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Abstract

Continual learning systems face catastrophic for-
getting, where acquiring new knowledge degrades
performance on prior tasks. We propose SGC, a
novel exemplar-free framework addressing this
through three key innovations: (1) a Max-Cut
graph-based partitioning strategy that groups in-
coming classes into semantically coherent clus-
ters; (2) a dual-strategy distributional rehearsal
(DSDR) combining archetype interpolation and
GMM sampling to generate high-fidelity synthetic
features preserving past class distributions; and
(3) a group-focused training regimen that up-
dates only lightweight group-specific modules
while freezing the shared backbone. Extensive
experiments on CIFAR-100 and four fine-grained
datasets (CUB-200, Flower, Stanford-Cars, Food-
101) demonstrate superior performance over state-
of-the-art exemplar-free methods.

1. Introduction

Deep learning suffers from catastrophic forgetting in se-
quential learning (Wang et al., 2024), where weight up-
dates for new tasks erase prior knowledge, which is a crit-
ical barrier for real-world applications. Continual Learn-
ing (CL) addresses this through replay-based (Ho et al.,
2023), regularization-based (Kirkpatrick et al., 2017), and
Bayesian methods (Li et al., 2025), each facing trade-offs
between memory, computational cost, and plasticity (Qiu
et al., 2024). A key gap remains: existing methods lack a
framework that is simultaneously scalable, exemplar-free,
and semantically aware of incoming data. Most treat new
classes as a monolithic block and rely on oversimplified
distributional assumptions, leading to a suboptimal stability-
plasticity balance. To address this, we propose a CL frame-
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work that uses Max-Cut optimization to partition incoming
classes into semantically coherent groups, trains lightweight
group-specific modules within a dynamic modular archi-
tecture, and introduces a Dual-Strategy Distributional Re-
hearsal (DSDR) mechanism combining Gaussian Mixture
Models (GMMs) and archetype-based interpolation for high-
fidelity exemplar-free rehearsal. Our primary contributions
are:

* A Max-Cut-based class grouping strategy that par-
titions incoming classes into semantically coherent
groups.

* A DSDR mechanism combining GMM sampling and
archetype interpolation for exemplar-free rehearsal.

* A group-focused training regimen with a frozen back-
bone and lightweight group-specific modules for effec-
tive stability-plasticity balance.

 State-of-the-art performance among exemplar-free
methods on CIFAR-100 and four fine-grained datasets.

2. Methodology

In this section, we present our novel framework for con-
tinual learning, designed to mitigate catastrophic forget-
ting by dynamically organizing incoming classes into se-
mantically coherent groups and employing a sophisticated
pseudo-rehearsal strategy. Our core idea is to move beyond
class-agnostic replay and instead create specialized, inter-
pretable modules for distinct class groups. This is achieved
through a three-stage pipeline for each incremental task: 1)
a graph-based partitioning of new classes to form semantic
groups, 2) a rich, dual-strategy modeling of class feature
distributions to enable high-fidelity pseudo-rehearsal, and
3) a group-focused training regimen that updates modular
components of our dynamic modular architecture.

2.1. Problem Formulation

We address the class-incremental learning scenario, where
the task id is not provided in the testing phase. The model is
presented with a sequence of tasks T' = {71, Tz, ..., Tn }»
where each task 7; introduces a dataset Dy = {(x;, ¥;) }ity
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that contains samples from a set of new classes C;. The
sets of classes are disjoint, that is, C; N C; = @ for i # j.
After training on task 7;, the model must accurately classify
samples from all previously seen classes, C1.; = Uf.:l C;.
A critical constraint is that the data from previous tasks,
D1.4—1, is not accessible during training on 7.

2.2. Framework Overview

Our proposed method, depicted in Figure 1, processes each
new task 7; through a structured pipeline. Upon the arrival
of new classes C;, we first model their feature distributions
using a frozen backbone network. This involves computing
not only a mean prototype but also a more descriptive repre-
sentation using K-Means to find class archetypes and fitting
a Gaussian Mixture Model (GMM) to capture intra-class
variance.

Concurrently, we perform Incremental Class Grouping by
constructing a similarity graph over the new classes and
partitioning it using a Max-Cut algorithm. This separates
the classes into distinct, semantically dissimilar groups. For
each new group formed, our model architecture dynamically
expands by adding a dedicated fully connected network and
a classification head.

To combat forgetting, we introduce a Balanced Pseudo-
Rehearsal strategy. We generate synthetic features for all
past classes (C1.t—1) by combining two techniques: sam-
pling from their stored GMM parameters and interpolating
between their learned archetypes. Finally, we initiate a
Group-Focused Training stage, where only the classification
heads and explainers are trained on a dataset comprising real
features for new classes and synthetic features for old ones.
The shared feature extractor remains frozen throughout all
incremental steps after the initial task, ensuring knowledge
stability.

2.3. Incremental Class Grouping via Max-Cut

A key innovation of our approach is the dynamic organiza-
tion of classes into manageable groups. This simplifies the
classification problem into a set of smaller, more specialized
sub-problems. This process operates as follows:

1. Prototype Extraction: For each new class k € Cy,
we compute its mean feature vector, or prototype, cy,
by averaging the embeddings of its training samples
produced by the frozen backbone.

2. Graph Construction: We construct a fully connected,
undirected SimGraph G = (V, £), where the set of ver-
tices V corresponds to the new classes C;. The weight
w;; of the edge between two vertices (classes) ¢ and j
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Figure 1. Overview of our proposed framework for a single in-
cremental task. New data is used to model class distributions
and partition classes into groups. The model then expands, and
it is trained using real data for new classes and generated pseudo-
features for old classes.

is defined by the cosine similarity of their prototypes:

Ci'Cj

 leilllles |
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High similarity indicates that two classes are close
in the feature space and are not candidates for being
grouped together.

3. Graph Partitioning: We formulate the grouping task
as a Max-Cut problem. The objective is to partition
the vertices V into two disjoint sets, S7 and S5, such
that the sum of weights of edges connecting a vertex
in S to a vertex in Sp is maximized. This partitions
the classes into two maximally dissimilar super-classes
or groups. To handle tasks with a large number of
incoming classes (|C¢| > 20), we employ an iterative
strategy, applying the Max-Cut partitioning on smaller,
computationally tractable chunks of classes.

2.4. Dual-Strategy Distributional Rehearsal

To effectively prevent catastrophic forgetting, a replay mech-
anism must generate features that are not only realistic but
also diverse. Relying on a single class prototype is insuffi-
cient. We therefore model the feature distribution of each
class using a dual strategy. For each previously seen class
k € Cy.4—1, we store its distributional parameters.

1. Archetype-based Interpolation: We first identify M
representative archetypes {ay , }2_, for each class k
by applying K-Means clustering to its feature repre-
sentations during its initial training. These archetypes
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capture the primary modes of the class manifold. Syn-
thetic samples are then generated by random convex
combinations of these archetypes:

M M
>~(interp = § am@km, St E am =1,am >0
m=1 m=1

@)
This approach generates samples that lie on the convex
hull of the class’s primary modes, preserving the global
structure of the feature distribution.

2. Gaussian Mixture Model Sampling: To capture
local density and variation, we also model the fea-
ture distribution of each archetype cluster as a mul-
tivariate Gaussian. This results in a Gaussian Mix-
ture Model (GMM) for each class, with parameters
{(T ks Bty s Skeom) M1, where Ty, denotes the
mixture wéight of the m-th Gaussian component for
class k, Bieom is its mean vector, and X, ,, is the co-
variance matrix. We generate a second set of synthetic
samples by sampling from this learned GMM.

The final set of pseudo-features is a balanced mixture of
samples from both strategies, controlled by a hyperparame-
ter p that dictates the interpolation ratio. This dual approach
ensures that our replay mechanism generates features that
represent both the structural manifold and the local density
of the past data.

2.5. Group-Focused Modular Training

Our network architecture starts with a shared feature en-
coder, f.nc, which processes an input image x into a feature
vector z = fenc(x). This is followed by a dynamically
growing set of group-specific modules. For each group g,
we maintain an fully connected network ;C, and a linear
classification head, f;ead.

During inference, the feature vector z is fed into each avail-
able fully connected network. Each fully connected network
f;c independently generates a group-specific activation vec-
tor py = f1¢(z). This vector is then immediately passed to
its corresponding classification head f;e"‘d, which produces
logits only for the classes within that group. The final out-
put is a combined logits vector, formed by arranging the
group-specific logits to represent all previously seen classes.

2= fene(2), 3)
pg = fy(2), Vgeq, 4
¢ = Concat({f§*(py) | g € G})- )

The training process is carefully constrained to ensure
knowledge preservation and effective learning of new tasks.

Table 1. Performance comparison on CIFAR-100. The best per-
formance is shown in bold, and the second-best performance is
underlined.

B-10 Inc-10 B-50 Inc-5
Methods A A i A
L2P(Wang et al., 2022b) 76.56 65.75 61.85 44.19
DualPrompt(Wang et al., 2022a) 81.41 70.34 64.05 43.86
CODA-Prompt(Smith et al., 2023) 82.13 72.34 65.49 49.72
CPP(Li et al., 2024) 75.73 67.50 69.57 66.26
LAE(Gao et al., 2023) 82.65 72.60 67.35 50.96
Continual-CLIP(Thengane et al., 2022) 75.15 66.68 70.79 66.68
SLCA(Zhang et al., 2023) 83.13 72.01 80.07 71.24
EASE(Zhou et al., 2024) 85.07 7131 76.72 70.50
CLG-CBM(Yu et al., 2025) 84.49 76.82 79.07 7591
SGC(Ours) 87.3610.45 80.95:0.14 | 83.81:033 80.92:0.11

1. Parameter Isolation: During an incremental step, the
backbone f,,. is kept frozen. Only the parameters of
the classification heads and fully connected networks
for all groups (both old and new) are updated.

2. Loss Function: The trainable parameters are opti-
mized using a composite loss function. For each batch
B, the total loss Lz is a weighted sum of the standard
classification loss and a sparsity-inducing regularizer
that is dynamically applied only for the groups ac-
tive in that batch:

Ls=Lep(@y)+A Y [Wylh (6)
9€Gn

where Lo g is the Cross-Entropy loss, W, are the
weights of the classification head for group g, and
Gp is the set of unique group indices corresponding to
the class labels present in the current batch 3. The key
insight behind this formulation is twofold. Primarily,
by localizing the sparsity pressure to only the active
groups within a batch, we shield the group-specific
parameters of inactive groups from unnecessary up-
dates. This targeted approach acts as a form of im-
plicit regularization masking, directly contributing to
knowledge preservation and mitigating catastrophic
forgetting. Secondarily, this approach is also more
computationally efficient. The coefficient A controls
the strength of this sparsity constraint.

3. Experimental Results
3.1. Experiments Setup

Evaluation Benchmarks. We experiment our method on
a comprehensive datasets: CIFAR-100 (Krizhevsky et al.,
2009), CUB-200 (Wah et al., 2011), Flower (Nilsback &
Zisserman, 2008), Food-101 (Bossard et al., 2014), and
Stanford-cars (Krause et al., 2013). We evaluate on two
primary metrics: average incremental accuracy(A) and final
average accuracy(Ajus)

Implementation Details. Across all experiments, we em-
ployed CLIP ViT-B/16 as the default feature extractor for
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Table 2. Average incremental accuracy comparison on four datasets, the best performance is shown in bold, the second-best is underlined.
All methods are implemented without using exemplars. We replace the backbones of all methods with CLIP ViT-B/16.

Methods CUB-200 Flower Stanford-cars Food-101
B-10Inc-10  B-100Inc-10 | B-10 Inc-10  B-50 Inc-5 | B-14Inc-14 B-100Inc-10 | B-10 Inc-10  B-50 Inc-5
L2P(Wang et al., 2022b) 62.08 59.38 84.37 76.70 64.42 61.82 79.48 69.72
DualPrompt(Wang et al., 2022a) 64.95 61.85 89.64 79.16 76.94 68.46 86.27 69.66
CODA-Prompt(Smith et al., 2023) 67.22 59.82 88.57 77.70 76.44 60.80 87.76 67.22
CPP(Li et al., 2024) 83.60 75.03 94.95 93.30 84.75 77.49 90.21 86.60
LAE(Gao et al., 2023) 66.45 59.98 86.79 77.55 77.25 80.28 88.41 66.26
Continual-CLIP(Thengane et al., 2022) 69.41 60.35 78.72 74.06 86.43 69.79 92.04 89.96
SLCA(Zhang et al., 2023) 80.53 76.85 92.77 82.14 84.74 70.59 74.49 76.28
EASE(Zhou et al., 2024) 83.87 66.14 94.86 77.05 86.22 64.32 91.74 81.72
CLG-CBM(Yu et al., 2025) 85.40 82.20 95.58 94.53 88.60 85.07 92.25 90.97
SGC(OUI‘S) 86-18;&0.41 82.591012] 96.36:&0722 95.6710‘32 90.36:&0‘38 87.2610‘28 94.0810105 92.6310_]2

all models, unless specified differently. We used the Adam
optimizer (Kingma, 2014) with a learning rate of 0.001 and
a batch size of 64 for a total of 60 epochs. Furthermore, the
weight of the sparsity loss, A to 0.001 and the interpolation
ratio, p was set at 0.3.

3.2. Result and Discussion

Evaluation on CIFAR-100 Dataset. As shown in Table 1,
SGC sets a new state-of-the-art on the CIFAR-100 bench-
mark. In the B-10 Inc-10 setting, we achieve an average
incremental accuracy (A) of 87.36% and a final average
accuracy (Aj,g) of 80.95%, outperforming the previous best
method by 2.29% and 3.64%, respectively. The dominance
of SGC is even more pronounced in the B-50 Inc-5 setting,
where the SGC model achieves 83. 81% in A and 80. 92%
in A, surpassing the strongest competitors by at least
3.74% and 5.01%. These results clearly demonstrate the
superior performance of our approach.

Evaluation on Fine-grained Datasets. We further eval-
uate SGC on 4 fine-grained datasets: CUB-200, Flower,
Food-101 and Standford-cars. As shown in Table 2, SGC
achieves the best results on all four datasets. Compared
with the strongest baseline (CLG-CBM), it improves by
0.78%/0.39% on CUB-200, 0.78%/1.14% on Flowers,
1.76%/2.19% on Stanford-Cars, and 1.83%/1.66% on Food-
101. These consistent improvements highlight the robust-
ness and generalizability of our approach across diverse
benchmarks.

4. Conclusion

In this work, we propose SGC, a novel continual learning
framework that effectively addresses catastrophic forgetting
through semantically-aware class organization and sophis-
ticated pseudo-rehearsal mechanisms. Our approach intro-
duces three key innovations: a graph-based Max-Cut parti-
tioning strategy for dynamic class grouping, a dual-strategy
distributional rehearsal mechanism combining GMM-based
sampling with archetype-based interpolation, and a group-
focused training regimen that maintains knowledge stability

while enabling efficient adaptation. Extensive experiments
on CIFAR-100 and four challenging fine-grained datasets
demonstrate that our method consistently outperforms state-
of-the-art exemplar-free approaches, achieving superior av-
erage incremental accuracy and significantly reduced for-
getting scores. The proposed framework’s ability to operate
effectively without storing previous task data while main-
taining high performance across diverse datasets highlights
its practical value for real-world continual learning applica-
tions. Future work could explore extending this approach
to more complex continual learning scenarios and investi-
gating the scalability of the semantic grouping strategy to
larger numbers of tasks and classes.
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A. Appendix
A.1. Class Incremental Learning

Class incremental learning is a scenario in continual learning in which new classes arrive sequentially without explicit
task boundaries. Unlike task-incremental learning, models must distinguish between all previously seen classes while
incorporating new ones, making the problem significantly more complex due to the absence of task identifiers during
inference. Early approaches to class incremental learning focused on knowledge distillation and architectural modifications.
Learning without Forgetting (LwF) (Li & Hoiem, 2017) employs knowledge distillation to preserve outputs on old classes
while learning new ones. iCaRL (Rebuffi et al., 2017) combines exemplar storage with nearest-mean classification, storing
representative samples from previous classes. LUCIR (Hou et al., 2019) addresses the bias towards new classes through
cosine normalization and margin ranking loss, while PODNet (Douillard et al., 2020) uses spatial-based distillation to
preserve intermediate representations.

Recent advances have explored prompt-based approaches that achieve impressive performance without storing exemplars.
Learning to Prompt (L2P) (Wang et al., 2022b) learns a pool of prompts and selectively uses them for different tasks,
while DualPrompt (Wang et al., 2022a) employs complementary prompts for general and specific knowledge. CODA-
Prompt (Smith et al., 2023) further improves this paradigm through continual decomposed attention-based prompting. These
methods demonstrate that frozen pre-trained models can be effectively adapted for continual learning through careful prompt
design.

Parameter-efficient approaches have also gained attention in class incremental learning. CPP (Li et al., 2024) steers
prototypes with prompt-tuning for rehearsal-free continual learning, while LAE (Gao et al., 2023) provides a unified
framework with general parameter-efficient tuning. SLCA (Zhang et al., 2023) focuses on slow learning with classifier
alignment, and EASE (Zhou et al., 2024) proposes expandable subspace ensembles for pre-trained model-based learning.

Despite these advances, most existing methods treat incoming classes as independent entities, failing to take advantage of
potential semantic relationships that could simplify the learning problem. This limitation becomes particularly pronounced
when dealing with fine-grained datasets where classes may share substantial semantic overlap. Our approach addresses this
gap by dynamically organizing classes into semantically coherent groups, enabling more efficient and targeted learning
strategies.

A.2. Graph-Driven Dynamic Similarity Grouping

Graph-based methods have demonstrated significant success in capturing and exploiting similarity relationships across
various machine learning domains. In clustering and community detection, spectral methods (Von Luxburg, 2007) and
modularity optimization (Newman, 2006) leverage graph structures to identify meaningful groupings. Graph partitioning
algorithms, particularly the Max-Cut problem (Goemans & Williamson, 1995), have been extensively studied for dividing
vertices into disjoint sets that maximize inter-group connections.

In the context of machine learning, graph-based similarity grouping has been applied to semi-supervised learning (Zhu, 2005),
where label propagation on similarity graphs enables learning from limited labeled data. Graph neural networks (Hamilton
et al., 2017) have further advanced the field by learning representations that incorporate graph structure, enabling more
sophisticated similarity-based reasoning.

Dynamic grouping approaches have emerged to handle evolving data distributions and relationships. Online clustering
methods (Ghashami et al., 2016) adapt to streaming data by continuously updating cluster assignments, while dynamic
community detection algorithms (Fortunato & Hric, 2016) track evolving community structures in temporal networks. These
methods typically focus on maintaining consistency while adapting to new information.

In continual learning, some works have explored graph structures for organizing knowledge, though primarily at the task
level rather than the class level. Meta-learning approaches (Javed & White, 2019) use task similarity graphs to guide
parameter sharing, while some architectural methods (Yoon et al., 2018) employ graph structures to determine parameter
allocation across tasks.

However, existing graph-based approaches in continual learning have limitations in addressing class-level semantic or-
ganization within individual tasks. Most methods either operate at the task level or require static, pre-defined groupings.
Our approach introduces a novel application of graph partitioning specifically for dynamic class grouping, where we
construct similarity graphs from class prototypes and employ Max-Cut optimization to create semantically coherent clusters.

7
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Ours vs CLG-CBM : Multi-dataset Comparison
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Figure 2. Comparison of accuracy across tasks for different datasets (CIFAR-50-5, CIFAR-10-10, and Flower-10-10) using our proposed
method (solid lines) and the CLG-CBM baseline (dashed lines). The results show that our approach consistently achieves higher accuracy
than CLG-CBM, with the performance gap being more pronounced on CIFAR datasets, while both methods maintain high accuracy on
Flower-10-10.

This enables the decomposition of complex classification problems into smaller, more manageable sub-problems, while
maintaining the flexibility to adapt to new class configurations as they arrive.

A.3. Further Result Analysis.

To further validate the effectiveness of SGC, we performed a detailed comparative analysis against the baseline CLG-CBM
on various challenging continual learning benchmarks. Figure 2 compares the accuracy curves of our method and CLG-CBM
across multiple datasets. Our approach consistently maintains higher accuracy throughout the incremental tasks, with
a notably larger margin on CIFAR-50-5 and CIFAR-10-10. On Flower-10-10, both methods achieve relatively stable
performance; SGC shows a slight advantage, confirming its effectiveness across diverse domains. Figure 3 further illustrates
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Figure 3. Accuracy progression across sequential tasks on CIFAR B-10 Inc-10. The left heatmap shows the performance of the CLG-CBM
model, while the right heatmap illustrates our method. Each cell indicates the accuracy of a model trained up to task ¢ when evaluated on
task 5 (7 < 7).

the progression of accuracy on CIFAR B-10 Inc-10. The heatmaps reveal that our method preserves knowledge from
earlier tasks more effectively than CLG-CBM, resulting in consistently higher accuracy on past tasks. Although our model
sometimes shows slightly lower performance when learning new tasks, its ability to retain previous knowledge is markedly
superior. This observation is further supported by the forgetting score results in Table 3, where our approach achieves a
significantly lower score (10.99%) compared to CLG-CBM (14.32%). This improvement highlights the effectiveness of
our rehearsal-based DSDR strategy, which plays a crucial role in mitigating catastrophic forgetting and maintaining stable
performance across tasks.
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Method Forgetting Score (%)
CLG-CBM 14.32
SGC(Ours) 10.99

Table 3. Comparison of forgetting scores between SGC and CLG-CBM on CIFAR B-10 Inc-10. Note that lower forgetting scores indicate
better performance.

To better understand the contribution of each component, we conduct an ablation study as shown in Table 4. The results
demonstrate that removing DSDR and reverting to SGPA, Semantic Guide Prototype Augmentation (CLG-CBM), or
discarding grouping, both lead to performance drops across datasets. Our complete model consistently achieves the best
results, validating both the effectiveness of DSDR and the grouping strategy.

Method CIFAR100 Food-101 Stanford-cars
B-10Inc-10 | B-101Inc-10 B-14 Inc-14

w/o DSDR (SGPA) 81.46 93.41 89.95

w/o grouping 83.50 93.66 89.73

SGC (Ours) 83.81 94.08 90.36

Table 4. Ablation study on SGC components across datasets.



