation learning approach, demonstrating its SoTA for
different downstream tasks [&8, 22, 51]. Numerous con-
trastive methods have been proposed and widely applied in
both unsupervised [8,9,16,51] and supervised settings [22].

In the context of CL, many studies [5, 12,26,35,53] have
shown that contrastive learning is highly effective in acquir-
ing task-invariant representations, which significantly miti-
gates the primary cause of forgetting — data imbalances be-
tween previous and current tasks. Among these, CoL [5] is
the first method to apply supervised contrastive learning in
CL. Subsequently, CILA [53] improved Co?L by analyzing
the importance of coefficients for the distillation loss. Re-
cently, CCLIS [26] emerged as a SOTA method by preserv-
ing knowledge through importance sampling to recover pre-
vious data distributions. However, unlike Co2L and CILA,
CCLIS cannot operate without a memory buffer, which lim-
its its efficiency in many real-world applications where data
privacy is a concern.

Contrastive learning generates augmented views of each
sample, bringing positive pairs closer and pushing nega-
tive pairs apart, promoting representation invariance to aug-
mentations. Most contrastive methods focus on learning
representations through relationships between samples, re-
ferred to as soft relationships or “softness”. In CL, relying
solely on softness preserves class diversity and data distri-
bution but can cause task representation overlap, as shown
in Fig. 1a. In this paper, we propose a novel supervised con-
trastive loss for CL that reduces memory dependence and
resolves this overlap while maintaining class distribution.
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Figure 1. Our method mitigates the drawbacks of both “soft” and “hard” learning by using fixed, equidistant prototypes to minimize
cluster overlap. (a) Overlap between new and old classes happens due to non-fixed class clusters and representation drift. (b) Strong
alignment with prototypes can overly cluster current task representations and pull older ones into new clusters, especially in CL with few
old samples. Moreover, mixed-feature samples should be placed between classes, not tightly aligned with prototypes. (c¢) Our method
considers both inter-sample and sample-prototype relationships, maintaining distinct cluster representations and preserving distribution

within each cluster.

2.3. Neural Collapse (NC)

A recent study [38] identified neural collapse (NC) phe-
nomenon, where, at the end of training on a balanced
dataset, class features collapse to their class means, aligned
with a simplex equiangular tight frame (ETF). This find-
ing has led to further research showing that NC represents
global optimality in balanced training with cross-entropy
[11,14,20,33,64] and mean squared error [ 15,40,49,63] loss
functions. Inspired by NC, studies such as [24] have used
fixed simplex ETF points with modified contrastive loss to
achieve NC, while [54] induced NC under imbalanced data
conditions by fixing the classifier.

Inducing NC for CL. Building on [13], which showed
that NC persists when transferring models to new samples
or classes, several CL studies have leveraged NC to miti-
gate forgetting [55, 56]. These works pre-assign a group of
classifier prototypes as a simplex ETF for all tasks and then
align sample representations to their corresponding proto-
types. The relationship between samples and prototypes,
which this learning approach focuses on, is referred to as
hard relationships, or “hardness”. For instance, [55,56] em-
ployed the dot-regression (DR) loss proposed in [54] for
NC-based CL, which is considered a hard learning method.
Since the prototype group remains consistent, these meth-
ods prevent task overlap but risk reducing diversity and dis-
rupting within-class distribution, potentially leading to for-
getting. Our method addresses this issue by integrating NC
directly into the loss function, combining both softness and
hardness to preserve data distribution and avoid task overlap
in CL.

The concept of NC can be presented as follows.

Definition 1. A simplex Equiangular Tight Frame (ETF)
is a collection of K vectors: Q = {qi}~_,, each vector
qr € RY, K < d+ 1, which satisfies:

Q= /U (IK—;lKlfT(), M
where U € R?*X is an orthogonal basis and UTU = Iy,
Ik is an identity matrix and 1 is an all-ones vector.

Each vector qj has the same ¢ norm, and any two
distinct vectors consistently produce an inner product of
fﬁ, which is the lowest possible cosine similarity for
K equiangular vectors in R%. This geometric relationship
can be described as

K 5 1
K-1" K-1

a4 q; = vij €[LK], ()
where ; ; = 1 in case of ¢ = j, and O otherwise.

After that, the NC phenomenon can be formally charac-
terized by the following four attributes [38]:

NCI1: Features from the last layer within the same class
converge to their intra-class mean, such that the covariance
3y — 0. Here, B3 = Avg{(vei — i) Wi — )"},
where vy, ; is the feature of sample ¢ in class &, and p;, is
the intra-class feature mean.

NC2: After centering by the global mean, intra-class
means align with simplex ETF vertices, i.e., {f1;}, 1 < k <
K satisfy Eq. (2), where f;, = (1 — )/l — el and
global mean pg = =30, 1y

NC3: Intra-class means centered by the global mean
align with their classifier weights, leading to the same sim-
plex ETF, i.e., fi;, = wy/||wg]||, where 1 < k < K and wy,
is the classifier weight of class k;

NC4: When NC1-NC3 hold, model predictions sim-
plify to selecting the nearest class center, represented as
argmax (z, wy) = argming||z — ||, where (-, -) denotes
the inner product operator, and z is the output of the model.



3. Preliminaries
3.1. Problem Setup

In the general supervised CL scenario, we have a se-
quence of training datasets, which is drawn from non-
stationary data distributions for each task. Namely, let
t be the task index, where t € {1,...,T}, and T rep-
resents the maximum number of tasks. The dataset for
the ¢-th task, denoted by D;, consists of N, supervised
pairs: D; = {(xi,vi)}x,, along with the set of classes
C;. CL comprises a variety of scenarios; however, in this
work, we focus specifically on two popular settings: class-
incremental learning (Class-IL) and task-incremental learn-
ing (Task-IL). In both settings, there is no overlap in class
labels across tasks, ensuring C;NCy = ) for any two distinct
tasks ¢ # t’. For Task-IL, the learned model additionally
has access to the task label during the testing phase.

3.2. Supervised Contrastive Learning

This section details the SupCon algorithm [22], which
inspires the “softness” component of our approach. Sup-
pose that in each batch B of N samples, SupCon firstly
creates two randomly augmented versions of each sample
in the batch, making each batch now contain 2N views:
|B| = 2N. After that, given the feature extractor f, each
view Xx; in the batch is mapped into a unit d-dimensional Eu-
clidean sphere through a linear projector g as z; = h(x;),
where h = g o f. Consequently, generic presentations are
learned through the minimization of the following loss:

omizs) /7

2N
-1
Lsucon =D oy 2 108l w7
=1 |P(2)] jeP) ZkGA(i)e< izk)/
3)

where (-) is the cosine similarity, 7 > 0 is the tempera-
ture factor, A(i) = {1..2N} \ {¢}, and P(%) is the index set
of positive views with the anchor x;, denoted as:

P(i)={p € {1..2N}|y, = yi,p # i} 4)

Focal contrastive learning. Despite their advantages, con-
trastive learning methods often struggle to reduce intra-
class feature dispersion. They rely heavily on posi-
tive/negative pairs, but most samples are easy to contrast,
resulting in minimal loss gradients and scattered intra-class
samples. To address this issue, inspired by focal loss [30],
[62] introduced the focal contrastive loss. This approach
emphasizes hard positive views—those with low cosine
similarity to the anchor and thus lower prediction probabil-
ity. Since hard positives are more influential in contrastive
loss, they lead to clearer class clustering. Building on these
insights, we propose focal contrastive loss in the context of
NC for CL, as detailed in Sec. 4.3.

4. Methodology
4.1. Motivation

Our method uses a two-stage learning process, as in [5].
First, we learn a representation, which is then used to train
the classifier. The main objective of CL is to balance two
goals: learning new tasks (plasticity) and preserving the
knowledge from previous tasks (stability). The overall loss
can be described as:

['overall = »Cplasticity + Estability (5)

Remark. While plasticity and stability are central to

most CL algorithms, some very recent works have high-
lighted the importance of cross-task consolidation [29,61].
Although our approach does not explicitly incorporate a
cross-task consolidation term, we will show that it is im-
plicitly accounted for in our Lpqsticity-
a. Plasticity. Previous contrastive learning approaches, like
SupCon [22], use sample relationships but allow class rep-
resentations to shift, as shown in Fig. la, causing overlap
with current clusters and leading to forgetting. We term
these methods “soft plasticity”. To address this issue, in-
spired by Neural Collapse, recent works [55,56] propose us-
ing fixed, equidistant prototypes as the optimal class means
at the end of training, as shown in Fig. 1b. These methods,
which we term “hard plasticity”, focus on aligning sample
representations with their assigned prototypes.

While these “hard” methods tightly align representations

with prototypes, they have drawbacks. First, they neglect
sample relationships, leading to representations clustered
only around prototypes, which is not ideal since some sam-
ples share characteristics with multiple classes and should
lie between them. Second, tightly aligning samples with
current prototypes can pull old class representations to-
wards the current task’s prototypes, causing forgetting, as
shown in Fig. 1b. To harness the benefits of NC while avoid-
ing the pitfalls of hard learning, we integrate both soft and
hard learning. This approach maintains cluster distribution
within each class and preserves separation from clusters of
both current and past classes, as shown in Fig. lc.
b. Stability. Co?L, the pioneering work in continual con-
trastive learning, employs IRD as Lgapitity. The “soft sta-
bility” IRD is designed to preserve the relationships be-
tween samples in the old and new feature spaces. How-
ever, as training progresses, its effectiveness diminishes, as
demonstrated in Fig. 2:

1. At the start of training task ¢, the representations of all
current samples match those from task ¢ — 1 because
no training has occurred yet. Initially, sample repre-
sentations are consistent across tasks, but as training
progresses, they gradually shift towards their respec-
tive class clusters.
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Figure 2. Shifts in representations of current samples at task ¢
between the beginning of training and after several epochs.

2. Over many epochs, the increasing discrepancy be-
tween the current and past feature spaces leads to a rise
in IRD loss. This shift occurs because representations
approach optimal positions, reducing the significance
of Ltavitity based on IRD to the overall loss Loyeral
over time.

To address this limitation, we introduce a new distillation
loss, termed “hard stability”, inspired by NC phenomenon,
along with a novel strategy to enhance IRD’s effectiveness
throughout the training process. Both of these will be de-
tailed in Sec. 4.4. As presented in Fig. 1, both soft and
hard learning methods suffer from representation drift, es-
pecially in settings with limited or no memory. Our ap-
proach effectively mitigates this issue. However, as the
memory capacity increases, the impact of representation
drift in soft and hard learning methods diminishes. Con-
sequently, our method demonstrates a significant advantage
in low-memory regimes, where the problem of representa-
tion drift is more pronounced.

4.2. Overview of the proposed method

Fig. 3 provides an overview of our method (see Sec. 3.1
for setting details). In our approach, memory is optional,
and when used, we employ the Reservoir sampling strategy
[52] to fill a fixed-size buffer M. After each task beyond
the first, current samples are combined with buffered sam-
ples, and each sample is drawn independently with equal
probability for the mini-batch. We first predefine a set of
fixed equidistant prototypes as the vertices of an ETF. We
denote this prototype set as P = {p;}X,, K is the num-
ber of prototypes, corresponding to the number of classes.
These prototypes are used as equidistant optimal points in
the feature space. We utilize these prototype points in both
learning new tasks and distilling old tasks through their di-
rect use in the corresponding loss functions.

The overall objective of our method is:

L=Lpnc2+Lusp (6)

with details on each new loss function provided in the fol-
lowing sections.

4.3. Hardness-Softness Plasticity

Inspired by NC phenomenon [38] and the concept of fo-
cal loss for addressing batch imbalance during training, we
introduce a novel loss called Focal Neural Collapse Con-
trastive (FNC?), defined as:

2N
Lrpncz = — Z |P(Z)1|+1< Z (1 —¢;5)7 log(csj)

i=1 2;€P(i)

+ (1 —mr;)" 10g(ﬁ')> (7N

where
(ziz5)/T
e
i = ®)
’ Zk# elzizi)/T 1 Z elzip)/T
Pi€EP1.t 1
cross-task
(zi'Pz; ) /T
i ‘ ©)

S BT LY, PO/

Here, P(%) is the set of positive indexes for each anchor,
as defined in Eq. (4), | P(7)| represents its cardinality, and
«v is the focusing hyperparameter. Additionally, p,, is the
prototype (specifically, the ETF vertex corresponding to la-
bel y;), and Py.,_; represents the set of prototypes used in
all previous tasks.

Intuitively, for each sample in the current task, we pull
positive samples closer to the anchor and push negative
samples away, forming clusters that are then pulled towards
their optimal prototypes, as shown in Eq. (8) and Eq. (9).
This approach helps the model learn both hardness and soft-
ness information. By incorporating (1—¢;;)” and (1—17;)”,
L nc2 emphasizes hard samples - those that are positive
but far from the anchor or far from their prototype. These
hard samples are crucial in contrastive learning, as they sig-
nificantly affect intra-class sample distribution, unlike easy-
to-contrast samples. A larger ~ further focuses the model
on training from samples that are distant from their pos-
itive views and prototypes. To reduce reliance on mem-
ory, we use prototypes from previous tasks as representative
points for past samples and include their cosine similarity
with the anchor in ¢;; and r;. This allows our method to
use old prototypes as negative points, similar to cross-task
consolidation as described in [29,61], aiding in distinguish-
ing between current and old classes. This approach effec-
tively mimics stored samples and facilitates robust learn-
ing even without past task samples, serving as a form of
pseudo-replay where old prototypes are effectively reintro-
duced. We will present performance in both memory-based
and memory-free settings in Sec. 5.2.
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Figure 3. Overall architecture of our method. Augmented samples from each batch are fed into the current model f* to learn new
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are directly involved in both loss functions during training.

When using memory, we employ an asymmetric version
of this loss, where only current samples serve as anchors
and buffer samples are used solely as negative points.

4.4. Hardness-Softness Distillation

Our new distillation loss, which capitalizes on both hard-
ness and softness plasticity during training, is described as:

2N

Lusp=(1-a)) o' (x;) - log(o'(x;))

i=1

LIrD

2N
+a) —q (xi; Piy) - log(q (xi; P1y))
=1

Ls—PRD

(10)

with @ = max(0, “52), e is the epoch index, e is the

number of epochs used for the warm-up period, and E is the
number of epochs (details are provided in the Appendix).
Here, L;rp (used in [5]) represents “soft stability” while
the proposed Sample-Prototype Relation Distillation loss
Ls_prp embodies “hard stability”.

In L1rp, 0'(%i) = [0f 1,0 1,0, 0] i1, 0 onv)s

t .t
RO

each of . is: oﬁ,- = where t > 1 is the

0J J W
task index and x is the temperature hyperparameter. In
Ls_prp> P1.i = {ps}5_, is the set of prototypes used
from task 1 to task ¢. Besides, we have q‘(x;;P1.;) =

t ot t t Lot
9i 1,45 25+ 0 )> and each ¢; ; is computed as: ¢; ; =

(zf-pj)/¢

e'\%iPj .

SERpCERIE given the temperature factor (.
s=1

Ls_pPRD preserves hardness by maintaining sample-
prototype relationships, while £;rp focuses on softness,
capturing the evolving relationships between samples dur-
ing learning. While Lg_ prp strongly preserves old knowl-
edge by regularizing sample-prototype relationships, it may

hinder learning if used exclusively, as it restricts the adapta-
tion of representations. Early in training, L;rp is crucial as
it supports learning plasticity, while Ls_prp is less effec-
tive. As training progresses and representations approach
their prototypes, Ls_prp becomes more beneficial, en-
hancing distillation. That is the motivation behind the idea
of combining L;rp and Ls_prp in Lysp (Hardness-
Softness Distillation) with weights that shift over time. Af-
ter an initial warm-up period (eg epochs), we gradually de-
crease Lrrp and increase Lg_ prp to balance learning and
information preservation effectively.

5. Experiments
5.1. Datasets and Implementation details

Datasets. As in other continual contrastive learning works,
we use thee datasets: Seq-Cifar-10, Seq-Cifar-100, and Seq-
Tiny-ImageNet for all experiments. We consider the class-
IL and task-IL settings, described in Sec. 3.1. Seq-Cifar-10
is created from Cifar-10 [23] and divided into five tasks with
two classes for each task, Seq-Cifar-100 contains five tasks
(20 classes/task) built from Cifar-100 [23], and Seq-Tiny-
ImageNet has 10 tasks (20 classes/task) built from Tiny-
ImageNet [25].

Implementation details. We train our method using
ResNet-18 [17] as the backbone, and we remove the last
layer of the backbone as [5, 12]. Similar to previous works
[5,8,59], we add a two-layer projection MLP on top of the
backbone, followed by ReLU activation functions to map
the output of the backbone into d-dimension embedding
space, where d = 128 with Seq-Cifar-10 and Seq-Cifar-
100, d = 256 with Seq-Tiny-ImageNet. With a batch size
of 512, we train the backbone with 500 epochs for the initial
task and 100 epochs for other tasks as in [5] for all datasets.
Besides, we run with buffer sizes 0, 200 and 500 to eval-
uate the performance of the model with different memory
settings. Regarding the value of v in Lpyc2, we choose
v = 1 for Seq-Cifar-10, and v = 4 for all other datasets.



Details about the selection of y and other hyperparameters
are provided in the Appendix. Since Co?L [5] does not re-
port results on Seq-Cifar-100 and results in the memory-
free setting on Seq-Tiny-ImageNet, we run Co?L on these
cases for comparison. For evaluation, we train a classifier
on top of the learned backbone using last-task samples and
buffered samples with 100 epochs.

Evaluation metrics. Similar to [5, 53], we evaluate the
quality of the learned encoder f* by training a classifier h'
on top of the frozen encoder f*, using only the current train-
ing dataset D; and the samples from the memory M. As
defined in [7] as well as in other CL methods [5,12,53], we
compute the Average Accuracy (AA) on the test dataset and
all accuracies A7, of each task k after learning the final
task T'. The equation for AA is defined as:

T
1
AA = ?;AM a1

Considered methods. To focus on learning ability with
limited or no memory, we compare our method only with
recent approaches that can operate in both settings. Since
CCLIS [26] and LODE [29] cannot operate in memory-free
scenarios, their results are excluded in Tab. 2. As shown
in Tab. 1, only Co?L [5], the recent method CILA [53],
and ours can run without a memory buffer. Additionally,
we compare our results with other well-known supervised
methods, including ER [43], iCaRL [42], GEM [31], GSS
[1], DER [3], Co®L [5], GCR [50], and CILA [53].

5.2. Main Results

Tab. 2 reports results for buffer sizes 0 and 200 to high-
light memory-free and limited memory scenarios. Results
for a buffer size of 500 are provided in the Appendix. Al-
though CILA [53] can operate without memory, results for
this setting are not available due to the lack of publicly ac-
cessible code, so we cannot include them.

As shown in Tab. 2, our model significantly outper-
forms recent replay-based methods across various CL set-
tings, datasets, and buffer sizes. Notably, without using a
buffer, our method outperforms Co®L in all settings and
datasets. For Seq-Cifar-10, our method exceeds Co’L by
approximately 10% in Class-IL and 7.76% in Task-IL. Sim-
ilarly, for Seq-Cifar-100, our method outperforms Co?L by
5.68% for Class-IL and by 5.96% for Task-IL. On Seq-
Tiny-ImageNet, our method surpasses Co®L in both Class-
IL and Task-IL by 1.11% and 3.6%, respectively. This im-
provement is less pronounced than on the CIFAR-10/100
datasets because the current evaluation protocol trains the
classifier with samples from the current task and only a lim-
ited number from each old class. Consequently, the less sig-
nificant improvements may stem from the classifier rather
than the representation.

Type | Method

Memory-based ER [43], iCaRL [42], GEM [31], GSS [1],
DER [3], Co®L [5], GCR [50], LODE [29],
CILA [53], CCLIS [26], Ours

Co’L [5], CILA [53], Ours

Memory-free ability ‘

Table 1. Among supervised CL, ours is one of the few that operates
without memory.

When compared to other methods with a memory buffer
size of 200, our method outperforms all except for Seq-
Cifar-100 in the Task-IL setting, where it lags behind GCR
[50]. Notably, in the memory-free scenario, our method
surpasses all replay methods with a buffer size of 200 on
Seq-Cifar-10 and nearly matches the top result on Seq-Tiny-
ImageNet, achieved by CILA. Although memory-free re-
sults for CILA are not available, our method outperforms
their buffer size 200 results by 2.2% on Seq-Cifar-10, high-
lighting its robustness in both limited memory and memory-
free settings. With SoTA performance in memory-free sce-
narios, our model is well-suited for real-world applications
where data storage is a concern.

Additionally, the Appendix includes average forgetting
results to assess how well our method retains knowledge of
previous tasks compared to other baselines.

5.3. Ablation Studies

Effectiveness of FNC?. To evaluate the efficiency of learn-
ing plasticity via Lpyc2, we compare it with the asym-
metric version of SupCon loss (C‘gfj’;gon) [5], in combi-
nation with different using distillation methods scenario
in the Class-IL setting. Note that with buffer size 0, the
asymmetric loss £/, become the original SupCon loss
(Lsupcon). The results in Tab. 3 show that when stabil-
ity loss is absent, the performance with both £gpnc2 and
L tion drops significantly, with both yielding approxi-
mately the same results. When using distillation methods,
Lpne: outperforms L7, in all cases, especially in the
case of no memory or small memory size (200).
Effectiveness of HSD. In assessing the ability of Ly sp to
preserve prior knowledge, we compare cases without and
with different distillation methods, incorporating the plas-
ticity loss Lz nc2. The results in Tab. 4 demonstrate that
using either L;rp [5] or Ls_ prp individually yields min-
imal changes in performance. However, when both methods
are combined in £ sp, performance consistently improves
across all buffer sizes.

Effectiveness of pseudo-replay prototypes. We conduct
ablation experiments using the class-IL setup on the Seq-
Cifar-10 and Seq-Cifar-100 datasets with buffer size 0 and
200 to evaluate the role of pseudo-replay prototypes in our
method. As shown in Tab. 5, this approach consistently im-

proves performance across all datasets and buffer sizes. No-



Buffer Dataset Seq-Cifar-10 Seq-Cifar-100 Seq-Tiny-ImageNet
Scenario Class-IL Task-IL Class-IL Task-IL Class-IL Task-1IL
0 Co’L [5] 58.894+2.61 86.65+£1.05 26.894+0.78 51.91+£0.63 13.43+0.57 40.21+0.68
Ours 69.26+0.32 94.41+0.43 32.57+0.55 57.87+0.62 14.54+0.52 43.81+0.47
ER [43] 44.79+1.86 91.194+0.94 21.78+0.48 60.194+1.01 8.494+0.16 38.174+2.00
iCaRL [42] 49.02+3.20 88.9942.13 28.00+£0.91 51.43+1.47 7.53+0.79 28.19+1.47
GEM [31]  25.54+0.76 90.4440.94 20.75+£0.66 58.844+1.00 - -
GSS[1] 39.074+5.59 88.80+2.89 19.4240.29 55.38+1.34 - -
200 DER [3] 61.934+1.79 91.40+£0.92 31.23+1.38 63.09£1.09 11.87+0.78 40.2240.67
Co?L [5] 65.574+1.37 93.43+£0.78 27.384+0.85 53.94+0.76 13.88+0.40 42.3740.74
GCR [50] 64.844+1.63 90.80+£1.05 33.69+1.40 64.24+0.83 13.05+091 42.11£1.01
CILA [53] 67.06£1.59 94.2940.24 - - 14.554+0.39 44.15+0.70
Ours 72.63+0.78 95.31+0.32 34.04+0.42 59.46+0.65 15.52+0.53 44.59+0.72

Table 2. Results for our method compared with other supervised baselines, with memory sizes 0 and 200, are averaged over five trials (best

results in each column are highlighted in bold).

Plasticity ~ Stability Buffer size

0 200 500
Lrnc: X 53.594+0.63 53.62+0.81 58.714+0.93
cem X 53254170 53574103 58.56+0.85
Lo Ligp 58894261 6557137 74.26+0.77
Lrnc:2 LirD 63.65+0.55 70.54+0.95 74.81+1.12
Lrnc:z Lusp 69.26+0.32 72.63+0.78 75.51+0.52
Table 3. Performance comparison of Lpyc2 with LGP

in Class-IL setting on Seq-Cifar-10. The test L}/, with

Ls—prp is omitted due to incompatibility, and in case of buffer

. asym
size 0, ‘CSupCon become Lsupcon.-

Description Buffer size Accuracy (%)
w/o distillation 0 53.594+0.63
w/ EIRD 0 63.65+0.55
w/ ['SfPRD 0 64.17+0.41
w/ Lgsp 0 69.26+0.32
w/o distillation 200 53.624+0.81
w/ LIrD 200 70.54+0.95
w/ Ls_prD 200 69.20+0.58
w/ EHSD 200 72.63+0.78

Table 4. Ablation study on the effectiveness of L gp in class-IL.
We run all tests on the Seq-Cifar-10 dataset with the plasticity loss
L 2 and different distillation methods.

tably, in the memory-free scenario, accuracy with pseudo-
replay prototypes is close to that achieved with a buffer size
of 200 without them. These outcomes validate our hypoth-
esis that prior prototypes can act as effective representatives
of past samples, enhancing cross-task consolidation when
used as negative points in current tasks.

6. Conclusion

We explore the roles of hard (“hardness”) and soft (“soft-
ness”) relationships in NC-based CL for both plasticity and

Dataset

Buffer - Pseudo-replay Seq-Cifar-10  Seq-Cifar-100
0 X 67.79+0.43 30.80+0.49
v 69.26+0.32 32.57+0.55
200 X 70.71+0.89 33.12+0.81
v 72.63+0.78 34.04+0.42

Table 5. Influence of pseudo-replay prototypes.

stability. To address these, we propose two loss func-
tions: Lpyc2 for plasticity, which uses fixed prototypes
to guide representations towards optimal points while em-
phasizing hard samples and implicitly incorporating cross-
task consolidation through pseudo-replay of old prototypes,
and Lygp for distilling both hardness and softness over
time. Our approach achieves SoTA in memory-free settings
across various datasets and remains competitive with lim-
ited buffer sizes in memory-based scenarios.

Limitations and future work. Like other NC-inducing
methods in CL, our approach is limited by the need to pre-
define prototypes, which is impractical when the number of
prototypes is unknown. In future work, inspired by recent
advancements [32], we will tackle this issue by pre-defining
a maximum number of prototypes and learning their dis-
tributions, allowing samples to be associated with multi-
ple prototypes and different weights. Additionally, we plan
to explore alternative memory-free evaluation methods, as
current approaches including Co?L [5], CILA [53] rely on
buffers, which are less effective with limited samples for
old classes. We also aim to identify easily forgotten sam-
ples and focus on distilling only the core knowledge.
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APPENDIX

A. Hyperparameter selection

To select hyperparameters, we employ a grid search
strategy, using a randomly drawn 10% of the training data
as the validation set. The considered hyperparameters are:

* Learning rate (1)

¢ Batch size (bsz)

* Number of start epochs (F1)

* Number of epochs of ¢-th task (E;>2)

» Temperature for plasticity loss (7): We use the same
7 for both Focal Neural Collapse Contrastive (FNC?)
and Asymmetric SupCon loss [5]

* Focusing hyperparameters () for FNC? loss

» Temperature for instance-wise relation distillation loss
(L1rp): Asin [5], we use different temperature hyper-
parameters for the past (kpqs:) and current (Kcyrrent)
similarity vectors

» Temperature for sample-prototype relation distillation
loss (Ls—prp): We utilize (,qs for the past and
Ceurrent for the current similarity vectors

e Number of warm-up epochs in hardness-softness dis-
tillation loss (L sp) (eg)

The corresponding search space of these hyperparame-
ters are provided in Tab. 6. The selections of these hyper-
parameters are based on the average test accuracy over five
independent trials, and the final chosen values are detailed
in Tab. 7. For the sake of conciseness and to maintain fo-
cus, we omit those hyperparameters previously discovered
in the literature.

Focusing hyperparameter (). In the FNC? loss func-
tion, v plays a crucial role in determining the level of fo-
cus on hard samples (i.e., positive samples that are far from

Hyperparameter Values
U {0.1,0.5, 1.0}
bsz {256,512}
B {500}
Ei>s {50, 100}
T {0.1,0.5, 1.0}
gl {0,1,2,4,7, 10}
'{pust {001, 005, Ol}
Reurrent {0], 02}
Cpast {0.01,0.05,0.1}
Ccurrent {01, 02}
eo {10, 20, 30}

Table 6. Search spaces of hyperparameters.

11

Method Buffer size Dataset Hyperparameter
n: 0.5, 1, bsz: 512, Ey: 500, Ey>o: 100,
0, 200, 500 Seg-Cifar-10 L€ 3 ast: 0.01, Keyrrent: 0.2,
past: 0.01, Ceurrent: 0.2
8 14, bsz: 512, Ey: 500, Ey>o: 100,
Our 0, 200, 500 Seq-Cifar-100 7: 0.5, €0: 30, Kpase: 0.01, Keuprent: 0.2,
Cpasti 0.1, Ceurrent: 0.2
7: 0.1, : 4, bsz: 512, Ey: 500, Ep>a: 50,
0,200, 500  Seq-Tiny-ImageNet 7: 0.5, eo: 20, Kipase: 0.1, Keurrent: 0.1,
Cpast: 0.1, Courrent: 0.2
L 0.5. bsz: . .
0. 200, 500 Seq-Cifar-100 7 : 0.5, bsz: 512, Ey: 500, Ey>o: 100,
Co?L. 7:0.5, K : : 0 0.2
. 7:0.1, bsz: :
0 Seq-Tiny-ImageNet 2 0.5, Kpast

Table 7. Selected hyperparameters in our experiments.

the anchor or their prototypes). To explore this role and
select the most suitable ~ for each dataset, we conduct ex-
periments across different datasets to observe how the the
performance of our method changes as ~ varies. The test
accuracy results in Fig. 4 show that our method performs
best at different values of « for each dataset. Specifically,
as reported in Tab. 7, the chosen ~ for the Seq-Cifar-100
and Seq-Tiny-Imagenet datasets (7 = 4 for both) are larger
than that for the Seq-Cifar-10 dataset (y = 1). This differ-
ence arises because Seq-Cifar-100 and Seq-Tiny-ImageNet
have a large number of classes per task (both have 20
classes/task), which increases the likelihood of samples be-
ing close to the prototypes of other class clusters. In con-
trast, the Seq-Cifar-10 dataset has only 2 classes each task,
making it less complex and not requiring a large ~.

B. Additional Experiments
B.1. Average accuracy results with buffer size 500

In addition to the results with small buffer sizes (0 and
200), we run experiments with a buffer size of 500 across
different datasets to further assess the effectiveness of our
method with a larger buffer. As shown in Tab. 8, al-
though our method does not surpass state-of-the-art meth-
ods, it achieves results close to them on Seq-Cifar-10 and
Seq-Tiny-ImageNet, underperforming only on Seq-Cifar-
100 compared to GCR [50]. This further demonstrates that
our method, aside from excelling in memory-free and small
buffer settings, remains effective with larger buffers.

B.2. Average forgetting results

We utilize the Average Forgetting metric as defined in [7]
to quantify how much information the model has forgotten
about previous tasks, which as

T—1
1
F= 71 ; mazyeqr,.. r—13(Ari — Ari)  (12)
Tab. 9 report the average forgetting results of our method
compared to all other baselines. The results show that our
method can effectively mitigate forgetting, especially even
without using additional buffers.
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Buffer Dataset Seq-Cifar-10 Seq-Cifar-100 Seq-Tiny-ImageNet

Scenario Class-IL Task-IL Class-IL Task-IL Class-IL Task-IL
ER [43] 57.74+0.27 93.61+0.27 27.66+0.61 66.23+1.52  9.994+0.29  48.64+0.46
iCaRL [42] 47.55£3.95 88.22+2.62 33.25+1.25 58.16+£1.76 9.38+1.53 31.55+3.27
GEM [31]  26.20£1.26 92.16+0.64 25.544+0.65 66.31+0.86 - -
GSS [1] 49.73+4.78 91.024+1.57 21.92+0.34 60.28+1.18 - -

500 DER [3] 70.51+1.67 93.40+0.39 41.36+1.76 71.73+£0.74 17.75+1.14 51.78+0.88
Co?L [5] 74.26+0.77 95.90+0.26 37.02+0.76 62.44+0.36 20.12+0.42 53.04+0.69
GCR [50] 74.69+0.85 94.444+0.32 4591+1.30 71.64+2.10 19.66+0.68 52.99+0.89
CILA [53]  76.03£0.79 96.40+0.21 - - 20.64+0.59 54.13+0.72
Ours 75.51+0.52 96.14+0.25 40.25+0.58 65.85+0.44 20.31+0.34 53.46+0.59
Table 8. Additional results with buffer size 500 (best results in each column are bold).

Buffer Dataset Seq-Cifar-10 Seq-Cifar-100 Seq-Tiny-ImageNet
Scenario Class-IL Task-IL Class-IL Task-IL Class-IL Task-IL
0 Co2L [5] 35.814+1.08 14.334+0.87 66.514+0.28 39.63+0.62 62.80+0.77 39.544+1.08

Ours 23.854+0.30 4.72+0.28 52.03+0.63 36.20+-0.48 53.974+0.63 37.57+0.88

200 ER [43] 59.304+2.48 6.07+1.09 75.06+0.63 27.38+1.46 76.53+0.51 40.47+1.54
GEM [31] 80.36+£5.25  9.574+2.05 77.40%£1.09 29.59+1.66 - -
GSS [1] 72.48+4.45 849+2.05 77.62+0.76 32.81+1.75 - -
iCARL [42] 23.52+1.27 25.344+1.64 47.20+1.23 36.20+1.85 31.06+1.91 42.47+2.47
DER [3] 35.794+2.59  6.08+0.70  62.724+2.69 25.98+1.55 64.83+1.48 40.43+1.05
Co2L [5] 36.35+1.16  6.71+0.35 67.82+0.41 38.224+0.34 73.25+0.21 47.11+1.04
GCR [50] 32.754+2.67 7.38+1.02 57.654+2.48 24.124+1.17 65.29+1.73 40.36+1.08
CILA [53] - - - - - -
Ours 25.2440.69 4.28+0.32 52.404+0.83 33.66+0.24 52.07+0.46 33.76+0.58

500 ER [43] 43.2242.10  3.50+£0.53 67.96+0.78 17.37£1.06 75.21+0.54 30.73£0.62
GEM [31] 78.934+6.53  5.60+£0.96  71.344+0.78 20.4441.13 - -
GSS[1] 59.18+4.00 6.37+1.55 74.124042 26.57+1.34 - -
iCARL [42] 28.204£2.41 22.61£3.97 40.99+1.02 27.90+1.37 37.30+1.42 39.444+0.84
DER [3] 24.02+1.63  3.72+0.55 49.074+2.54 25.98+1.55 59.95+2.31 28.21+0.97
Co?L [5] 25334099 3.41+0.80 51.234+0.65 26.30+0.57 65.15+0.26 39.224+0.69
GCR [50] 19.27+1.48 3.14+0.36 39.20+2.84 15.07+1.88 56.40+1.08 27.88+1.19
CILA [53] - - - - - -
Ours 22.594+1.02 3.21+0.25 41.66+0.78 24.84+0.91 46.08+0.56 26.45+0.79

Table 9. Average forgetting (lower is better) across five independent trials: Comparison of our method with all baselines in continual

learning.
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