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ABSTRACT

The ability of deep learning models to learn continuously is essential for adapting to new data cate-
gories and evolving data distributions. In recent years, approaches leveraging frozen feature extractors
after an initial learning phase have been extensively studied. Many of these methods estimate per-class
covariance matrices and prototypes based on backbone-derived feature representations. Within this
paradigm, we introduce FeNeC (Feature Neighborhood Classifier) and FeNeC-Log, its variant based
on the log-likelihood function. Our approach generalizes the existing concept by incorporating data
clustering to capture greater intra-class variability. Utilizing the Mahalanobis distance, our models
classify samples either through a nearest neighbor approach or trainable logit values assigned to
consecutive classes. Our proposition may be reduced to the existing approaches in a special case
while extending them with the ability of more flexible adaptation to data. We demonstrate that two
FeNeC variants achieve competitive performance in scenarios where task identities are unknown and
establish state-of-the-art results on several benchmarks.

Keywords Continual learning - Class-Incremental Learning - Nearest neighbors - Logit-based
classifiers

1 Introduction

The ability to acquire new information incrementally, rather than all at once, is a critical skill exhibited by living
organisms. Humans, for example, continuously learn throughout their lives, in contrast to traditional machine learning
algorithms, which typically achieve optimal performance only when trained on all available data at once [16]. In deep
learning [33]], however, it is common to encounter scenarios where data arrives sequentially, leading to a significant
challenge for standard neural networks: the phenomenon of catastrophic forgetting []8}/16L[27]], where previously learned
knowledge is overwritten or lost. This challenge is the focus of continual learning (CL), also referred to as lifelong
learning. The goal of CL is to enable machine learning models to learn new tasks over time while preserving knowledge
from previously encountered tasks [37,[39].
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Figure 1: The workflow of the methods presented in this paper. Initially, k—means clustering is performed on features
extracted from the neural network. Then, in FeNeC, a kNN classifier with Mahalanobis distance is used, while
in FeNeC-Log, each class has a corresponding logit value with shared parameters a, b € R, trained only during the
initial task.

A main challenge in continual learning is balancing the stability-plasticity trade-off [[1,[39]]. Stability refers to the
model’s ability to retain prior knowledge, while plasticity is its capacity to adapt to new data. Excessive stability can
hinder the learning of new information, while excessive plasticity can lead to forgetting previously acquired knowledge.

Various strategies have been proposed to address this issue. One of the possible solutions could be storing examples from
prior tasks for later use, but this can pose challenges related to storage limitations and privacy concerns. Additionally,
iterative retraining to incorporate new data increases computational demands and processing time. In the specific setting
of exemplar-free Class-Incremental Learning (CIL), models are designed to learn from data that arrives incrementally,
with disjoint label spaces between tasks [[13}[261[43]]. Notably, task identities are provided only during training, further
complicating inference.

Backbone freezing methods have recently gained popularity in this setting. In visual classification, a common approach
pre-trains the model backbone on the initial task and subsequently freezes the feature extractor [[10}24}29], leveraging its
ability to generalize across distributions. Following [[10}29], class centroids are computed and stored for classification.
We generalize the FeCAM approach [[10] and propose FeNeC and its variant FeNeC-Log, both relying on a pre-trained,
frozen backbone. FeNeC stores N, sters centroids per class and classifies new samples via a Mahalanobis distance-
based weighted k-Nearest Neighbors (kNN) approach [[7]. FeNeC-Log introduces two trainable parameters shared
across classes, computing log-likelihoods over neighboring class points to determine predictions. We present our
approach in detail and evaluate it on standard continual learning benchmarks, achieving state-of-the-art performance in
several settings.

We can summarize our contributions in the following way:

* We propose FeNeC and its variant, FeNeC-Log, which leverage data clustering to model intra-class variability
and perform classification based on neighboring points or the log-likelihood function.

* QOur approach extends FeCAM which represents each class with a single prototype. Instead, we utilize multiple
centroids. Notably, in the trivial case, FeNeC may be reduced to FeCAM.

* We demonstrate state-of-the-art performance across several continual learning benchmarks.
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2 Related Works

Continuous learning without forgetting previous data distributions is not a trivial issue. As a result, many completely
different approaches have been proposed over the years. Among these methods we can distinguish replay-based,
architecture-based, regularization-based or optimization-based (gradient-based) [39].

Replay-based is a group of methods that focus on replaying exemplars from the data distribution of previous tasks while
learning new classes [39]. In practical applications, there are legal issues related to data storage, so methods such as
FSCIL via Entropy-Regularized Data-Free Replay, Deep Generative Replay, and EEC utilize generative networks that
mimic the distribution of previous tasks [5,[22,34]. However, it has been observed that the quality of synthetic data
degrades as the number of classes increases, so methods such as Hybrid Memory Replay or CloGAN combine synthetic
data with carefully selected real examples [[17,30].

Architecture-based methods try to design architectures with task-specific parameters [39]]. For instance, PackNet
performs aggressive parameter pruning and retrains the network, making it possible to learn multiple tasks through
a single model [25]]. Other approaches, WSN and SoftNet, inspired by the Lottery Ticket Hypothesis (LTH), create
parameter masks based on their importance [9}|15]]. The other approach, UCL, combines the KL-divergence term, the
Gaussian mean-field approximation and the Bayesian neural network pruning [2].

Optimization-based methods utilize the properties of the optimization process to continuously learn new tasks [39]]. An
exemplary approach is the GEM method, which uses gradient projection to ensure that gradients from the current task do
not interfere with previously learned tasks [23]]. A-GEM averages the imposed constraints [|6] while LOGD decomposes
the gradient into a joint component and a class-specific component for each layer separately [35]]. Another method
is TRGP, which uses gradients to identify previous tasks strongly correlated with the current one [21]]. Some recent
works consider hypernetworks: methods like HNET [28]], HyperMask [19]], and Partial Hypernetworks [11] optimize
task-specific embeddings or masks to dynamically regulate parameter updates, balancing plasticity and stability through
lightweight architectural adaptations. Posterior Meta-Replay [12] combines Bayesian inference with hypernetworks.

Regularization-based aim to minimize modifications to weights crucial for previous tasks. For example, EWC [16]
uses Fisher information matrix (FIM) to identify important parameters, whereas SI [41] and MAS [4] estimate their
importance through a weight’s contribution to global loss and prediction sensitivity to parameter changes, respectively.
In contrast, AFEC [38]] adopts an approach inspired by biological active forgetting, selectively forgetting knowledge
that interferes with new tasks.

Recently, methods using frozen backbones have become a subject of intense research. The authors in [[14] use pre-
trained models and the Nearest Mean Classifier, calculating mean class representations and their Euclidean distance to
test samples. FeTrIL [29]] reintroduces a linear classifier but freezes representations and reconstructs past distributions
using class prototypes. FeCAM [10] applies frozen backbones with an NCM classifier incorporating covariance and
Mahalanobis distance. H-Prompts [42] employs learnable class, task and general prompts to pre-trained transformers.
AdaGauss [32] unfreezes representations while leveraging covariance. These studies highlight a shift toward strong
feature extraction, geometric vector interpretation, and class-specific covariances over linear classification.

3 Methods

Let us suppose that we have T continual learning tasks. Each task ¢, where ¢ € {1, ..., T'}, has its own training set D{"%",
containing N/"*" data samples and corresponding labels, i.e. Di" " = {(x}7fin, ylrain) | j e {1,..., Nfrem}}. Let
C be the set containing unique classes being present in 7" tasks while C; will be the set of unique classes for samples
from the t—th task and N£'@$5¢5 = |C,|. Therefore, C' = C; U C3 U ... U Cr, and the total number of classes for the

entire dataset is equal to Nejgsses = |C|-

We consider only the Class-Incremental Learning scenario in which task identity is known during training, and not in
inference [36]. The test set for the ¢-th task consists of N/*** samples, Df*s" = {x!%* | j € {1,..., Nf**'} }, and may
store exemplars from classes present both in the ¢—th and the preceding tasks. Therefore, indicating the correct class

becomes more difficult as ¢ increases.

In this paper, we present FeNeC (Feature Neighborhood Classifier) and its variant FeNeC-Log (Feature Neighborhood
Classifier with Log-Likelihood). They draw inspiration from FeCAM, i.e. the solution presented in [[10]. FeNeC and
FeNeC-Log extend this approach, beating the baseline in some of the considered experimental scenarios. The authors
of FeCAM proposed a calculation of the covariance matrix and mean vector per each class, based on the features
extracted from the backbone network, frozen after the initial task. Finally, for each new sample, the Mahalanobis
distance between this point and the mean vectors of consecutive classes was calculated.
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Algorithm 1 The pseudocode of FeNeC algorithm.

Require: T’ Dﬁrain’ B D?‘ain, D§€St7 (X3} D%“GSt, Nclusters, Nneighbov‘& NclasseSa C.
Ensure: class prediction for all test samples from 7" tasks.

1: for task ¢t < 1 to 7T do

2: for class ¢ € C; do

3: Select all training samples belonging to the c—th class, (X, Y.) C Direir,

4: Apply Tukey’s transformation on X, creating 7'(X,).

5: Create a covariance matrix for the c—th class based on T'(X..), apply shrinkage and normalization, creating
Y.

6: Apply the k-means clustering and select N, sters representatives of the c—th class samples, R, =

{Xl XQ . XN(,lusters}
7. for (x,y) € Dt“t do

8: Apply Tukey s transformation on x, creating T'(x).
9: Calculate distances between T'(x) and all individual classes’ representatives from the set R = Ry U Ry U
.. U Ry, in terms of the Mahalanobis distance.
10: Select the class for T'(x) using the kNN classifier, Nheighbors nearest representatives and a weighted

distance rule.

However, while one covariance matrix per class is more robust than a single covariance matrix for all data samples, we
claim that it still may not represent the intra-class data variability. Therefore, in the first stage, we propose k—means
clustering, to distinguish several groups of points within a given class. In the next phase, we apply two different
approaches. In FeNeC, we apply a k—nearest neighbor (kNN) classifier which is an efficient non-parametric algorithm.
Instead of original data points, we calculate the distance between a sample and centroids representing subsequent
classes. Also, we use the Mahalanobis distance in the kNN classifier, instead of the typical Euclidean one.

Both methods start on the output of an external feature extractor like Visual Transformer or ResNet. Then, the
consecutive steps of the presented methods are, as follows.

3.1 FeNeC

Let us assume that we consider the t—th task, where ¢ € {1, ..., T'}. We start our algorithm with the separation of all
samples assigned to the c-th class, where ¢ € {1, ..., Nfl%55¢5} and we call it by X.. Similarly as e.g. in FeCAM [10],
for each class ¢, we calculate a covariance matrix flc. However, in the initial step, in cases, where all returned values
are non-negative, we perform Tukey’s transformation on extracted features, i.e. we calculate T'(X.) = X.*, where
A > 0 1is a hyperparameter. The covariance matrix is estimated based on those reshaped features.

Due to the possibility of having fewer samples than the number of matrix dimensions, to obtain a more advantageous
and full-rank covariance matrix representation, we apply covariance shrinkage and normalization. Firstly, the shrunk
covariance matrix ZS is created. To all elements located in the main diagonal of the estimated covariance matrix S,
the average of all d1ag0nal elements multiplied by the ~; value is added. For the remaining elements, the average of
all matrix elements located outside of the main diagonal, multiplied by the v, value, is added. Both ~; and v, are
hyperparameters.

Let us suppose that 2c e RN+*Ns where N + is the number of features, i.e. the size of the feature extractor output.
Then

Ny Ny
. N 1 AL 1 & .
Ei:EC""yl Nf E EC(ZJ)'H_F’}Q'NQ Nf E 20(27.7)'(1_]1)7 (1)
i=1 ij=1
i#]

where I € RN/ %N s an identity matrix and 3 (i, j) denotes the (i, j)—th position of 3. In the next step, to reduce
differences in variances between classes, we normalize the shrunk covariance matrix, creating its final representation

@

S S200)

After estimation of the covariance matrix for the c—th class, we want to better express the intra-class diversity than
through a FeCAM-like single prototype calculation. Therefore, we use k—means clustering to select Ny, sters centroids
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Algorithm 2 The pseudocode of FeNeC-Log algorithm.

Require: T, Direin . Dirain piest DS Nousterss Npointss Netassess Cs C, =CLUCyU...UC,: the set
containing unique classes that appeared up to the ¢—th task, Nif . = |ét |
Ensure: class prediction for all test samples from 7" tasks.
1: Initialize trainable a, b € R.
2: fortask ¢t <— 1to 7T do
3: for class ¢ € C; do

4: Select all training samples belonging to the c—th class, (X, Y¢) C DI,

5: Apply Tukey’s transformation on X, creating T'(X,).

6: Create a covariance matrix for the c—th class based on 7'(X..), apply shrinkage and normalization, creating
Y.

7: Apply the k-means clustering and select N, siers representatives of the c—th class samples, R, =

B {XC17XC2’.”’chvclusters}_
8: if t == 1 then

9: for (x,y) € Di"*" do
10: Apply Tukey’s transformation on x, creating 7'(x).
11: for class c € C'; do _
12: Select R, p(x) containing Npons nearest c—th class centroids for T'(x), i.e. Re p(x) =
{?2’ ?zv . yivpoints }
13: logit.(T(x)) = Z;V:”‘l’"' LeakyReLU (a +b-log (d?w(T(xLXi))) ,
@3, (T(x), ;) = (T(x) - X)TET(x) - X2)
14: Apply softmax to all logit values.
15: | Train a and b, maximizing a logit value for the ground truth class.
16:  for (x,y) € D! do
17: Apply Tukey’s transformation on x, creating 7'(x).
18: for class c € C do o
19: Select R, 7 (x) containing Np,inss nearest c—th class centroids for T'(x), i.e. R, rx) =
-1 352 5 Npoints
{X,,X,,.., X, }. '
20: logite(T(x)) = S Nrein** LeakyReLU (a +b-log (d%V[(T(x),fZ)))
21: Apply softmax to all logits, creating logit,(T'(x), ¢ € {1, ..., N2t . . }.
22: Select the largest logit’s class: § = arg max s, logit (T'(x)).

for a given class, R, = {X}, X2, ..., xNetusters} 'where X7 € RV7 is the j—th centroid coordinates for the c-th class,

Nejusters 18 a hyperparameter.

During inference in the ¢—th task, instead of a selection of the nearest prototype like in FeECAM, we use a weighted

k—nearest neighbor classifier with Mahalanobis distance. Assume that N/ _  is the number of classes from all

tasks up to task £. We want to assign a label to the Tukey-transformed sample x € R™7. In this goal, we create a
set of all centroids created so far R = {X], ..., XVetusters Xyo s Xf\\[[ﬁ’“””‘* }. We calculate the squared

classes classes
Mahalanobis distance between those centroids and x, i.e. d%,(x, XJ) = (x — X7) "3 (x — X7), where X7 is the
j—th centroid of the c—th class. Then, we select Nyeignbors lowest distances, Npeighbors < Netasses * Netusters, and
we calculate the value of dj,y n between x and its nearest neighbors belonging to particular classes (if any), where

it
) _ arl 2 Nilasses :
Nneighbors = NneighborS + Z\fnm.ghborS + ...+ Nneighbors. For a given class ¢ and sample x
N;eighbors 1

dinn(x0) = > 3)

= B

where ?i is the j—th nearest cluster representing the c—th class, j € {1,..., N,

seighbors - Finally, we assign the class with
the largest value of dyn v, i.e. § = argmax;¢ (1. ) din N (X, j). The pseudocode of this approach is presented

N:t

classes

in Algorithm FeNeC needs storing N jgsses - NJ% parameters for covariance matrices and Njgsses * Netusters - V¢
parameters for centroids. In total, it requires Nejgsses - Nf(Nejusters + N p) parameters in memory.

)
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3.2 FeNeC-Log

The initial steps of the FeNeC-Log algorithm, including applying the Tukey transformation to features, estimating the
covariance matrix, its shrinkage and normalization, and k—means clustering, are the same as in FeNeC. However, the
decision about sample labels is made differently.

Let us consider a sample x € T'(X.). During the first task, for every class ¢ € {1, ..., N} .} that appears in this task,

we calculate a dedicated logit with shared parameters a, b € R. For a given point x, we start from identifying Npoints
—N. oints
X"

nearest centroids of the c—th class, R, x = {?}:, ?37 R }, according to the Mahalanobis distance. Then, we
extend the k—nearest neighbors approach, through the calculation of a log-likelihood function with trainable parameters

logit.(x) = Zjvzploms LeakyReLU (a +b-log (d?\/l (x,?i))) , (€)]

where d3,(x, ?;) is the squared Mahalanobis distance between x and the i—th nearest centroid, i.e. d3,(x, ?LC) =

(x — X.) T 1 (x — X.). Next, we apply softmax to all logit values:

— exp (logit.(x
logit.(x) = — (ogite( )) . ®)
2. =1 exp(logit;(x))
Finally, we predict the label for x, selecting a class maximizing the corresponding logit, i.e. ¢ =
argmaxX.e(y . N1 y logit, (x). In the first task, we train a and b to maximize a logit for the ground truth class.

In all following tasks, a and b are frozen. Therefore, we just calculate logits for NI - classes, where ¢ is the
current task, and purely select the maximum value but we do not fine-tune these parameters, making FeNeC-Log a

computationally-efficient method.

The pseudocode of FeNeC-Log is described in Algorithm 2] FeNeC-Log requires storing a similar number of parameters
like FeNeC, i.e. Nejgsses - N¢(Netusters + Ny) + 2. The only difference results from trainable ¢ and b.

4 Experiments

4.1 Description

The proposed methods, FeNeC and FeNi eC—Loéﬂ are considered in the Class-Incremental Learning scenario. Exemplars
of previously encountered classes are not further revisited and task identity is unknown.

Following FeCAM, we evaluate two feature extractors: a Vision Transformer (ViT-B/16) pre-trained on ImageNet-21K
and a ResNet-18 trained on the first task samples. After training, extractor weights remain frozen. ViT produces
768-dimensional features, while ResNet-18 outputs 512-dimensional vectors. Using four datasets and two extractors,
we define five experimental setups:

CIFAR-100 (ResNet / ViT) — It comprises 100 classes, each with 500 training and 100 test images of size 32 x 32 [[18].
For ResNet-18, the dataset is partitioned into six tasks (1" = 6), with 50 classes in the first task and 10 in each subsequent
one. For ViT, CIFAR-100 is split into ten tasks (7" = 10), each containing 10 classes.

Tiny ImageNet (ResNet) — It consists of 200 classes derived from ImageNet, with images resized to 64 x 64 [20]].
Each class contains 500 training images and 50 test images. The dataset is divided into six tasks (7' = 6), where the
initial task consists of 100 classes, and the remaining five tasks each introduce 20 new classes.

ImageNet-Subset (ResNet) — This dataset is a 100-class subset of the ImageNet LSVRC dataset [31]]. Most of the
classes contain 1300 training images, while all have 50 test images. It is divided into six tasks following the same split
strategy as CIFAR-100 on ResNet-18.

ImageNet-R (ViT) — It contains 200 classes with an unbalanced number of training and testing samples per class. The
dataset is divided into ten tasks (7" = 10), each introducing 20 new classes [40].

The optimal hyperparameters selected for evaluation across all experimental settings are shown in Table [T} For
datasets where ResNet-18 was employed as a feature extractor, sample normalization was applied when computing
the Mahalanobis distance. Additionally, shrinkage of the covariance matrix was performed twice on those datasets,
while once in experiments utilizing ViT. Nycighsors is a hyperparameter of FeNeC while Np,4,¢5 and Ir (learning rate)
concern FeNeC-Log. Since Tukey’s transformation may be applied only for non-negative values and ViT outputs

'The code necessary for replicating our experiments is available at a GitHub repository: https://github. com/gmum/FeNeC,
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can contain negative ones, A is a hyperparameter important only for datasets, where we used ResNet-18 as a feature
extractor.

For all experimental settings, we optimized hyperparameters using Optuna with the TPE sampler. All interval ranges
selected for calculations are described in Table 2

Table 1: Best sets of hyperparameters for each dataset

Method E::::'gzior Dataset Neiusters (J)\r]’]’ff:; ;::’::S A 1 Y2 Ir
CIFAR-100 47 1 0.38 0.89 090 -
ResNet Tiny ImageNet 1 1 043 1.01 132 -
FeNeC ImageNet-Subset 43 4 042 092 050 -
ViT CIFAR-100 26 1 - 6.12 810 -
ImageNet-R 1 1 - 9.98 0.00 -
CIFAR-100 45 2 0.38 1.16  1.92  0.00377
ResNet Tiny ImageNet 24 6 0.45 1.15 1.95  0.27300
FeNeC-Log ImageNet-Subset 32 3 0.37 0.90 0.50  0.05510
ViT CIFAR-100 50 3 - 8.88  12.06 0.00333
ImageNet-R 1 1 - 10.15 9.37 0.14700

Table 2: Domain spaces for the optimized hyperparameters. We sampled a learning rate log-uniformly within the given
range.

Method giat‘:'l;z‘ior Dataset Netusters gx;i:::s A 7 V2 Ir
CIFAR-100 {2,3,..,75} {1,2,..,40} [0.2,1]  [0.5,20] [0.5,20] —
ResNet Tiny ImageNet {2,3,...,75} {1,2,..,40} [0.2,1] 0.5,20] [0.5,20] -
FeNeC ImageNet-Subset  {2,3,...,75} {1,2,...,40} [0.2,1] 0.5,20] [0.5,20] -
Vit CIFAR-100 {2,3,..,75} {1,2,..,40} - 05,20] [0,20] -
ImageNet-R {2,3,..,50} {1,2,..,40} - 0.5,20] [0,20]
CIFAR-100 {2,3,..,75} {1,2,..,40} [0.3,0.6] [0.5,20] [0.5,20] [0.0001,1]
ResNet Tiny ImageNet {2,3,...,75} {1,2,...,40} [0.3,0.6] [0.5,20] [0.5,20] [0.0001,1]
FeNeC-Log ImageNet-Subset  {2,3,...,75} {1,2,...,40} [0.3,0.6] [0.5,20] [0.5,20] [0.0001,0.3]
ViT CIFAR-100 {2,3,..,75} {1,2,..,40} - 0.5,20] [0.5,20] [0.0001,1]
ImageNet-R {2,3,..,40} {1,2,..,40} - 0.5,20] [0.5,20] [0.0001, 1]

4.1.1 Training of FeNeC-Log

In the second variant of the proposed method, i.e. FeNeC-Log, we employ two trainable parameters a and b which we
use for calculating per-class logit values. We initialize them from a standard normal distribution, i.e. a,b ~ N (0, 1),
and then optimize using the Stochastic Gradient Descent algorithm. We achieve this, by utilizing the cross-entropy loss
between the ground-truth class and predictions of the model.

Firstly, we calculate covariance matrices and class centroids. Then, we perform training of a and b during the first task
and after that, we freeze their values. In the case of settings with ViT, we train FeNeC-Log maximum through 1000
epochs, and for ResNet-18 through 200 epochs. In both cases, we use a batch size of 64. We also apply early stopping,
i.e. if validation loss did not decrease through 10 consecutive epochs, training is stopped.

In all cases, we use exactly the same feature extractors as FeCAM, trained as described in the corresponding manuscript.

4.2 Results

The results presented in Tables demonstrate that both FeNeC and FeNeC-Log consistently achieve superior
performance across several experimental configurations, both in average incremental accuracy and last-task accuracy.
On Tiny ImageNet and ImageNet-R datasets, our methods converge to FeCAM, yielding only marginal improvements.
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Table 3: Results of Class-Incremental Learning experiments with ~ Table 4: Results of Class-Incremental Learning ex-
a large initial task and five incremental tasks. For all baselines, periments with ten equally-sized tasks. For base-
excluding FeCAM, we reported the average incremental accuracy  lines, excluding FeCAM, we reported the last task
taken from [10]. For FeCAM, FeNeC and FeNeC-Log, we accuracy taken from [10]]. For FeCAM, FeNeC and
described both the average incremental and last task accuracies, FeNeC-Log, we described both the last task and av-
averaged over three runs. We used the same three trained ResNet-  erage incremental accuracies, averaged over three
18 model instances as feature extractors for FeCAM, FeNeC and  runs. We used the ViT architecture pre-trained on
FeNeC-Log. * denotes that a method converged to FeCAM, i.e. ImageNet-21K model as feature extractors for Fe-
best results were achieved for a single cluster and one neighbor. ~ CAM, FeNeC and FeNeC-Log. * denotes that a
method converged to FeCAM, i.e. best results were

Method CIFAR-100 Tiny ImageNet ImageNet-Subset achieved for a single cluster and one neighboring
Average incremental accuracy point.

EWC 24.5 18.8 — Method CIFAR-100 ImageNet-R

LwF-MC 45.9 29.1 - Last task -

DeeSIL 60.0 49.8 67.9 a5t task accnracy

MUC 49.4 32.6 — FT-frozen 17.7 39.5

SDC 56.8 — — FT 33.6 28.9

PASS 63.5 49.6 64.4 EWC 47.0 35.0

IL2A 66.0 47.3 — LwF 60.7 38.5

SSRE 65.9 50.4 — L2P 83.8 61.6

FeTrIL 67.6 55.4 73.1 NCM 83.7 55.7

FeCAM 71.06+0.5 60.02+0.6 78.49+0.5 FeCAM 85.67+0.0 64.04+0.3

FeNeC 71.90+0.8 60.19+0.4* 79.59+0.5 FeNeC 87.17+0.0 64.07+0.3*

FeNeC-Log 71.94+08 60.23+0.3 79.56+0.4 FeNeC-Log 87.21+01 64.07+0.3*

Last task accuracy Average incremental accuracy

FeCAM 61.99+0.3 52.63+0.4 70.97+0.8 FeCAM 89.61+0.4 70.35+0.5

FeNeC 63.30+0.4 52.93+0.3* 72.49+0.9 FeNeC 91.12+0.3 70.36+0.5

FeNeC-Log 63.60+0.5 52.87+0.3 72.53+0.7 FeNeC-Log 91.11+0. 70.38+0.5

According to Table [3] FeNeC and FeNeC-Log with a frozen ResNet-18 backbone exhibit significant performance
gains over other methods, with only FeCAM remaining competitive. The most pronounced improvements occur on
ImageNet-Subset, where both FeNeC and FeNeC-Log outperform FeCAM by over 1%. Since ImageNet-Subset is the
largest dataset tested, these results support the conclusion that our methods effectively handle large-scale continual
learning tasks. On CIFAR-100, we also ob-

serve a visible improvement over FeCAM, whereas on Tiny ImageNet, FeNeC converges to FeCAM, meaning that the
slight improvement stems solely from adjustments to 1, 2, and A.

A similar trend is observed in Table [, where FeNeC and FeNeC-Log outperform all baselines on CIFAR-100 (ViT),
reaching 87.17% and 87.21%, respectively, compared to 85.67% for FeCAM - a notable gain of over 1.5%. However,
on ImageNet-R, our methods again converge to FeCAM. Notably, ImageNet-R, despite having the highest number
of classes among the tested datasets, contains relatively few samples per class. Many classes have fewer than 100
examples, whereas, on ImageNet-Subset, nearly all classes contain 1,300 training samples. It is likely that for more
complex datasets like ImageNet-Subset, detecting multiple centroids better captures the underlying data structure,
improving adaptation to class diversity.

Figure [2)illustrates the mean accuracy (with 95% confidence intervals) of FeCAM, FeNeC, and FeNeC-Log across
backbone models trained in tasks with three different class orders and — in the case of ResNet-18 — network initializations.
The results indicate that FeNeC-Log and FeNeC consistently maintain higher accuracy across tasks, outperforming
FeCAM in three cases across different random initializations. Notably, while initial task accuracy is often similar,
FeCAM exhibits a more pronounced decline in later tasks. As expected, accuracy decreases as more tasks are introduced.
However, FeNeC and FeNeC-Log consistently retain higher accuracy compared to FeCAM, suggesting improved
knowledge retention.

This effect is particularly noticeable on CIFAR-100 and ImageNet-Subset, where FeCAM exhibits a sharper accuracy
decline over tasks, while FeNeC and FeNeC-Log demonstrate greater stability. For instance, on ImageNet-Subset,
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the difference between first-task and last-task accuracy is, on average, 15.6% for FeNeC-Log, compared to 17.1% for
FeCAM.

Across all tested configurations, FeNeC-Log and FeNeC achieve comparable results, with FeNeC-Log slightly outper-
forming FeNeC in most cases. The primary advantage of FeNeC lies in its computational efficiency and straightforward
interpretability. However, FeNeC-Log uniquely produces probability distributions over classes, allowing for further
analysis of logit value distributions. This property may sometimes make FeNeC-Log preferable over FeNeC.

CIFAR-100 (ResNet) CIFAR-100 (ViT) 0 ImageNet-Subset (ResNet)
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Figure 2: The comparison of FeCAM, FeNeC and FeNeC-Log across incremental tasks on different datasets. The
results were averaged over three different class orders (and random initializations for ResNet) for all methods.

4.2.1 Comparison with FeCAM

Our experiments were conducted across three random seeds, confirming the consistency of our methods in achieving
superior results and outperforming existing approaches. Notably, FeNeC-Log and FeNeC consistently surpass FeCAM,
particularly in mitigating accuracy degradation over successive tasks. These improvements are consistent across
different backbone architectures (ResNet, ViT) and datasets, underscoring the robustness of our approach in continual
learning scenarios.

Additionally, we evaluated FeNeC with N jysters = Npeighvors = 1, while keeping all other hyperparameters identical
to those in the best-performing configurations. This setup resulted in an accuracy increase compared to the reproduction
of FeCAM’s reported hyperparameters. However, the best-performing FeNeC variant still achieves superior results,
with the final task accuracy showing an average improvement of 0.4% for CIFAR-100 (pretrained on ViT), 0.5% for
ImageNet-Subset, and up to 0.8% for CIFAR-100 with ResNet.

4.3 Hyperparameter evaluation

Figure [3] shows hyperparameter optimization results using Optuna [3]] with the TPE sampler. This method favors
promising regions, leading to clustered successful configurations rather than a uniform search space distribution.

For each dataset, the number of selected clusters, N iy sters, does not exceed 10% of the total number of samples

per class. This balance allows our methods to capture a rich representation of the dataset while preventing excessive
retention of centroids from previous tasks.

Figure illustrates that, for ImageNet-Subset and CIFAR-100 (ViT), increasing the number of clusters to 45-70 leads
to better performance. However, this trend does not hold for ImageNet-R, suggesting that its intrinsic characteristics
favor a smaller number of clusters. For ImageNet-Subset and CIFAR-100 (ViT), using fewer than 10 neighbors ensures
the highest accuracy. In the case of the representations extracted from ViT, 7; converges to high values and ~y» remains
scattered throughout the studied domain, indicating its low relevance for this data representation (Figure[3a). In contrast,

for the representations obtained from ResNet-18 (Figure [3b)), both hyperparameters are significant and converge to low
values.

Furthermore, we experimented with training FeNeC-Log on all tasks simultaneously, incorporating regularization to
prevent large parameter shifts between tasks. However, the results remained similar while the training time increased
significantly. This suggests that our current approach effectively balances performance and computational efficiency.

4.4 Distance metric

As shown in Table 5] using the Euclidean distance results in visibly worse performance compared to the Mahalanobis
distance across all datasets. The performance gap is particularly pronounced on ImageNet-R, where the Mahalanobis
distance provides an improvement of up to 7%, highlighting its advantages. Despite this, our approaches still achieve
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Figure 3: The last task accuracy for different hyperparameter values of FeNeC with ResNet-18 architecture and the
ImageNet-Subset dataset. The best hyperparameters are marked with red lines. In the graphs comparing accuracy with
hyperparameters, the color indicates the number of clusters, while in the graph comparing Npoints O Nyeighbors With
Nejusters, the color indicates accuracy.

competitive performance, when comparing the Euclidean results with average incremental accuracy of methods
presented in Table[3] Aside from FeCAM, which also leverages the Mahalanobis distance, FeNeC and FeNeC-Log
with the Euclidean distance outperform all other baselines in 3 out of 3 settings. The key advantage of the Euclidean
distance is its lower computational cost, as it eliminates the need to compute and store covariance matrices for each
class, making it a more efficient alternative in resource-constrained environments.
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Table 5: Average incremental accuracy for Class-Incremental Learning experiments for FeNeC and FeNeC-Log, for
two different distance metrics: Mahalanobis (default in our methods), denoted as (M) and Euclidean distance (E) for the
comparison purpose. Results are averaged over three runs. * denotes that a method converged to FeCAM, i.e. best

results were achieved for a single cluster and one neighboring point.

CIFAR-100 CIFAR-100 Tiny ImageNet-
Method (ViT) (ResNet) ImageNet Subset ImageNet-R
FeNeC (E) 88.74 + 0.3 67.99 + 0.9 54.25 + 0.4* 76.88 + 0.2 63.28 + 1.2*
FeNeC (M) 91.12+ 0.3 71.90 + 0.8 60.19 + 0.4* 79.59+ 0.5 70.36 + 0.5*
FeNeC-Log (E) 90.31+ 0.1 68.38 + 1.0 56.08 + 0.8 76.73+ 0.0 63.28 + 1.2*
FeNeC-Log (M) 91.11+0.3 71.94+ 0.8 60.23 + 0.3 79.56 + 0.4 70.38 + 0.5*

4.5 Runtime

We present runtime evaluation results for FeNeC and FeNeC-Log in Table[6] The reported values represent the average
runtime with standard deviations only for the training of FeNeC and FeNeC-Log, without the learning of the feature
extractors. The experiments were performed on the NVIDIA GeForce RTX 2080 Ti graphic card.

Table 6: FeNeC and FeNeC-Log runtime on each dataset (without learning of the feature extractor
Dataset FeNeC FeNeC-Log

CIFAR-100 (ResNet) Omin24s+0.1s 2min29s+8.8s
Tiny ImageNet Omin9s+0.1s 1min04s+10.7s
ImageNet-Subset Omin27s+1.6s 4min25s+15.5s
CIFAR-100 (ViT) Omin30s+02s 2min50s+1.9s
ImageNet-R Ominl4s+01s 1minlls+11.6s

5 Conclusion and Future Works

In this work, we propose FeNeC which is an extension of a single prototype approach per class into multiple cluster
representation. This enables better adaptation to diverse data. Then, we classify samples using the nearest neighbor
technique. Moreover, FeNeC-Log calculates a log-likelihood function with two trainable parameters, shared among
classes. Our solution generalizes FeCAM, i.e. with a single cluster and single neighboring point, FeNeC reduces to
FeCAM. We evaluated two variants of FeNeC in several benchmarks, in most cases improving FeCAM results. In
some situations, creating a single cluster remains the most efficient setting. In future works, one may examine different
cluster selection techniques or modify logits creating more sophisticated equations and per-class sets of parameters.
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