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Abstract—Continual learning (CL) aims to acquire new tasks
from non-stationary data while retaining prior knowledge. A
useful strategy is knowledge distillation (KD), but conventional
KD is not well suited to this setting, as distribution shifts cause
logit mismatch and accumulated representation drift across tasks.
To address these issues, we propose logit—structure knowledge
distillation (LSKD), a distillation method tailored for CL. Logit
standardization reduces the influence of changing teachers, en-
abling the student to focus on relative class relations rather than
absolute values. Structure distillation preserves the geometric
organization of predictions by matching normalized pairwise
distances among samples. This joint design constrains semantic
drift and maintains consistent feature geometry across tasks.
We further combine LSKD with our CL framework, called
CLS, which utilizes dynamically expandable representation and
attention-based feature aggregation to stabilize knowledge trans-
fer while maintaining adaptability to new tasks. Experiments on
CIFAR-10, CIFAR-100, and PathMNIST show the effectiveness
of CLS under multiple class-incremental learning settings.
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1. INTRODUCTION

Continual Learning (CL) enables Atrtificial Intelligence (AI)
systems to incrementally acquire new skills without forgetting
previously learned knowledge [1]]. This ability mirrors the
adaptive learning processes observed in humans and animals,
allowing them to respond effectively to changing environ-
ments. Such adaptability is also increasingly vital for Al
development. For CL to be effective, models must not only
learn and retain knowledge but also apply it to future tasks.
This is particularly important for Deep Learning (DL) systems,
which are typically trained on static, independent and iden-
tically distributed datasets. However, real-world data is often
dynamic and non-stationary, making traditional DL approaches
insufficient for many practical scenarios [2]]. As such, CL is
essential for developing Al systems that can adapt and remain
relevant over time [3]].
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A major challenge in CL is catastrophic forgetting. When a
new task is introduced, the model often overwrites parameters
learned from previous tasks, resulting in a significant perfor-
mance decrease [4]. As CL has gained increasing attention,
various methods have been proposed to mitigate this issue [J5].
Regularization-based methods like EWC [6] and Synaptic
Intelligence (SI) [7] slow changes to important weights but
often sacrifice plasticity for stability. Replay-based methods
like iCaRL [8] and CLEAR [9] rehearse stored samples from
previous tasks, which preserves knowledge but requires ad-
ditional memory and privacy risks. Expansion-based methods,
such as DER [10], add new network components for each task
to improve performance. While avoiding forgetting is crucial
for Al models, completely avoiding forgetting can improve
the stability of the model on old tasks, but excessive bias
of the model towards old classes will reduce the plasticity
of the model and perform poorly on new tasks [11]. The
stability—plasticity dilemma has therefore become a central
research focus in continual learning [12]. Knowledge Dis-
tillation (KD) has shown strong potential in addressing this
dilemma. By transferring knowledge from earlier models, KD
enables the current model to integrate past experiences while
learning new tasks [13]]. It provides a form of regularization
that prevents the new model from deviating too far from prior
behavior [14]. This mechanism supports backward transfer,
helping maintain performance on previous tasks, and also
improves forward transfer by guiding the model toward a more
generalizable representation for future tasks [15]. However,
KD was originally proposed for static model compression and
is not directly suited to the dynamic nature of CL [16]. It
assumes a fixed teacher, a stationary dataset, and a stable
model size, but CL scenarios introduce tasks one by one
and the data shifts each time [17]]. As the teacher model and
distillation data change after each task, logits drift away from
tasks. Conventional KD cannot align features across tasks with
evolving distributions, leading to catastrophic forgetting [18]].
Furthermore, when future task in CL is uncertain and the
teacher and student models, there is a significant capacity gap
between logit scale may arise, potentially degrading rather than
improving performance [19].

To address these limitations of conventional KD in CL
models, we improve KD in two key aspects: logits and struc-
ture. On the logit side, we first standardize both the teacher
and student outputs using Z-score normalization. This process
eliminates absolute scale discrepancies caused by variations
in model capacity or shifts in data distributions across task,
thereby ensuring that the student can consistently interpret
the teacher’s soft targets as both capacity and distributions
evolve [20]. On the structure level, we further introduce a



structural loss designed to preserve the pairwise distances
among samples. This constraint stabilizes the feature geom-
etry, mitigates semantic drift and reduces forgetting when
new tasks introduce novel classes or covariate shifts [21]].
These limitations motivate our design of the logit—structure
knowledge distillation (LSKD), a simple but effective method
that simultaneously aligns output distributions and preserves
feature geometry. By combining logit standardization with
structure-aware distillation, LSKD first aligns class proba-
bilities and preserves sample layout, directly addressing the
problems of drifting logits, scale mismatch and unstable
feature spaces described above. Specifically, it calibrates the
teacher and student logits via Z-score normalization, thereby
eliminating scale discrepancies arsing from changes in model
size or data drift, which would otherwise hinder effective
knowledge transfer. It then adds a lightweight relational term
that matches pairwise distances among samples, stabilizing
the semantic layout across tasks. To instantiate these ideas
in a practical CL setting, we design a complete framework
named CLS (Continual Learning with Logit-Structure). At
its core lies the proposed LSKD, which transfers both class-
level and structural knowledge from earlier models to the
current model. We further integrate the dynamically expand-
able representation (DER) strategy [[10]], which preserves the
features representations from previous tasks by freezing earlier
extractors, thereby retaining historical knowledge without in-
terference. In addition, an attention-based feature aggregation
module adaptively fuses the task-agnostic features from earlier
tasks with task-specific features to the current task, leveraging
attention mechanisms to enhance the performance on both old
and new tasks [22]. CLS effectively mitigates representation
drift, preserves discriminative features from past tasks, and
enhances adaptability to new tasks, achieving state-of-the-art
performance. In this study, we present CLS, which offers three
major contributions to CL:

1) We introduce Logit-Structure Knowledge Distillation
(LSKD), which mitigates logit scale mismatch and pre-
serves inter-sample semantic structure, addressing key
limitations of conventional KD in CL.

2) We design CLS, a continual learning framework that
integrates LSKD with existing representation-preserving
and feature-integration strategies to balance stability and
plasticity.

3) We conduct comprehensive experiments to demonstrate
that LSKD effectively overcomes the distribution mis-
match and semantic drift problems of conventional KD
in CL, and that CLS achieves superior performance over
state-of-the-art CL methods.

The remainder of this paper is organized as follows. Section [[I]
reviews continual learning with a focus on class-incremental
settings and summarizes KD in CL. Section details the
proposed CLS framework, including LSKD, feature expansion
for preserving prior representations, and attention-based fea-
ture aggregation. Section [[V]outlines the experimental settings,
datasets, and evaluation metrics, followed by a comprehensive
performance analysis. Finally, Section [V| summarizes the con-
tributions and findings, and discusses potential directions for

future research.

IT. ReLATED WORKS
A. Class-Incremental Learning

CL aims to enable models to learn from a sequence of tasks
without forgetting previously acquired knowledge. Depending
on the type of changes across tasks, CL is typically cate-
gorized into three scenarios [23]]: Task-Incremental Learning
(TIL), where the task identity is provided at test time and
models can use task-specific parameters; Domain-Incremental
Learning (DIL), where the label space remains fixed but the
input distribution shifts across tasks; and Class-Incremental
Learning (CIL), where new classes arrive sequentially and the
task identity is unknown at inference.

Among these scenarios, CIL is widely regarded as the most
challenging [24]]. In this setting, a single unified classifier
must distinguish both old and new classes using only current-
task training data, which exacerbates the stability—plasticity
dilemma. Formally, let {D;, D»,...,Dr} denote a sequence
of tasks, where each task D, = {(x},y)}}*, contains samples
from a disjoint set of classes C,. At incremental step ¢, the
model only observes D;, but must perform prediction over the
cumulative label space:

t
Cii= UCk- (1)
=1

The learning objective is to train a classifier f; : X — Cy
that achieves high accuracy on both previously seen and
newly introduced classes. This scenario closely reflects many
real-world applications where data arrive in a non-stationary
manner and the set of classes continually expands [25]].

B. KD in CL

KD was originally introduced as a technique for transferring
knowledge from a large and well-trained teacher model to
a student model [26]. It encourages the student to match
the teacher’s softened output distributions, which reveal inter-
class similarities and facilitate more effective learning [27]].
Traditional KD methods use a temperature-scaled softmax to
soften predictions, aiding the student in capturing nuanced
information beyond hard labels. In the context of CL, KD
helps mitigate catastrophic forgetting and support long-term
knowledge retention [28]]. By leveraging outputs or internal
representations from the model trained on prior tasks, KD
acts as a regularization strategy, guiding the current model to
maintain consistency with past behaviors [29]]. For example,
iCaRL [8] combines KD with exemplar rehearsal by main-
taining a small memory of past examples. The model jointly
minimizes classification loss on both new data and exem-
plars, along with a distillation loss to preserve past outputs.
PODNet [30] extends this further by aligning spatial features
through a pooled output distillation loss, which enhances fine-
grained feature retention across tasks. Teacher Adaptation [31]]
adapts the teacher model by updating batch normalization
statistics to match the current data distribution, leading to more
effective distillation and improved retention of old knowledge.
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Fig. 1. Comparison of CKA similarity between consecutive task models

on CIFAR-100. Traditional distillation-based CL methods (LwF, FOSTER)
exhibit an early and pronounced decline with large fluctuations, revealing
substantial representation drift. In contrast, the proposed CLS approach
maintains consistently high similarity with minimal variance, indicating stable
knowledge retention while still allowing the network to adapt to new tasks.

KD helps CL models preserve information from earlier tasks
even as new knowledge is acquired. This balance between
stability and plasticity is crucial for sustaining performance
across tasks. KD is a powerful technique for continual learn-
ing because it preserves prior knowledge and supports task
integration, but it still suffers from several challenges. The
performance of KD may be sensitive to the temperature pa-
rameter and may diminish when there is a significant capacity
gap between the teacher and student. Similar issues can also
arise in other adaptive learning settings with changing param-
eterizations. For example, LoRA freezes pretrained weights
and learns only low-rank updates for downstream adaptation
[32], while Auto-Encoding Neural Tucker Factorization com-
bines low-rank Tucker decomposition with nonlinear repre-
sentation learning [33]]. Although these settings differ from
class-incremental learning, they suggest that calibration and
structure preservation may also be useful when knowledge
must be transferred under evolving model parameterizations.
These limitations motivate the development of CLS to solve
these issues.

III. ProPOSED METHOD
A. Motivation

Given the limitations identified above, we aim to develop a
KD strategy inherently adapted to the challenges of CL. Unlike
traditional KD-based CL methods that suffer from distribution-
induced logit mismatch and representation drift, our approach
explicitly calibrates logits and preserves the geometric struc-
ture of the feature space across tasks. Recent studies have
reframed forgetting not merely as a defect to be eliminated,
but as a deliberate design choice in scenarios where memory
is bounded and tasks are unbounded [34]]. From this perspec-
tive, a well-designed continual learner should retain essential
and generalizable knowledge while selectively discarding less
relevant information. As shown in Fig. [T} conventional KD
methods such as LwF and FOSTER exhibit an early and
pronounced decline in Centered Kernel Alignment (CKA)
similarity between consecutive tasks, accompanied by large
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Fig. 2. Proposed logit-structure knowledge distillation (LSKD). Logit stan-
dardization distillation mitigates the magnitude-matching issue in conventional
KD by enabling the student to adopt an arbitrary logit scale suited to its
capacity while preserving class-level relations from the teacher. Structure
distillation transfers the structural relationships among outputs, allowing the
student to capture the teacher’s semantic structure more effectively. In the
context of continual learning, LSKD alleviates distribution mismatch and
preserves semantic structure, leading to more stable knowledge retention
across tasks.

Logit KD LOSS

oscillations, indicating substantial representation drift [35].
Motivated by these observations, we design LSKD to act at
two complementary levels: logit standardization aligns class
evidence across tasks, and structure-aware transfer stabilizes
the sample-wise prediction geometry. In contrast, our pro-
posed CLS maintains CKA similarity at approximately 0.95
with minimal fluctuation, achieving stable knowledge retention
while preserving sufficient capacity for new task acquisition.

B. Logit-Structure KD for CL

Traditional KD methods enforce direct matching between
teacher and student logits. This includes both their absolute
scale and variance. In continual learning, model capacity often
changes across tasks and data distributions shift. Such hard
alignment can block effective knowledge transfer. To address
these issues, we propose logit-structure knowledge distillation
for CL (LSKD), a novel KD strategy that integrates logit
standardization [20]] with structure distillation. Compared with
prior logit standardization and relational knowledge distillation
methods for conventional distillation, LSKD is designed for
continual learning with evolving teachers and data distribu-
tions [21]. Standard KD enforces direct matching between
the output logits of the teacher and student, including their
absolute scale and variance. This constraint can be especially
restrictive in continual learning, as model capacity and data
distributions evolve. Fig. [2] shows the mechanism of LSKD.
LSKD resolves this mismatch by applying Z-score normaliza-
tion to both the teacher and student logits.

= I = p(zs)
L= o 2
s u— H(z)
= o 3)

where z; and z; denote the logits from the student and teacher,
while u(-) and o(-) represent their mean and standard devia-



tion. This normalization removes scale discrepancies, ensuring
the student focuses on relative class relations rather than
absolute values. The softened distributions are then computed
as:

ps = Softmax (%), p: = Softmax (%), €]

using a temperature parameter 7. The distillation loss based
on Kullback-Leibler divergence is expressed as:

Lipgir = 7 - KL(p: || ps)- S

This normalization is applied only to the distillation term,
while the classification loss is still computed from the original
student outputs, so useful class-specific confidence can still
be learned from the task labels. By focusing on relative
rankings instead of absolute values, this process encourages
more robust transfer of class relations, reducing the neg-
ative impact of distributional shift. Logit-based distillation
primarily conveys inter-class relations: the student is trained
to match the teacher’s relative ordering of class evidence.
Directly matching raw logits across tasks is fragile because
the teacher’s magnitude changes with distribution shift and
model capacity. By applying Z-score standardization, we re-
move this magnitude constraint and let the student focus on
relative class relations, which reduces the burden on a smaller
model. However, logit calibration alone does not regulate how
samples are arranged with respect to one another as tasks
accumulate, and the geometry among predictions can still drift.
To address this, we add a structure-aware term that preserves
inter-sample relations within a batch. The combined objective
transfers knowledge at two complementary levels to encode
new classes. We further introduce a structure distillation loss
that matches the pairwise relationships among logits, ensuring
the student preserves the relative geometry of the teacher’s
predictions. To strengthen structural consistency, this loss
explicitly maintains the geometric structure of predictions
across samples. Let Z, = {Z,1,...,Z.p} and Z; = {Zs1,..., 258}
denote the standardized logits from the teacher and student
for a mini-batch of size B. For any two samples i and j, the
normalized pairwise distance is defined as

_ 1z, — 20113
Up(ZinZj) = ————, (6)
Mt
_ _ ”Zs,i - Zs,j”%
Up(ZsirZsj) = ——, (7
HMs

where
po= B — 23], g = Bisf{lRss = 2s13], ®)

and E;;; denotes the mean of off-diagonal pairwise distances
within a batch. We denote by ¢p(Z) the distance geometry
operator that produces the normalized pairwise distance matrix
from a logit set Z. Since the logits z = Wh + b are a linear
transformation of the hidden representation A, the Euclidean
distance ||z; — z j||§ corresponds to a Mahalanobis distance in
feature space with metric M = WTW, thus capturing the
relative geometry among features. By enforcing alignment of
ép(Z;) and ¢p(Zs), the student is encouraged to preserve the

teacher’s semantic layout of samples. The structure loss is
calculated as:

Ly L Z &s(l/'D(Zr,i,Zz,j), Yp(Zs,is Zs,j))» 9

= BZ
i+

where B is the batch size, ¥p computes normalized pairwise
distances, and ¢s is the Huber loss:

1 2 :
sx=y)7, iflx-y <1,
Gy =427~ " (10)
|x —y| -5, otherwise.
Therefore, the overall KD loss of LSKD is defined as:
L.CS‘KZ) = Llogit + ALy, (11

where A is balancing coeflicient.

LSKD mitigates the effects of distribution mismatch and
preserves the semantic relationships within the data. As a
result, the proposed method enables more reliable knowledge
transfer and stronger retention of previously acquired knowl-
edge during continual learning.

C. Feature Expansion

To further mitigate catastrophic forgetting and maintain
the representation of prior tasks, we adopt the dynamically
expandable representation (DER) strategy [10]. When a new
task T arrives, a task-specific feature extractor ¥7(x) is added,
and the representation becomes:

Qr(x) = [Qr-1(x), ¥7(0)],

where Qr_;(x) is the concatenated feature from previous tasks
and W7(x) encodes the new task. During training, only the
newly added extractor is updated, while all previous extractors
remain frozen, effectively preserving historical knowledge.
DER employs a classifier that is adapted to handle the ex-
panded representation, allowing the model to accommodate
new categories introduced by incremental tasks. This approach
ensures that knowledge from previous tasks is preserved and
readily accessible, while providing the capacity for the model
to learn new concepts without interference.

(12)

D. Attention-based Feature Aggregation

After feature expansion, CLS applies an attention-based
feature aggregation module to adaptively fuse task-agnostic
and task-specific features. This mitigates feature collision
and improves cross-task generalization [22]. We flatten the
previous-task feature map F}' and current-task feature map
F!! along the spatial axes and stack the channels:

FY% = Flatten(Qr_; (x)) € RV,
F% = Flatten(‘Wr(x)) € RV,

13)
(14)

where C, is the channel number, N denotes the number of
spatial locations after flattening the feature map. We project
both features to a shared embedding dimension D, and form
the queries Q, keys K;s and K;a, and values Vs and V;a:

0= F;SWq’ Ky = F[TSWM Vis = F;§Wv’ 5)
Ky = F2W,, Vi =F2W,, (16)



where W,, Wy, W, € R%*P. The attention weights A, are
computed as:

A, = Softmax [Vis> Via]- (17)

T
(Q[Kts’Kta] )
D
The merge attention enables the model to adaptively aggregate
information from task-agnostic and task-specific sources. This
selective fusion helps mitigate feature collision, improves
feature diversity, and facilitates robust transfer of generic
knowledge across tasks, which is especially crucial as the

number of tasks increases.

E. Summary

The CLS framework integrates three major components to
address the stability—plasticity dilemma in continual learn-
ing. The first is LSKD, which calibrates logits to alleviate
distribution-induced mismatch while preserving the geometric
structure of the feature space to mitigate representation drift
across tasks. The second is feature expansion, which assigns
task-specific subnetworks, thereby retaining knowledge from
previous tasks while providing additional capacity for learning
new tasks. The third is attention-based feature aggregation
used to unify features in the incremental tasks. The overall
loss of our framework is defined as:

—,-: = -Ecls + LLS‘KZ) + -Eauxs (18)

where L, is the classification loss, L, is the auxiliary
loss, which aligns the outputs of auxiliary classifiers in the
student network with those from the frozen teacher network
of the previous task, thereby stabilizing intermediate feature
representations. These three components work in concert:
LSKD constrains semantic drift at the output level, feature
expansion preserves prior knowledge while providing space
for new learning, and attention-based aggregation integrates
multi-task features for knowledge transfer. As a result, CLS
effectively mitigates both distribution-induced logit mismatch
and representation drift, enabling the model to retain essential
and generalizable knowledge and adapt efficiently to new
information.

IV. EXPERIMENTS
A. Experimental Setup

1) Datasets and Data Split: To comprehensively evaluate
the effectiveness of the proposed CL framework, we conduct
experiments on three benchmark datasets: CIFAR-10, CIFAR-
100, and PathMNIST.

CIFAR-10 [36] is an image classification dataset consisting
of 60,000 32 x 32 color images across 10 classes. In our
experiments, CIFAR-10 is split into 5 sequential tasks, each
comprising 2 disjoint classes. At every incremental step, the
model is trained on a new subset of two classes, while being
evaluated on all classes observed up to the current stage.

CIFAR-100 [36] includes 100 classes with 600 images per
class. Two incremental settings are adopted: a 10-task scenario
with 10 classes per task, and a 5-task scenario with 20 classes
per task. For both configurations, the model learns classes in

sequence, and in each task, only samples from the current
subset are accessible for training.

PathMNIST [37] is a medical image dataset consisting of
107,180 RGB images belonging to 9 tissue categories. In our
experiments, PathMNIST is divided into 8 incremental tasks:
the first task contains 2 classes, and each of the following
7 tasks introduces one new class. This scenario presents a
realistic and challenging setting for class-incremental medical
image classification.

2) Baselines: To provide a comprehensive comparison,
we consider representative class-incremental learning meth-
ods. Regularization-based methods mitigate forgetting by con-
straining model parameters to retain previous knowledge.
Replay and architecture based methods address forgetting by
storing and replaying samples from previous tasks. KD-based
approaches utilize the outputs of previous models to guide the
learning of new tasks, thus preserving prior knowledge. We
also include the naive Finetune baseline for reference.

« Finetune [38]]: A baseline without any specific mecha-

nisms.

o« LwF [13]]: Learning without Forgetting constrains the
outputs of the previous model via KD.

« EWC [39]: Elastic Weight Consolidation introduces a
regularization term based on the Fisher information ma-
trix to prevent significant changes to important parameters
for previously learned tasks.

« DER [10]: Dynamically Expandable Representation
trains a new feature extractor for each task and aggregates
features for joint classification, alleviating representation
bias in incremental learning.

« FOSTER [40]: This approach boosts feature diversity
and compresses redundant representations by combining
feature boosting with network compression for efficient
incremental learning.

« MEMO [41]: A memory-efficient method that adaptively
switches between storing exemplars and model parame-
ters to balance memory usage and performance.

« ScrollNet-LwF [42]: This method dynamically allocates
parameter importance using a learned importance score
and incorporates KD to mitigate forgetting.

o DS-AL [43]: A dual-stream analytic learning framework
designed for exemplar-free class-incremental learning,
which maintains model stability and adaptability without
relying on rehearsal data.

» TagFex [22]: Task-Agnostic Guided Feature Expansion
captures task-agnostic features through adaptively merges
them with task-specific features to enhance feature diver-
sity and reduce feature collision.

3) Details: We adopt ResNet-32 as the backbone model
for all experiments. The model is trained for 200 epochs on
the initial task and 170 epochs for each subsequent task. For
all compared methods, hyperparameters and implementation
details strictly follow the original papers or the official PyCIL
[44] codebase to ensure fair comparison. To improve the
statistical reliability of our results, all experiments are repeated
three times with different random seeds, and following the CIL
setting. For all datasets, classes are ordered randomly but fixed
across runs to ensure reproducibility. We set Ay = 0.07 based



TABLE I
CompaRrisoN OF THE FINAL ACC AND LAST WITH DIFFERENT DATASETS.
Method CIFAR-10 CIFAR-100 (10 Task) CIFAR-100 (5 Task) PathMNIST
Last ACC Last ACC Last ACC Last ACC
Finetune 20.467 + 0.531 45.013 + 0.069 9.037 + 0.067 25.552 + 0.519 17.137 + 0.131 38.039 + 0.439 | 6.415 + 1.445 26.693 + 2.378
LwF 49.150 £ 2400  64.697 = 1.216 | 21.470 = 0.118  40.555 + 0.174 | 32.450 + 0.090  50.945 + 1.432 | 20.763 + 5.747 45.414 + 5.619
EWC 20.033 + 2.177  43.477 + 2.062 15.713 + 0.732  31.678 + 0.167 22,770 + 1.226  41.741 £ 1.968 | 5.907 + 1.657 26.358 + 1.114
DER 84.617 + 1.378  87.819 + 0.707 59.257 + 1.331 68.323 + 1.310 | 62.997 + 1.269  69.888 + 1.043 | 84.807 + 0.841 86.768 + 1.226
FOSTER 54.503 + 3.194  64.246 £ 2.266 | 49.343 +£ 1.943  64.748 + 3.166 | 58.203 + 0.509  69.339 + 0.263 | 64.167 = 1.495  70.921 + 2.067
MEMO 81.723 + 0.845  87.551 + 0.026 55.187 + 2.039  66.258 + 2.538 22927 + 0.135  69.338 £ 0.598 | 78.293 + 0.713  84.387 + 1.297

ScrollNet-LwF

52.077 + 1.274

68.215 + 1.058

24.080 + 1.202

43.695 + 2.760

35.587 + 1.122

52.755 + 1.332

27.070 + 1.058

48.587 + 5.528

DS-AL

54.793 + 1.057

67.642 + 1.036

37.517 + 0.799

49.552 + 1.004

46.167 + 0.905

60.830 + 1.035

21.430 + 5.728

44.344 + 0.510

TagFex 83.010 + 0.670  88.311 + 0.691 | 60.877 + 0.057

71.087 + 1.233

64.003 + 0.451  72.726 + 1.096 | 86.047 + 1.957  89.713 + 0.993

CLS 84.747 + 1.745  90.353 + 0.411 | 62.223 + 0.162

72.940 + 0.067

63.537 + 0.118  74.154 + 0.045 | 86.487 + 1.218  90.865 + 0.410
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on preliminary validation experiments to balance structure
preservation and flexibility for new task learning.

4) Evaluation Metrics: To comprehensively assess the per-
formance of continual learning methods, we employ three
standard metrics: Last, ACC, and FGT.

Last accuracy measures the classification accuracy on the
test set of the most recently introduced task after the com-
pletion of the final incremental step. This metric reflects the
model’s ability to learn and retain knowledge relevant to the
most recent task.

ACC accuracy computes the average classification accuracy
over all observed tasks after each incremental step, with the
final value being the average across all tasks at the end of the
learning sequence. This metric evaluates the model’s overall
capability to preserve knowledge acquired from earlier tasks
while adapting to new tasks. ACC is computed as:

T
1
ACC = > Ar; (19)

J=1

where A;; denotes the accuracy on task j after training up to

Number of Classes Number of Classes

(c) CIFAR-100 (5 Task). (d) PathMNIST.

Average accuracy after each task with different datasets. In Task 1, the model is trained from scratch, and the remaining classes are given evenly in

task i.

FGT evaluates a model’s robustness against catastrophic
forgetting in the continual learning setting. This metric quan-
tifies the average degradation in performance on previously
seen tasks after the model has been sequentially trained on a
complete series of tasks. FGT is calculated as:

1 T-1

where F; denotes the forgetting on task i. A lower FGT value
signifies superior knowledge retention. The FGT provides a
comprehensive assessment of a model’s ability to balance
plasticity for new knowledge acquisition with stability for
preserving existing competencies.

FGT = (20)

B. Results

As shown in Table [I} CLS achieves the highest ACC in all
evaluated settings and remains competitive in LAST. Although
its LAST accuracy on CIFAR-100 (5 Task) is slightly lower
than that of TagFex, CLS still achieves the best ACC in this
setting. These results indicate that CLS provides a favorable
balance between knowledge retention and adaptation to new
tasks. High Last accuracy reflects that the model retains suffi-
cient plasticity throughout continual learning. That is, CLS can
effectively incorporate new knowledge without being overly
constrained by past tasks. The LSKD prevents overfitting to
old knowledge and supports continual adaptation to new tasks,
which is critical for CL in dynamic data streams.

CLS also achieves the highest ACC across all datasets.
Particularly, on PathMNIST, which features class imbalance



TABLE 11
ABLATION sTUDY RESULT OF CLS oN CIFAR-100 with 10 TASKS

Method LAST ACC
Without logit KD/ structure KD/ feature aggregation | 60.710 | 68.449
Without logit KD 60.720 | 71.917
Without structure KD 61.090 | 72.701
Without feature aggregation 61.860 | 70.529
CLS 62.310 | 73.003

and higher inter-class similarity, CLS outperforms all baselines
by a clear margin. This result suggests that CLS remains
effective on this medical image benchmark. Fig. [3] illustrates
the evolution of average accuracy as the number of classes
increases in the incremental learning process. CLS consistently
maintains the highest accuracy across all stages and datasets,
regardless of the number of introduced classes. This trend
is stable from the early Task to the final task in different
data environments. This ability is crucial for practical CL
problems, where the number of target classes is often unknown
in advance and may change over time. The ability of CLS to
maintain top-level performance under varying task and dataset
types highlights its generalizability. It demonstrates that CLS
can flexibly adapt to evolving environments while preserving
previously acquired knowledge, showing its capability to gen-
eralize across various continual learning settings.

Fig. [ reports the forgetting rate (FGT) on four datasets.
Finetune, LwF, and EWC all show very high FGT, indicating
severe forgetting of previous knowledge. Expansion-based
methods such as DER, FOSTER, and MEMO substantially re-
duce forgetting, but still leave room for improvement. TagFex
achieves further reduction in FGT, benefiting from its task-
agnostic feature transfer. Our proposed CLS method achieves
the lowest FGT across all datasets, demonstrating its superior
ability to preserve prior knowledge while learning new tasks.
In contrast, our proposed CLS consistently attains the lowest
FGT in all datasets and settings, reflecting its ability to
effectively retain knowledge from earlier tasks while adapting
to new ones. CLS mitigates scale mismatch and preserves
inter-class structural information. By jointly addressing these
two key factors, CLS maintains more stable representations
over time and mitigates decision boundary shifts, resulting in
robust long-term performance in CL scenarios.

C. Ablation Study

Table [T reports the results of the ablation study on CIFAR-
100 with 10 tasks, to evaluate the effect of each key component
in CLS. We compare the CLS model with four variants.
All ablation experiments share the same training configu-
ration as CLS. The result shows that standardizing logits
helps retain recent task performance. Fig. [5] further illustrates
the similarity between teacher and student models during
distillation, measured by centered kernel alignment (CKA).
The solid lines represent the average CKA for each task,
while the shaded regions denote the standard deviation across
batches. A higher mean CKA indicates stronger alignment of
representations, and a narrower band suggests a more stable
distillation process. The results show that the model without Z-
score exhibits lower average similarity and larger fluctuations.

Teacher-Student CKA per Task (Mean £ Std)

without Z-scare
096 ours

0.94

CKA Similarity
o
S

0.90

0.88

6
Task Number

Fig. 5. Teacher—Student CKA Comparison With and Without Z-score.

In contrast, the use of Z-score leads to consistently higher
and more stable CKA across tasks. This result reflects the
limitation of conventional KD in CIL, as tasks and data
distributions change, the student model is forced to mimic the
absolute numerical range of the teacher’s logits. In contrast,
Z-score normalization focuses on the relative relationships
among classes and helps student models retain the teacher’s
semantic structure. Removing structure-aware distillation leads
to a larger drop in ACC. This indicates that preserving inter-
sample relationships improves overall knowledge retention.
Without feature aggregation, the model also performs worse,
especially in LAST. This suggests that attention-based fusion
helps the model adapt to new features while keeping past
ones. CLS achieves the best performance in both metrics.
This confirms that all components contribute to improving the
stability of old tasks and knowledge transfer in this setting.

D. Analysis

1) Visualization Analysis: Fig. [f] shows the t-SNE projec-
tions of the feature representations after Task 2 (the first in-
cremental task) and Task 5 (the final task) for LwF, FOSTER,
and CLS on CIFAR-10 with 5 tasks.

At Task 1, all methods form well-delineated and non-
overlapping regions in the feature space, suggesting that the
initial classes representations are discriminative. However,
after Task 5, the differences among methods become apparent.
For LwF, the representation regions of different categories
become substantially intermixed, with category boundaries
largely obscured. This phenomenon indicates that LwF strug-
gles to retain distinct decision regions as new tasks are learned,
resulting in increased confusion among similar categories.
FOSTER remains a significant region overlap, indicating par-
tial resistance to interference but limited capability to maintain
inter-class discrimination. In contrast, CLS can preserve clear
decision boundaries and minimize mixing between categories,
reflecting enhanced stability for old task knowledge while
adapting to new task information.

2) Confusion Matrix Analysis: We further evaluate the
classification performance of different methods by analyzing
the confusion matrices on the CIFAR-10 dataset after the
final incremental learning step. As shown in Fig. [7] LwF
and FOSTER both exhibit noticeable off-diagonal elements,
indicating frequent classification error between similar cate-
gories. In particular, the confusion between visually related



(e) Task 2 of CLS.

(f) Task 5 of CLS.

Fig. 6. Visualization of class representation in feature space.

classes such as cat and dog, or automobile and truck, remains
pronounced.

In contrast, our method produces a confusion matrix with
much stronger diagonal dominance, reflecting higher classi-
fication accuracy and clearer category discrimination. Most
samples are correctly assigned to their true classes, and
confusion between categories is greatly reduced. These results
confirm that our approach more effectively preserves the
model’s ability to distinguish between categories throughout
the continual learning process, thereby mitigating the impact
of catastrophic forgetting.

3) Grad-CAM Analysis: To further illustrate the evolution
of attention over CL tasks. We visualize the class activation
maps (CAMs) for a sample belonging to the “bed” category
in Fig. [B] which was introduced in the first task [45]]. At task
1, the model attends correctly to the most salient regions of
the bed, indicating that CLS effectively learns discriminative
features upon first exposure. As the model continues to learn
new tasks, these attention patterns remain well-preserved.
Although some diffusion in attention is observed, the core
focus consistently remains on the object-relevant regions. This
suggests that CLS maintains stable representations of previ-
ously learned categories even as new classes are introduced.

Additionally, beginning from task 3, CLS starts to attend to
additional informative regions that were not activated during
the initial task, such as the headboard. This change suggests
that CLS improves the structure of old task features over time.
The logit-structure distillation helps transfer useful patterns

TABLE III
REsuLTs OF DIFFERENT Ag VALUES OF CLS oN CIFAR-100 with 10 STEPS.

Agt LAST ACC

0.03 61.830 72.743
0.05 62.310 73.003
0.07 62.390 73.100
0.09 62.120 72.743

from new tasks to earlier ones, making the learned feature
representations more complete. The CAMs demonstrate that
CLS can retain what it has learned in the past while still
acquiring new tasks. Its design helps reduce forgetting and
enhances old knowledge with new learning.

4) Parameter Analysis: In CLS, the logit distillation weight
is fixed to 1.0 to ensure that class-level relations are consis-
tently preserved across tasks. We vary the structure distillation
weight L, to investigate its influence on overall performance.
The best results are achieved when L is set to 0.07, which
provides a balanced trade-off between retaining the structural
relationships from previous tasks and adapting to new task-
specific representations. A smaller L, weakens the constraint
on structural preservation, leading to increased forgetting. In
contrast, a larger value may overemphasize past structures,
reducing flexibility for learning novel classes. This analysis
confirms that an appropriate structural weight is crucial for
maximizing the benefits of LSKD.

V. CoNcLUSION

In this paper, we propose Logit—Structure Knowledge Dis-
tillation (LSKD) to address the limitations of traditional KD
in class-incremental learning, namely logit scale mismatch
and representation drift. LSKD standardizes logits to mitigate
scale variation across tasks and preserves the structural relation
among predictions to maintain the semantic consistency of
the feature space. We integrated LSKD into the CLS frame-
work, which also incorporates representation preservation and
attention-based feature aggregation, ensuring stable knowledge
retention while maintaining adaptability to new tasks. Exper-
iments on CIFAR-10, CIFAR-100, and PathMNIST demon-
strate the effectiveness of CLS under multiple CIL settings.
While feature expansion increases model capacity over time,
CLS maintains competitive performance for continual learning
applications. In future work, we will further evaluate CLS
in more realistic continual learning scenarios and explore its
application to real-world problems, such as medical image
analysis and other dynamic recognition tasks.
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