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Abstract

Continual Learning (CL) is increasingly important for developing adaptive clinical Al
models; however, its application to histopathology remains challenging due to strict pri-
vacy constraints, expanding diagnostic categories, and substantial staining variability. In
this work, we investigate CL for histopathology image classification under a realistic Class-
Incremental Learning (CIL) scenario using the NCT-CRC-HE-100K dataset. We bench-
mark representative regularization-based, replay-based, architecture-based, and prompt-
based CL methods to provide a comprehensive evaluation of existing approaches for digital
pathology. Among these, prompt-based CL methods have recently emerged as a promising
direction by leveraging a frozen pretrained backbone and lightweight learnable prompts to
mitigate Catastrophic Forgetting (CF) without storing exemplars or requiring task iden-
tifiers during inference. To understand how these methods perform under practical con-
straints, we analyze the impact of exemplar-free requirements, limited buffer sizes, and
training-time budgets across CL paradigms. We further compare four commonly used
normalization strategies and find that dataset-level normalization consistently yields the
strongest performance. Our results show that replay-based methods achieve the high-
est accuracy when sufficient memory and training time are available, while prompt-based
methods provide competitive exemplar-free performance, making them a practical option
for continual adaptation in privacy-sensitive digital pathology workflows.

Keywords: Continual Learning, Catastrophic Forgetting, Prompt-based CL Methods,
Histopathology Images.

1. Introduction

Deep learning has achieved remarkable success in Healthcare, particularly in medical image
analysis for tasks such as cancer diagnosis from histopathology (Alom et al., 2019; Kather
et al., 2018) or disease detection from radiology images (Causey et al., 2019), and various
classification and segmentation tasks across X-ray (Rajpurkar et al., 2017), CT (Causey
et al., 2019), MRI (Ronneberger et al., 2015), and ultrasound (Baumgartner et al., 2017).
Despite these advances, clinical AT models have largely adopted a static ”train-once, deploy-
forever” paradigm, in which models can not continuously adapt to expanding diagnostic
categories, evolving data distributions caused by new acquisition devices, or the gradual
distribution shifts that arise as new patient data are collected over time. In dynamic real
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world healthcare scenarios, clinical Al models increasingly require the ability to continually
integrate new medical information while preserving previously acquired knowledge.

The examination of Histopathology images is widely recognized as the gold standard for
making final diagnoses of various human lesions (Taqi et al., 2018). Histopathology images
are obtained from the microscopic view that captures tissue sections stained with hema-
toxylin and eosin (H&E). A standard histopathology slide often comprises several hundred
thousand individual cells (Shmatko et al., 2022). However, applying CL in histopathology
presents unique challenges. Annotated tissue categories are frequently expanded over time
as new clinical knowledge is established, requiring models to incorporate novel classes with-
out forgetting previously learned ones. Histopathology images show substantial staining
and appearance variability across patients and acquisition sites, which intensifies CF under
incremental updates (Komura and Ishikawa, 2018). Furthermore, strict privacy regulations
often restrict long-term storage of patient data, limiting the feasibility of replay-based CL
methods in medical environments. These challenges motivate the need to explore the effec-
tive CL approaches under the CIL scenario tailored to Histopathology images. Therefore,
NCT-CRC-HE-100K, a large (100,000 images), diverse (9 classes), and well-curated dataset,
is adopted as our benchmark, since it provides diverse tissue types, realistic staining vari-
ability, and wide usage in computational pathology research (Kather et al., 2016).

The conventional CL approaches are commonly grouped into regularization-based, replay-
based, architecture-based, and prompt-based categories (Qu et al., 2021; Kumari et al.,
2025). The first three CL types represent traditional methods, whereas the last type re-
flects more recent developments in CL. Regularization-based methods, including LwF (Li
and Hoiem, 2017), Online EWC (Schwarz et al., 2018), and SI (Qu et al., 2021), con-
strain parameter updates to preserve previous knowledge. Replay-based methods, such as
ER(Rolnick et al., 2019), DER and DER++(Buzzega et al., 2020), alleviate CF by revisiting
stored past samples. Architecture-based methods allocate task-specific model parameters
or dynamically expand the model to prevent interference across tasks. In this work, we
include DyTox (Douillard et al., 2022) as a representative architecture-based method, as it
supports CIL without requiring task identities at inference and offers a more scalable de-
sign compared to earlier expansion-based approaches. Traditional CL approaches also often
train models from scratch as new tasks arrive, making them highly susceptible to CF. With
the rapid progress in large-scale representation learning, pretrained models have recently
gained significant attention in CL (Janson et al., 2022; Zhang et al., 2023). Leveraging
pretrained representations can reduce dependence on replay buffers or strict regularization,
and often enhances both stability on past tasks and plasticity when learning new tasks.

Given these benefits of pretrained representations, prompt-based CL methods naturally
build upon this paradigm by keeping the backbone frozen and learning only a small set
of prompts. Representative examples including L2P (Wang et al., 2022b), DualPrompt
(Wang et al., 2022a), and CODAPrompt (Smith et al., 2023), all of which eliminate the
need to store exemplars or require task identity at inference time. Despite avoiding memory
buffers, prompt-based methods have demonstrated competitive performance compared to
replay-based techniques (Wang et al., 2022b,a; Smith et al., 2023). These properties make
prompt-based CL especially suitable for exemplar-free CL in medical scenarios(Kumari
et al., 2025), especially in digital pathology deployment, where privacy constraints (Kaissis
et al., 2020) prohibit retaining patient data and new diagnostic categories emerge over time.
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We evaluate DER++ and DualPrompt using four normalization strategies: ImageNet
normalization, dataset-level normalization (Tabibu et al., 2019), per-image normalization
(Ulyanov et al., 2016), and Macenko stain normalization (Macenko et al., 2009). Because
histopathology images differ substantially in color and distribution from natural images,
ImageNet normalization is often suboptimal for H&E data. Our results show that DER++
and DualPrompt perform best with dataset-level normalization. Therefore, we adopt this
normalization strategy for all subsequent experiments due to its consistently superior per-
formance across CL methods. Moreover, our experimental results show that larger buffer
sizes and longer training epochs enable replay-based methods (ER, DER, and DER++) to
achieve the highest overall performance. For example, DER++ attains an average accuracy
of 94.77+ 1.82 and a forgetting of 3.66 £ 1.73 when trained for 50 epochs with a buffer size
of 500. In contrast, prompt-based methods such as L2P and DualPrompt attain the highest
training efficiency with only a few epochs, as they require updating only a small set of
prompt parameters rather than the full model. CODA-Prompt, while also a prompt-based
approach, requires more training epochs to reach competitive performance. Among these
prompt-based methods, DualPrompt performs the best in our experiments, achieving an
average accuracy of 88.97 + 0.60 and a forgetting of 7.70 + 1.21 at five training epochs.

Our work provides a comprehensive benchmark of prompt-based CL methods alongside
representative traditional CL approaches for histopathology images classification under the
CIL scenario. The key contributions are summarized as follows:

e We benchmark representative regularization-based, replay-based, architecture-based,
and prompt-based CL methods under a realistic CIL setting on the NCT-CRC-HE-
100K histopathology dataset.

e We compare four commonly used normalization strategies and show that dataset-
level normalization consistently performs best, highlighting its importance for CL in
histopathology images.

o We analyze how buffer size and training epochs affect replay-based methods, and how
small epochs impact prompt-based methods, providing practical insights into their
behavior under real clinical constraints.

2. Related Work

CL aims to enable models to acquire knowledge from a sequence of new tasks without suf-
fering from CF. CF refers to the degradation in performance on previously learned tasks
when a model is updated with new ones (Kirkpatrick et al., 2017). Achieving an effective
balance between stability and plasticity is a main challenge in CL, where stability helps
preserve prior knowledge and mitigates forgetting, while plasticity ensures that the model
can effectively learn new tasks. Among various CL scenarios (Van de Ven and Tolias, 2019)
in the computer vision field, the most challenging and realistic one is the CIL. In a CIL set-
ting, the model must continually learn new classes without knowing its task identity during
inference time. Importantly, CIL has strong clinical relevance in medical imaging, where
new disease categories or tissue types are progressively introduced in real workflows, requir-
ing continuous model updates while maintaining diagnostic performance on prior categories
(Derakhshani et al., 2022; Ayromlou et al., 2024). Motivated by this practical scenario, our
study focuses on CIL for histopathology image classification.
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In recent years, several surveys have provided overviews of CL from both the theoretical
foundation and application-oriented perspectives. Qu et al. (2021) presents a taxonomy-
oriented survey of CL theory, focusing on fundamental challenges such as CF and stability-
plasticity trade-offs. Although it thoroughly discusses evaluation protocols and method-
ological frameworks, it does not delve into domain-specific applications. Wang et al. (2024)
further broadens the scope by covering a wide range of CL techniques across multiple
domains, including computer vision, reinforcement learning, and natural language process-
ing. Although highly comprehensive in scope, this review remains theoretical and domain-
general, lacking discussion on clinical deployment or regulatory considerations. Kumari
et al. (2025) provides a comprehensive overview of CL methods for medical imaging analy-
sis, emphasizing the need for CL in medical settings, where models must adapt to evolving
data distributions and new tasks without suffering from CF. While these surveys outline
the development of CL methods and highlight the importance of medical applications, they
do not include empirical evaluations on real medical datasets.

Wu et al. (2024) examines core CL approaches and examines their suitability for dif-
ferent learning scenarios. This survey uses medical imaging examples to illustrate each
learning setting and discusses domain-specific challenges in detail, along with commonly
used benchmark datasets. They conducted an evaluation of CL methods on MedMNIST
(Yang et al., 2023) and reported their comparative performance. Their findings highlight
the advantages of exemplar replay and the emerging potential of prompt-based models as
exemplar-free alternatives in privacy-sensitive medical environments. However, this work
only focuses on low-resolution (28 x 28) datasets and does not address the unique chal-
lenges of histopathology images, such as staining variability and high-resolution (224 x 224)
tissue structures. Moreover, prior benchmarks do not investigate how normalization strate-
gies influence CL performance, nor do they provide detailed analyses of training-time and
memory constraints across CL method families. In contrast, our work conducts a com-
prehensive empirical evaluation on the large-scale NCT-CRC-HE-100K dataset, examines
four normalization strategies, and offers method-specific insights into both replay-based and
prompt-based CL approaches under realistic clinical constraints.

Lenga et al. (2020) investigate two regularization-based CL methods, containing EWC
(Kirkpatrick et al., 2017) and LwF (Li and Hoiem, 2017), within a domain-incremental
learning (DIL) scenario using two Chest X-ray datasets. Their experimental results show
that Joint Learning achieves the highest performance, as expected, while LwF provides
competitive results due to the relatively small domain shift across datasets. However, the
CL methods evaluated in their study represent early and relatively simple baselines, and
therefore do not reflect the capabilities of more advanced, state-of-the-art CL approaches
considered in our work. Moreover, their experiments focus on DIL, where class labels
remain fixed across domains, whereas we study the more challenging CIL setting in which
new classes must be learned over time without forgetting previous ones. In addition, our
work conducts a deeper empirical analysis relevant to clinical deployment, we compare four
normalization strategies to determine how image preprocessing affects CL performance, and
we examine how practical resource constraints, such as limited buffer sizes and training-
time budgets, impact different families of CL. methods. These analyses provide insight into
which CL approaches are most suitable for real-world clinical Al environments.
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3. Methods

3.1. Prompt-Based Methods

In this section, we introduce a family of prompt-based CL methods, including L2P, Du-
alPrompt, and CondaPrompt. These approaches are motivated by the success of prompt
learning in Natural Language Processing (NLP) (Liu et al., 2023). Prompt learning incor-
porates additional instructional and learnable tokens to provide task-specific guidance for
a pre-trained model. During task adaptation, the backbone network remains frozen and
operates as a generic feature extractor (Wang et al., 2022a). A set of prompt parameters
P € R»*P where L, denotes the prompt length that each prompt has L, tokens, and D
is the embedding dimension of each token. Then, it will be prepended to the input tokens
to produce an augmented embedding that is fed into the model for downstream prediction.
As lightweight and modular components, prompts encode high-level task information and
condition the model’s behavior without requiring full fine-tuning of the backbone.

Learning to Prompt (L2P) is a prompt-based CL method that introduces a pool of
learnable prompts as external memory while keeping the pre-trained ViT backbone frozen
(Wang et al., 2022b). For each input image, L2P uses the pre-trained ViT model on Ima-
geNet21K to obtain an embedding feature representation x.. Next, a query—key matching
mechanism is then employed to dynamically select prompts. Specifically, each prompt F;
is related to a learnable key k; € RP#, forming a prompt pool (K;, P;) Z]\i - The query fea-
ture g(z) is extracted from the class token output after feeding the input images to the
backbone. Then, the similarity scores between the query and keys are computed using the
cosine distance function to select the top-N keys, see s; = cos(q(z), k;). Therefore, the se-
lected prompts will be added before the input tokens to form the prompted input sequence,
xp = [Ps;, ..., Ps ] for 1 < N < M, which is passed through the model and classifier.

L2P optimizes its prompts, keys, and classifier via a combined objective consisting of a
supervised classification loss and a key—query alignment loss:

L= L(gs(f2(xp)),0) + A > ¥(a(2), ks,) (1)
Koo

In Eq.1, kg, refers to the selected prompt keys, 7 is a similarity-based surrogate loss
encouraging keys to be updated closely to query features, so when meeting the similar
images, the keys will be chosen, and A is a weighting factor to balance the classification
loss and key learning loss. L2P decouples prompt learning strategy and query strategy to
make it effectively learn shared prompts and task-specific prompts. In further, L2P expands
task-specific capacity and significantly mitigates CF, achieving a strong stability—plasticity
balance without replay.

Dual Prompting for Rehearsal-Free Continual Learning(DualPrompt) extends
L2P by introducing two complementary types of prompts to address both generic and task-
specific knowledge in CL (Wang et al., 2022a). This method also keeps the pre-trained ViT
backbone frozen and uses a prompt pool containing the general prompts that capture trans-
ferable knowledge shared across tasks and expert prompts that specialize in task-specific
information. Prompts are injected at carefully selected MSA layers via a configurable
prompting function.
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In more detail, a G-prompt g € RFs*P is globally shared across all tasks throughout

the CL process and attached to selected transformer layers to encode task-invariant repre-
sentations. In contrast, E-prompt E = etthl, where e, € RF*P is associated with each
Task-tand specializes the model to task-unique characteristics. E-prompt is paired with
a learnable key enabling the most relevant expert prompt via cosine-similarity matching
during inference when task identity is unknown. This retrieval mechanism is conceptu-
ally inspired by the query—key strategy in L2P, but differs in that keys represent task-level
semantics rather than individual prompts.

After learning prompts, it is crucial to determine where and how to insert them into the
MSA layers, since different transformer layers capture different types of knowledge (Raghu
et al., 2021). Therefore, the placement and prompting function directly influence how
effectively prompts interact with the backbone representations. G-Prompts and E-Prompts
are attached to separate, non-overlapping depth ranges to better align with shared versus
task-dependent knowledge. In addition, DualPrompt studies two prompting functions: one
is a similar way as L2P to prepend prompts to @, K,V inputs from MLA layer (Prompt
Tuning), the second is to divide prompts into px, py and prepend only to K, V.

To achieve a balance between stability and plasticity, DualPrompt learns the prompts
and classifier head through a combined objective. The overall loss consists of a supervised
classification term and a constraint term encouraging effective prompt utilization:

L= L(f¢(f97 et(x))ay) + )‘Lmatch(xy kt)al' € Dy (2)

The first term in Eq.2 is the cross-entropy loss, while the second term L,,atch makes
query features closer to the correct task key for future retrieval. Here, k; is the task key, g
is the G-Prompt parameters, e; is the E-Prompt for Task-t, ¢ is the classification head, A
controls the balance between the two loss terms.

By decoupling shared and specialized knowledge pathways, DualPrompt improves learned
prompt allocation and enhances cross-task generalization compared to L2P. This dual-
prompt structure supports robust CL without replay, offering a stronger stability—plasticity
trade-off under CIL.

COntinual Decomposed Attention-based Prompting(CODA-Prompt) (Smith et al.,
2023) is an exemplar-free CL method, similar to L2P and DualPrompt, and is likewise cate-
gorized as a Prompt-based CL approach. A key distinction between CODA-Prompt and L2P
is that all learnable parameters in CODA-Prompt, including prompt components, keys, and
attention vectors, are optimized jointly using the standard classification loss, rather than
splitting into two separate loss optimizations. This design enables more effective end-to-end
optimization and contributes to improved performance.

Instead of selecting a single prompt from a pool, CODA-Prompt introduces a set of
learnable prompt components and composes the final prompt as a weighted summation of
these components:

P=> anPy (3)

In Eq. 3, P € REl»n*PXM denotes the collection of prompt components, P,, is the m — th
component, and M denotes the number of components. The weighting vector « is computed
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for each input according to the similarity between the input query and component keys,
optionally modulated by attention vectors, enabling CODA-Prompt to construct input-
adaptive prompts that encode task-relevant knowledge.

To refine its prompt selection process, CODA-Prompt applies a learnable attention
vector to the query embedding. This element-wise interaction highlights features relevant
to each prompt component. Then, the similarity between this new type of query and key
vectors determines the mixing weights «,,

a=7(q(x) ©AK)=7(q(x) © A1, K1), ..., v(q(x) © Apr, Knr) (4)

Furthermore, to reduce interference across tasks, CODA-Prompt adds orthogonal con-
straints on any matrix of prompts, keys, and attention vectors, the loss function is:

L= ﬁ(fqﬁ(fG,P,K,A(x))v y) + A(Acortho(P) + Eortho(K) + Eortho(A)) (5)

where the first term is the cross-entropy loss, the remaining terms are orthogonality regu-
larizers that encourage prompt-related parameters to span distinct subspaces and thereby
reduce representational overlap across tasks. Here, # denotes the frozen parameters of the
pre-trained backbone, and ¢ represents the learnable parameters of the linear classification
head for the current task.

3.2. Other Compared Methods

CL has been widely explored in medical image analysis using various paradigms, including
regularization-based approaches such as SI, replay-based approaches such as ER, DER,
and DER++ (Singh et al., 2023). In addition, architecture-based methods like DyTox
represent a recent direction in CL. However, despite their promising results in the general
vision domain, DyTox has not yet been evaluated in medical imaging. To provide a more
comprehensive and fair comparison with prompt-based approaches, we introduce DyTox
into the medical image CL setting for the first time.

Online EWC (Schwarz et al., 2018) is a scalable modification of the EWC (Kirkpatrick
et al., 2017), designed to regularize deep learning model parameters without increasing
memory overhead. Therefore, it is a regularization-based CL method (Kumari et al., 2025).
Unlike in standard EWC, which calculates a separate Fisher information matrix for each
task, Online EWC maintains a single consolidated Fisher matrix that is updated after each
task. Moreover, it uses a decay factor v to allow the contribution of older tasks to gradually
diminish when new tasks are introduced. This way provides a balance between retaining the
stability of important knowledge from previous tasks and maintaining plasticity for learning
new ones(Kong et al., 2022), while ensuring memory usage remains constant regardless of
the number of tasks.

LwF (Li and Hoiem, 2017) is a knowledge-distillation-based CL method (Qu et al., 2021)
that regularizes the model by encouraging its prediction on earlier tasks to remain similar to
those soft targets generated by the previous model, while simultaneously optimizing the new
task loss. The distillation loss function helps preserve learned knowledge through shared
feature representations and a unified network architecture, alleviating the CF issue without
relying on replay data.
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Synaptic Intelligence (SI) is a regularization-based method (Qu et al., 2021) that miti-
gates CF by estimating how important each model parameter is for previously learned tasks
(Zenke et al., 2017). During training, SI accumulates the contribution of each parameter
to loss reduction by integrating the product of parameter updates and their corresponding
gradients, following a path-integral formulation. These accumulated scores are normalized
to form importance weights, which represent how crucial each parameter is for retaining
past knowledge. When learning a new task, SI introduces a quadratic regularization term
that penalizes changes to parameters with high importance, while allowing less critical pa-
rameters to adapt freely. Unlike Elastic Weight Consolidation (EWC) (Kirkpatrick et al.,
2017), SI performs this computation online without requiring additional passes over old
data or storage of the Fisher matrix, leading to an efficient and memory-light mechanism
for knowledge retention across sequential tasks.

Experience Replay (ER) (Rolnick et al., 2019) is a replay-based CL method (Qu et al.,
2021), which maintains a small memory buffer to store raw input images and the corre-
sponding hard labels from previous tasks. During the learning of a new task, the model
is trained on current task samples in combination with a small batch of stored samples
from past tasks. By periodically revisiting examples from earlier tasks, ER preserves previ-
ously acquired knowledge through direct supervision and effectively mitigates the CF issue.
ER leverages the Reservoir sampling strategy (Vitter, 1985) to ensure that every training
example has an equal probability of being stored in the replay buffer, thereby preventing
early-task bias. Under this mechanism, ER typically performs well as long as memory
capacity is sufficiently large and replay coverage is adequate.

Dark Experience Replay (DER) (Buzzega et al., 2020) is also a replay CL method (Qu
et al., 2021) that extends ER by combining rehearsal with knowledge distillation, using both
input samples and their stored logits to further mitigate forgetting. During training on each
task, DER maintains a memory buffer of input images and their soft-target logits generated
from the old model, and jointly optimizes the standard supervised loss on current data and a
knowledge distillation loss on replayed samples that matches the model’s predictions to the
stored logits of replayed samples. By preserving the prior model’s output distribution, rather
than only relying on hard labels, DER retains richer learned information from old tasks and
achieves more robust knowledge retention. DER++ is an extension of DER, proposed
by the same authors (Buzzega et al., 2020), which provides an additional supervised loss
on replayed memory images, integrating both hard-label replay and soft-logit distillation.
This dual-objective design reinforces past knowledge more effectively and improves overall
stability compared to DER. It addresses the issue of highly biased logits resulting from a
sudden distribution shift caused by the reservoir sampling method.

Dynamic Token Expansion (DyTox) is an architecture-based CL method, specifically
designed for the CIL scenario (Douillard et al., 2022) because the transformer architecture is
progressing when a new task is introduced to the model. DyTox separates feature extraction
and task-specific adaptation using shared Self Attention Blocks (SAB) and Task Attention
Blocks (TAB). When a new task is introduced to the model, Dytox dynamically expands
a set of task tokens and assigns a new classifier head, while the rest of the model remains
shared. This dynamic expansion enables the model to learn new classes without forgetting
previously learned knowledge. Rather than using a class token as in ViT (Dosovitskiy,
2020) along with the patch tokens, DyToX adopts the idea that not using a class token
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in the beginning from CaiT (Touvron et al., 2021) because it can avoid using the learned
weights to optimize two contradictory objectives that extracting features from patches and
learning useful information for the learning classifier. This aims to better capture task-
specific information and reduce optimization conflicts across tasks.

To alleviate the CF issue and encourage diversity among task tokens, DyTox introduces
two auxiliary losses, including the distillation loss to prevent forgetting the information
from past tasks and the divergence loss to keep the new task token distinct and expressive.
This way can make it find a good balance between plasticity and stability. Although DyTox
achieves strong performance on natural image benchmarks, to have a remarkable perfor-
mance on medical image datasets, its architectural expansion strategy requires a large input
resolution and training images. As a result, its scalability to small-patch medical images
remains limited, making it important to evaluate its transferability in real clinical domains
such as histopathology.

4. Dataset Description

To verify the effectiveness of advanced CL methods on medical images, we utilize the
NCT-CRC-HE-100K dataset, which consists of 100,000 non-overlapping H&E-stained im-
age patches of human colorectal cancer and normal tissue (Kather et al., 2018). Each patch
is extracted from a whole-slide image and represents a localized tissue region such as tu-
mor epithelium, healthy colon mucosa, connective tissue, immune cell infiltrates, adipose
tissue, or background regions. The dataset includes nine histological classes, for example,
adipose tissue (ADI), background (BACK), and cancerous colon epithelial tissue (TUM)
images. Representative images are shown in the Figure.1l. As one of the most widely used
histopathology datasets for colorectal cancer research, supporting both tumor detection and
multi-class colon tissue classification, and enabling robust training and evaluation of deep
neural networks on large-scale, patch-level H&E images (Hamida et al., 2021; Ghosh et al.,
2021; Sharkas and Attallah, 2024). All images are provided in TIFF format at a resolution
of 224 x 224 pixels with 8-bit depth.

5. Experiments Design and Configuration

We utilized 10 different CL. methods: 3 regularization-based methods: SI, Online EWC,
LwF; 3 replay-based methods: ER, DER, DER++; 1 architecture-based method: DyTox; 3
prompt-based methods: 12p, DualPrompt, CODA-Prompt. All implementations are based
on the Mammoth framework (Cossu et al., 2021) that is widely used in multiple works
(Frascaroli et al., 2024; Panariello et al., 2025; Buzzega et al., 2020; Boschini et al., 2022),
which offers unified training pipelines, evaluation protocols, and memory-buffer manage-
ment for CL research. For Dytox experiments, we used the officially released code by the
authors, since Mammoth does not include it. Figure.2 displays the overview of the exper-
imental pipeline used to evaluate CL methods on the NCT-CRC-HE-100K histopathology
dataset. This workflow includes preprocessing, task construction, selection of CL strategies
(regularization-based, replay-based, architecture-based, and prompt-based), and evaluation
using average accuracy and forgetting. We split the images from nine classes into three se-
quential tasks, each containing three classes. At each training stage, a new task is introduced
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NCT-CRC-HE-100K Dataset
1_BACK

Figure 1: Histopathology Images from NCT-CRC-HE-100K Dataset

into the model, followed by the second and third tasks in a continual fashion. This CIL
setup mimics a realistic clinical environment where new diagnostic tasks emerge over time.
All methods are trained with a batch size of 64. A summary of hyperparameters is provided
in Table 1. All reported results are presented as mean + standard deviation over three inde-
pendent runs. All of the data can be found in https://github.com/AILabLLL/CLMedical

In order to study the best performance of these methods, we used their paper suggested
parameters and modified them based on the method’s characteristics. Firstly, for all of
the prompt-based methods, we used the ViT-B/16 model pre-trained on ImageNet-21k and
finetuned on ImageNet-1k, as recommended in L2P, DualPrompt, CODA-Prompt. Since
the ViT backbone is a pretrained model, only a small number of training epochs is typically
required for prompt-based methods. In practice, these methods usually train for 5, 10, or
20 epochs. For example, in the official implementation of L2P, the best performance is
obtained with only 5 training epochs. Following this convention, we evaluate the methods
within this small epoch range. For the learning rate, usually the prompt-based model
utilizes a higher learning rate, such as 0.03 or 0.001 in the released code. That is because
prompts are very small modules to be trained while the backbone remains frozen, making
prompt optimization stable even under large learning rates. To ensure a fair comparison
among all replay-based methods, we adopt ResNet-18 as the backbone architecture trained
with the SGD optimizer, following the original design choice of the DER method (Buzzega
et al., 2020), which also utilizes ResNet-18 in its experiments.

5.1. Data Normalization Strategies and Pre-processing Steps

Data Normalization is a fundamental pre-processing step in computer vision, as it im-
proves the stability, efficiency, and performance of neural networks. Four commonly used
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Figure 2: Experimental Pipeline for Continual Learning on the NCT-CRC-HE-100K
Dataset

Table 1: Training hyperparameters for different CL methods

Method Backbone Optimizer Learning Rate
ER/DER/DER++  ResNet-18 SGD 0.03
DyTox convit Adam 0.0005
L2P/DualPrompt ViT-B/16 (frozen) Adam 0.03
CODA-Prompt ViT-B/16 (frozen) Adam 0.001
SI/LwF/EWC ResNet-18 SGD 0.001

normalization strategies include ImageNet normalization, Dataset-level normalization, Per-
image normalization, and Macenko stain normalization. Some common computer vision
tasks accept ImageNet normalization values, where

= [0.485, 0.456, 0.406], o = [0.229, 0.224, 0.225]

However, the data distribution of medical images, particularly histopathology images, differs
from ImageNet images in color statistics, staining variability, and structural appearance. So
we decided to use a dataset-level normalization strategy to calculate the mean and standard
deviation from our medical training dataset, ensuring consistent input distribution across
samples, where

p = [0.7408, 0.5332, 0.7060], o = [0.1645, 0.2173, 0.1572]

Per-image normalization normalizes each image independently using its own mean and stan-
dard deviation, reducing brightness and contrast variability across samples. Macenko stain
normalization aligns the color appearance of H&E histopathology images by estimating and
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matching stain vectors in optical density space. To evaluate the effect of different nor-
malization strategies, we compare two representative methods: DualPromp and DER++,
under the proposed dataset-level normalization versus other normalization strategies, see
experimental results in Section 6.

In addition, we pre-process the histopathology images from the NCT-CRC-HE-100K
dataset by first resizing them from 224 x 224 to 256 x 256 using bicubic interpolation, followed
by a random crop back to 224 x224 to introduce spatial variability and improve the model’s
generalization ability. Horizontal flipping is also applied as a standard data-augmentation
step. After pre-processing, we compute the dataset-specific mean and standard deviation
for each RGB channel using the training images, and use these statistics to normalize the
input data.

6. Result Analysis

In the CL field, average accuracy alone is not sufficient to characterize the efficiency of a
specific CL method, as it does not explicitly capture the degree of the CF issue. Forgetting
(Byun et al., 2023) serves as a complementary metric that is used to quantify how much
performance on previously learned tasks degrades after training on new ones. In general,
higher final accuracy with lower forgetting represents stronger CL performance.

To assess the effect of normalization strategies on the performance of the CL method,
we evaluated two representative methods for DER++ and DualPrompt under four com-
monly used normalization types. Table 2 demonstrates the corresponding average accura-
cies. Epochs=50 and Buffer size=500 for DER++, Epochs = 5 for DualPromt. Based on
the experimental results, we can observe that the Dataset-level normalization consistently
achieves the highest performance for both the DER++ and the DualPrompt methods, indi-
cating that normalization aligned with the dataset’s inherent distribution is more effective
than ImageNet-based as well as the other two normalization types.

Table 2: Effect of Normalization Type on the Performance of Representative CL Methods
CL Method Macenko Per-image ImageNet Norm Dataset Norm
DER++ 73.95+10.11 92.88 +1.83 53.28£37.08 94.77 +1.82
DualPrompt 65.72+2.27 79.53 +£2.52 86.25+ 1.74 88.97 + 0.60

For examining how buffer size and number of training epochs influence the effective-
ness of replay-based methods, we evaluate ER, DER, and DER++ under combinations of
epochs (20, 50) and buffer size (200, 500). As shown in Table 3, DER and DER++ exhibit
a clear trend that increasing both the number of epochs and buffer size improves their ac-
curacy while reducing forgetting, with the best performance achieved when Epochs = 50
and Buffer size = 500. ER also benefits from larger buffers and longer training. Overall,
DER++ provides the strongest performance when sufficient buffer and training time are
available, whereas ER remains competitive under strict resource limitations.

To verify whether prompt-based methods require only a small number of epochs to
achieve good generalization, we investigate L2P, CODA-Prompt, and DualPrompt at 5, 10,
and 20 epochs. As shown in Table 4, DualPrompt achieves the highest average accuracy
and lowest forgetting across the evaluated settings. Meanwhile, both L2P and DualPrompt
reach their best performance at 5 epochs, indicating that these methods do not require
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Table 3: Effect of Buffer Size and Training Epochs on the Performance of Replay-Based CL

SHORT TITLE

Methods

Method Epochs Buffer size Avg. Acc Forgetting
20 200 68.69 + 16.83 32.37 4+ 13.18

ER 20 500 73.67 + 25.95 29.21 4+ 27.44
50 200 87.28 £2.81 16.20 + 7.16
50 500 95.07 =+ 0.50 7.15 + 0.72
20 200 48.74 £+ 35.34 52.33 + 42.50

DER 20 500 92.79 £ 2.38 8.04 £ 4.35
50 200 82.44 + 11.94 22.26 + 17.03
50 500 93.99 £ 0.74 5.66 + 2.53
20 200 73.52 + 28.31 28.65 4+ 32.10

DER++ 20 500 75.70 + 27.65 26.87 4+ 32.04
50 200 90.85 £ 1.14  9.67 £ 3.25
50 500 94.77 + 1.82 3.66 + 1.73

extensive training to generalize effectively on histopathology data. This behavior is con-
sistent with the design of L2P and DualPrompt, both of which update a relatively small
set of prompt parameters while keeping the backbone frozen, allowing them to converge
quickly with only a few training epochs. In contrast, CODA-Prompt employs a differ-
ent prompt-composition mechanism that benefits from additional training, which explains
why its performance continues to improve at 20 epochs. The experimental results suggest
that while most prompt-based methods can perform well with limited training, the optimal
number of epochs varies across different prompt designs.

On the NCT class-incremental benchmark, regularization methods such as SI, LwF, and
EWC still exhibit substantial catastrophic forgetting, even after extensive hyperparameter
tuning. Increasing the regularization strengths to favor previously acquired knowledge (e.g.,
a = 2.0 for LwF, A = 50 for EWC, and ¢ = 2.0 for SI) reduced plasticity but did not
prevent collapse, with models showing near-complete forgetting of earlier tasks. These
results suggest that, at least on NCT, parameter-space regularization alone is insufficient
to address the distribution shift and class interference inherent to CIL.

We additionally evaluate DyTox on the NCT-CRC-HE-100K dataset to provide a more
comprehensive comparison. Under 500 training epochs with a memory buffer of 1000,
DyTox achieves an average accuracy of 25.09 and a forgetting of 8.59 on the histopathology
classification tasks. These results indicate that DyTox does not perform effectively on
this dataset in our experimental setting. Furthermore, by jointly examining accuracy and
forgetting, we observe that a low forgetting value alone does not necessarily imply strong
overall performance. A reliable CL method should exhibit both low forgetting and high
average accuracy, as these two metrics together provide a more complete assessment of
continual learning effectiveness.

When ample training time and a sufficiently large buffer are available, replay-based
methods tend to offer superior performance. In contrast, when rapid convergence is needed
or the use of a memory buffer is impractical, prompt-based methods provide a more suitable
alternative.
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Table 4: Effect of Training Epochs on the Performance of Prompt-based CL. Methods

Method Epoch Avg. Acc Forgetting
5 83.38 £ 1.39 11.42 + 1.97
L2P 10 79.67 £4.21  19.95 + 5.30

20 82.92 £ 251 14.80 + 3.47

5 82.28 £ 2.63  12.40 £ 3.52
CODA-Prompt 10 82.04 + 3.26  14.89 + 5.47
20 84.35 £ 2.75 9.82 + 1.51

) 88.97 £ 0.60 7.70 + 1.21
DualPrompt 10 88.50 £ 1.14 9.46 + 1.27
20 87.01 £ 1.33 7.95 £+ 2.62

7. Discussion

According to all of the experiments, we can observe that regularization-based methods
demonstrate noticeably lower performance compared to replay-based and prompt-based
techniques. This is consistent with many existing papers that traditional regularization
approaches often struggle on modern CL benchmarks, implying that they may be less
suitable for even more complex medical imaging tasks.

In addition, our experiments also emphasize that the normalization strategy plays a
substantial role in CL application for histopathology images. In particular, dataset-level
normalization consistently outperforms the other normalization methods. This suggests
that aligning data preprocessing with the underlying distribution of medical images is im-
portant for achieving stable and robust CL.

Ultimately, replay-based methods can achieve strong upper-bound performance when
memory resources, training time are not constrained, and when accessing past samples is
permitted in real-world applications. However, in realistic clinical environments, such as-
sumptions are often impractical, as mentioned earlier, privacy restrictions frequently limit
the storage of patient data, making it impossible to maintain replay buffers. In such sit-
uations, exemplar-free CL strategies become very crucial, for instance, prompt-based CL
methods. They only train a small set of prompt parameters to guide the model to keep
adapting to new tasks without forgetting previously learned knowledge using the frozen
backbone and fine-tuning it.

8. Conclusion

In our study, the experimental results indicate that prompt-based CL methods provide a
practical exemplar-free alternative to replay-based approaches for clinical deployment, par-
ticularly in histopathology CIL settings where patient privacy must be preserved, and data
arrive sequentially. In addition, we show that normalization choice is crucial for achiev-
ing stable and robust CL performance on medical images, with dataset-level normalization
offering the most consistent improvements across all evaluated methods.
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