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Abstract

Existing class-incremental learning (CIL) methods perform poorly for the diagnosis
of medical images. Some CIL approaches require storing exemplars, which raises pri-
vacy and storage concerns. Others rely on unconditioned generative replay, compromis-
ing discriminative power. To overcome these issues, we propose a new CIL framework
for chest x-ray (CXR) diagnosis that combines prompt tuning with distribution-guided
generative replay at the feature level. The prompts are initialized with semantically rich
embeddings and refined through training. A variational autoencoder captures the fea-
ture distribution in latent space, enabling past knowledge retention without storing raw
data. To balance stability and plasticity, parts of the network are frozen after the initial
phase, while others adapt to new classes. In each session, the model learns new classes
using real data and replays the synthetic features of old ones to reduce forgetting. A
classification module picks the closest class prompt using cosine similarity. We evaluate
our method on public CXR datasets. It outperforms prior CIL methods in accuracy and
retention. We achieve up to 9% improvement in average accuracy compared to SOTA
methods.

1 Introduction

Chest x-ray (CXR) diagnosis faces growing challenges as respiratory diseases evolve due to
changing pathogens, demographics, and environmental conditions. Recent discoveries like
LayV [3] and HKUS5-CoV-2 [26] highlight the necessity for adaptable diagnostic systems.
Disease prevalence also varies geographically. Traditional deep learning models require
full retraining to incorporate new classes, which is often infeasible in medical settings due
to privacy regulations and limited expert annotations. Retraining also risks overfitting to
new data and catastrophic forgetting. Class-incremental learning (CIL) frameworks address
this by learning new classes while preserving past performance. Figure 1 demonstrates our
proposed CIL method on the CheXpert (CXP) [7] dataset over four sessions, showing the
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Task 1 Task 2 Task 3 Task 4
. op-4 Prediction Score op-4 Prediction Score Top-4 Prediction Score Top-4 Prediction Score
Ground Truth £ ‘
Pleural Effusion:0.59 Pleural Effusion:0.56 Pleural Effusion:0.52 Pleural Effusion:0.64
- Edema: 0.15 Cardiomegaly: 0 Consolidation: 0.18 Pneumonia:0.23
Pleural Effusion N . P . p .
Lung Opacity: 0.15 Edema: 0.15 Atelectasis:0.1 Consolidation: 0.0
No Finding: 0.0 Enlarged_Cardio: 0.12 Cardiomegaly:0.13 Edema: 0.06

Figure 1: Example of prior knowledge retention in our methodology. An image from the
CheXpert (CXP) dataset with the ground truth label Pleural Effusion is shown. The model,
trained in a CIL setting, predicts based on the highest confidence score. The top-1 predicted
labels after Task 1 to Task 4 are highlighted in bold, demonstrating consistent correct pre-
dictions across all tasks.

model’s ability to retain knowledge of the “Pleural Effusion™ class despite learning new
ones, as it consistently predicts the correct label with the highest score.

Recent CIL efforts are broadly categorized as non-prompt-based and prompt-based meth-
ods. Non-prompt-based approaches, including replay-based [2, 23] and regularization-based
[15] methods, either require storing raw images or exhibit linearly increasing memory de-
mands with more tasks [34]. Conversely, prompt-based CIL methods utilize lightweight
learnable parameters (prompts) to guide task-specific adaptation. However, most existing
prompt-based methods [25, 32] heavily depend on pretrained models for learning represen-
tative embeddings, making them less suitable for medical image diagnosis.

To address these limitations, we propose a prompt-driven generative replay framework
specifically for class-incremental chest x-ray (CXR) diagnosis. Our prompt-based network
adapts to new data by learning small, task-specific prompts, conserving memory, and re-
ducing overfitting. We combine prompt tuning with distribution-guided generative replay,
using a Variational Autoencoder (VAE) to model the latent feature distribution and synthe-
size representative features for past classes. By freezing the encoder after the initial session
for stability and adapting the synthesized features via learnable prompts and an MLP for
plasticity, our method effectively balances knowledge retention and adaptation.

Following recent findings on the utility of semantic priors [18], we design prompts that
are semantically rich. We initialize the prompt using the BioBERT model [12], trained on
biomedical texts, to align learning with radiological knowledge. During training, prompt
refinement captures semantic cues for class-discriminative CXR features. Once learned,
prompts are stored to preserve knowledge across tasks. Our design consists of three modules:

1. Distribution & Prompt Learner (DPL) Network: A VAE that models the distribu-
tion of input images, and helps in learning class-specific, semantically rich prompts.

2. Classification Network: A lightweight module that maps input features to the query
space and retrieves the most relevant class-specific prompt using cosine similarity.

3. Generative Replay Network: During each incremental session, synthetic features of
old classes are generated using stored latent parameters and class prompts, eliminating
the need to retain original training data.

In the initial session, we train the VAE to capture the data distribution and learn prompts
using real data from a subset of classes called the base class. In each subsequent session, new
class prompts are learned using real images, while synthetic feature replay for old classes
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Figure 2: The block diagram of our method with an image encoder Ej, and decoder D;. (a)
The Distribution & Prompt Learner (DPL) network is built on VAE. It learns class-specific
prompts (p.) and captures the data distribution using LEmNet (latent distribution ut,X), IM-
Net (intermediate space projection), PTNet (semantic embedding to prompt), and FRNet
(feature reconstruction via intermediate features and prompts). After initial training, the im-
age encoder (Ej) and LEmNet are frozen to retain past knowledge, while other components
adapt to new classes. (b) To preserve past knowledge, synthetic features are generated using
stored prompts (from Prompt Pool P) and the frozen latent distribution. (c) Classification
involves computing the cosine similarity between a query vector g and learned prompts p.

prevents forgetting. Unlike image replay, the generative feature replay learns a simplified
feature distribution [28]. The encoder is frozen after the initial session to avoid distributional
drift across tasks, while prompts and intermediate representations are updated to accom-
modate new classes. The prompt selector is progressively fine-tuned to match queries with
prompts from an expanding pool. Our contributions are as follows:

* We propose a unified framework for class-incremental CXR diagnosis that combines
trained semantic prompt tuning and distribution-guided generative replay.

* We develop a novel feature-level replay mechanism that synthesizes discriminative
feature representations from stored latent distributions conditioned on class-specific
prompts, thus avoiding storage of raw images.

* We introduce a classification network that dynamically retrieves class-relevant prompts,
enabling accurate classification across incremental sessions.

¢ QOur method outperforms both prompt-based and non-prompt-based baselines in re-
taining old knowledge and learning new disease classes on benchmark CXR datasets.

The remainder of this paper is structured as follows: Section 2 discusses related work in CXR
diagnosis. Section 3 details the proposed approach. Section 4 presents the experimental
setup and results. Finally, Section 5 concludes the paper.
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2 Related Works

Class-incremental learning allows models to learn new classes sequentially while retain-
ing prior knowledge. Existing strategies include replay-based methods [8, 24] that store or
generate past data, regularization-based approaches [5, 33] that constrain weight updates,
dynamic expansion methods [4, 17] that adapt model capacity, and prompt-based methods
like [31] and [30] (a subset of dynamic expansion) that learn visual prompts.

While effective generally, these methods have limited application in chest x-ray (CXR)
diagnosis, where incremental learning mainly addresses domain adaptation with a fixed class
set but shifting data distribution [13, 20]. To our knowledge, only Akundi et al. [1] proposed
a CIL method for CXR, but it evaluated only five single-class tasks, limiting scalability.
Furthermore, most replay methods require raw data access, raising privacy concerns and op-
timization challenges in medical contexts. Dynamic expansion increases memory demands,
and prompt-based approaches often need large pre-trained models for effective initialization
[27], which may not be available. These limitations hinder the direct use of current CIL
techniques in privacy-sensitive domains like healthcare.

Our approach addresses these shortcomings. It is one of the first approaches to investigate
CIL in a general multi-class setting with a large number of classes for CXR diagnosis. By
integrating generative replay with prompt tuning, we aim to alleviate catastrophic forgetting
while protecting patient privacy.

3 Methodology

In class-incremental learning (CIL), a key challenge is balancing the retention of past knowl-
edge with the effective learning of new information. Preserving prior knowledge requires
stable representations of old data as new tasks emerge. Concurrently, the model must adapt
to new tasks by developing flexible representations for new classes as their data becomes
available. Utilizing semantic information about classes can aid in this learning process. To
this end, we propose a modular framework combining prompt tuning and generative replay,
employing a Distribution & Prompt Learner (DPL) module based on a Variational Autoen-
coder [11] (VAE) to capture the data distribution in the latent space. This framework enables
the generation of representative features for old classes without the need to store raw images.

Our model is trained through multiple sessions. In Session 0, the model is trained on a
subset of classes (base classes). These base classes are used to learn the data distribution
and semantically rich prompt embeddings corresponding to the base classes. In subsequent
sessions, we introduce new classes called incremental classes to learn prompts corresponding
to new classes. The process of learning the distribution of data is frozen after Session 0.
This facilitates the retention of past knowledge. Simultaneously, allowing the IMNet to
learn continuously, along with the semantically rich embeddings (prompts) from the PTNet,
allows the model to adapt to new classes. This design choice is a necessary trade-off to
prevent catastrophic forgetting. These prompts are initialized through semantic embedding
and refined through training. Once the prompts are learned, we store them so that they do
not lose the learned class information. During inference, a classification module finds the
most similar prompt for a given input using cosine similarity.
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3.1 Model Architecture

Our method consists of an image encoder that extracts high-dimensional feature representa-
tions from input images, a DPL network built on a VAE architecture to learn semantically
rich class-specific prompts and capture the underlying data distribution, and an image de-
coder to reconstruct the input image. A generative replay network is added to generate data
of past classes, while a prompt pool maintains a memory of learned prompts. Finally, a clas-
sification network is introduced for inference through prompt selection. Figure 2 provides
an overview of the full pipeline. The complete pipeline consists of the following components.

Image Encoder: We encode input x-ray images X using a ResNet-18-based image encoder
to generate a high-dimensional feature representation (FR) f,, € R*"*¢_ This FR serves as
input to both the DPL module and the classification module. The encoder is trained only on
the base classes. We assume that the base class consists of a sufficiently large diversity of
data. The weights of the image encoder are frozen afterward. This preserves stable visual
representations across tasks, facilitating retention of past knowledge.

Distribution & Prompt Learner (DPL) Network: CIL involves multi-phase training. The
initial phase focuses on learning the data distribution and semantic prompts. Subsequent
sessions learn prompts for new classes, initialized using BioBERT embeddings [12] and re-
fined during training via the DPL network. Initialization of prompts using the BioBERT
model, trained on biomedical corpora, helps in making the prompts semantically rich. The
refinement of prompts during training further helps capture semantic information. DPL net-
work comprises four MLPs: the Latent Embedding Network (LEmNet) uses two parallel
MLPs to estimate the mean (1) and diagonal covariance (X) of the base class features; both
MLPs reduce the input feature to a lower-dimensional latent space. The Intermediate Net-
work (IMNet) is a two-layer MLP that transforms a sampled latent vector z (drawn using u
and ¥) into an intermediate representation /4 of the same dimensionality as the prompt. The
Prompt Tuning Network (PTNet) takes initial BioBERT-derived prompts plc and refines them
into class-specific prompts p. of the same dimension through a residual MLP. Finally, the
Feature Reconstruction Network (FRNet) concatenates 4 and p. and processes the combined
vector through a three-layer MLP to reconstruct the original feature f;, as f;.

Image Decoder: The image decoder D; reconstructs the chest x-ray images X’ from the
reconstructed feature representation f.. This module helps in creating better feature repre-
sentation by enforcing a good reconstruction during training with base classes.

Generative Replay Network: To preserve learned knowledge, we generate some exemplars
to train the model in conjunction with the new data in future training sessions. The genera-
tive replay network, a VAE decoder without PTNet, is used because prompt learning is not
needed during replay. It samples data from learned distribution parameters (obtained from
LEmNet). The sampled data is then combined with stored prompts (from the prompt pool)
to generate class-discriminative synthetic features for old classes.

Classification Network: For inference, we have to map an image to its correct prompt from
the pool. The classification network encodes the image using the image encoder E; into a
feature representation f,. The feature representation is then encoded into a query vector g
to select the best matching prompt using cosine similarity. The query prompt is compared
against all prompts in the prompt pool to identify the closest match p.. The class label Y,
associated with p, is then assigned as the predicted label for the query sample.

Prompt Pool: We introduce a memory buffer to store class-specific prompts p. and their
labels Y,.. The prompts are learned in the learning phase and are then used by generative
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replay to generate exemplars and during inference of query data.

3.2 Training

We train our model for a CIL setting through multiple sessions. In each session, we introduce
new classes. To retain knowledge of previous classes, we synthetically generate data from
the previous class using distribution-guided generative replay. In the incremental learning
phase, the model is trained with the data of new classes and synthetic data from the old
classes. We divide the dataset into T sessions. Let D, = {(X,,Y,) ’2‘2 , denote the dataset at
session £, where Y, € C;. Session 0 is trained on base class set Cy. In each subsequent session
t > 1, new classes C; are introduced. The model is updated to classify the entire set of seen
classes C<; = [Jj_ Cx without revisiting data from previous sessions.

3.2.1 Session 0: Learning the Base Classes

We begin with an empty prompt pool. Assuming a diverse base class dataset, the initial
session involves the model learning the data distribution and prompts for base classes Cy, as
well as the image encoder weights. Base class training starts with prompt initialization: for
each class ¢ € Cp, a prompt vector p/c e RF is generated from the BioBERT embedding of
the class text label. The ImageNet-pretrained image encoder E; (ResNet-18) is fine-tuned on
base class chest x-ray images to produce feature representations (FR) f, for input images X .
These f, are then encoded into latent parameters (u,X) using LEmNet, followed by latent
vector sampling via the reparameterization trick [22].

The generated sample is first passed through the IMNet to get the intermediate represen-
tation &. If the input image belongs to the class ¢, we select the prompt p/C from the prompts
initialized at the beginning. The prompt p/C is passed through the PTNet to learn the class-
specific prompt p.. The intermediate representation /4 is concatenated with the class-specific
prompt p., expected to add class-specific features. The concatenated vector is then passed
through the FRNet to reconstruct the FR f,. To ensure that we learn meaningful data dis-
tribution parameters, the FR f, and f, should be the same. Adhering to the autoencoding
principle, the reconstructed FR f; is further decoded to produce the image reconstruction X "
The image encoder and the DPL network are then trained to minimize the loss:

Lpase = ”X_X/”%'f')“l”fn _frH%"_)‘ZDKL(N(.uvZ) H N(Ovl))v (D

where, Dk (¢, 7) is the KL divergence [6] between two probability distributions. This train-
ing provides a class-specific prompt p. corresponding to each class in session 0.

After initial training, the learned parameters {u,X} are stored. The learned class-specific
prompts and their labels Y, are also saved in the prompt pool P (P = P U{Y¢, p.}). The im-
age decoder is discarded, and the weights of the image encoder and LEmNet are frozen to
prevent catastrophic forgetting and stabilize feature representations during incremental learn-
ing. Freezing the VAE encoder ensures a consistent feature space for base classes, crucial
for effective generative replay and prompt tuning, which rely on stable feature distributions.
As demonstrated in the ablation study, changes to the encoder would render replayed fea-
tures incompatible with the current output distribution. Consequently, the adaptation to new
tasks/classes is primarily handled by the learned class-specific prompts.

We then train the classification network, which maps the encoded image features to a
query prompt g that aligns with the correct class prompt p. in the prompt pool. Using cosine
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similarity, the network encourages ¢ to be close to p. and distant from the prompts of other
classes. The training objective is Lyrompt = 1 — W. The process is also outlined in the
Algorithm given in the supplementary material.

3.2.2 Sessions 1 to T-1: Learning New Classes

In each session, new classes are learned while preserving performance on old ones via gen-
erative replay. Initially, prompts are generated using BioBERT. For new classes, their image
features F,, are extracted with a frozen encoder. For old classes, synthetic features F, are
generated by sampling from learned {{t,X} and passing these samples along with stored
prompts through IMNet and FRNet () synthetic features per prompt). The DPL network
is then fine-tuned on both F,, and F,. This process learns new class prompts and retains
knowledge of old classes.

The combined feature f € {F,|JF,} is mapped to latent distribution parameters (i,X)
by LEmNet, and a latent vector z is sampled using the reparameterization trick [22]. IM-
Net then processes z into an intermediate representation 4. For a new class ¢ € C, its
initial prompt p,c is refined by PTNet into p., which is then concatenated with 4. For an
old class ¢ € C,_y, its stored prompt p, is directly concatenated with 4, bypassing PTNet
to prevent relearning. To mitigate catastrophic forgetting, distribution parameters and old
class prompts are frozen. The combined vector {h,p.} is fed into FRNet to reconstruct
the original feature f.. The DPL network is trained by minimizing the reconstruction loss:
Luew = ||f — £:|13,Vf € {fu, f»}. This training process yields learned, class-specific prompts
pc for new classes present in the session #. These prompts are then stored in the prompt pool.

After fine-tuning the DPL network, the learned prompt p. and its class label Y. for each
new class are added to the prompt pool P (P = PU{Y,, p.}). Subsequently, the classifica-
tion network is updated to include these new classes. For a new image of class ¢ € (;, a query
prompt ¢q is generated using the image encoder and the classification network. The classifi-
cation network is then fine-tuned using the cosine similarity loss to correctly link these query
prompts with their corresponding class-specific prompts in the expanded prompt pool.

The training continues in this manner over all 7 sessions. The complete training pro-
cedure for classes added in incremental sessions is also outlined in the Algorithm given in
the supplementary material. This completes our methodology for class-incremental learning
using prompt tuning and generative replay for chest x-ray diagnosis.

3.3 Inference

At test time, a query image x is passed through the image encoder to get the feature repre-
sentation. The feature representation is processed through the classification network to get
the query prompt. The model compares the query prompt g with each class prompt p. € P
from the prompt pool using cosine similarity. The prediction score for class ¢ is then com-
puted using a softmax function over the similarity scores. The class with the highest score is
assigned as the predicted label.
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Table 1: Comparative performance in terms of average accuracy (Aayg, mean =+ sd for five
runs) and Performance Drop (PD, mean = sd for five runs) for different approaches on the
NIH, CXR, and MCXR datasets .

Method NIH CXP MCXR

Aang PD Aang PD| Aang PD |
Replay 7048 £25 142+12 667019 11.7+1.1 6588+17 152+£09
LwF 72.03+29 108+15 6493+17 114+11 674019 158+0.8
DER 66.15+28 134+£12 6235+£21 156+£19 6025+25 193+2.1
L2P 6530+4.1 286+£23 63.05+£38 21717 6248+41 202+£2.7
CodaP 66.05+4.6 257+£26 6435+£32 193+16 61.10£4.0 233+£25

ILCXR 7113 +£22 11.2+15 6573+1.8 119+10 6787+£18 156=£1.3
CAPrompt 65.75+43 273+24 6515+3.6 20.1+12 6291+42 221+£26
Proposed 7470 £2.3 10.8+0.7 6948 +12 12.1+1.0 6850+2.1 133+13

4 Experiments and Results

4.1 Implementation Details

Datasets: We conduct experiments on three publicly available datasets: NIHChestXray14
[29] (NIH), CheXpert [7] (CXP), and MIMIC-CXR [9, 10, 21] (MCXR). NIH contains
91,234 images with single labels across 15 categories. CXP includes 50,223 single-labeled
images in 14 categories. MCXR has 187,020 images labeled with the same 14 categories as
CXP. For each dataset, we use a 70:10:20 split for training, validation, and testing, employing
iterative stratification to maintain label balance. We only use frontal view images.
Evaluation Protocol: Following prior CIL work [16, 19], we define T(fp—l accuracy after
task 7 across all tasks O to 7 as A;. The average accuracy Auyg = Z’T:T" A reflects overall
incremental learning performance. Forgetting is quantified by the performance drop PD =
Ao —Ar_1, the accuracy difference between the initial (task 0) and final (task 7" — 1) tasks.
Training Details: For experiments, we use PyTorch on NVIDIA RTX A6000 GPUs. Input
images are resized to 224 x 224 and the model is trained for 100 epochs with the Adam
optimizer (initial learning rate 0.001, prompt token length 8 = 256, chosen by validation
performance). The base session dataset |Dy| is designed to have at least as many samples
as any incremental session |D;| (f > 1) to ensure data diversity. For NIH, 6 base classes
are used; for CXP and MCXR, 5 classes are used. In all datasets, 3 new classes are added
incrementally across 7' = 4 sessions. Different runs involve varying the base classes.

4.2 Performance Comparisons

We compare the performance of the proposed method with several non-prompt-based CIL
methods, including Replay [23], LwF [15], DER [2], and ILCXR [1]. We also compare with
SOTA prompt-based CIL approaches, including L2P [32], CodaP [25], and CAPrompt [14].
For each experiment, we conduct five runs and calculate the mean and standard deviation of
each metric over the five runs. The results are presented in Table 1.

Notice that our method typically outperforms others. Prompt-based CIL approaches ex-
hibit greater performance reductions and lower average accuracy. Non-prompt-based meth-
ods have lower average accuracy but smaller decrements. Figure 4’s task-wise accuracy
visualization on chest x-ray datasets suggests prompt-based methods decline due to inade-
quate adaptation to novel classes, while non-prompt-based methods degrade due to forgetting
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Task 1

GT: No Finding
D: No Finding

GT: No Finding
D: No Finding

Task 2

GT: Atelectasis
D: Atelectasis

GT: Infiltration
D: Infiltration

Task 3

GT: Edema
D: Edema

GT: Emphysema
D: No Finding

Task 4

"

GT: Effusion
D: Effusion

GT: Hernia
D: Hernia

Figure 3: Classification results of the proposed model on sample images from the NIH
dataset after each task, using the top-1 prediction score (GT: Ground truth, D: Prediction,
Green: Correct, Red: Incorrect).
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Figure 4: Comparison of task-wise accuracy across sessions for different methods on chest
x-ray images from the NIH (left), CXP (middle), and MCXR (right) datasets.

old classes. Our method addresses these problems by effectively learning new classes and
preserving prior knowledge, resulting in superior average accuracy and smaller performance
drops.

Figure 3 shows sample classification results of our model on the NIH dataset in a class-
incremental learning (CIL) setting based on the highest (top-1) score. The top row demon-
strates consistent correct classification across all tasks, indicating successful knowledge re-
tention. The bottom row shows a misclassification in Task 3, highlighting the challenge of
catastrophic forgetting.

4.3 Ablation Studies

Next, we evaluate the importance of different components of the proposed method. First,
we look at the role of generative replay. For that, the DPL network in session 1 to 7 — 1 is
trained using only the data of new classes (abbreviated as WGR), in contrast to the proposed
method, where FR is generated using the stored prompt is also used. The results reported in
Table 2 show a performance drop with WGR in comparison with the proposed method. This
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Table 2: Performance comparison of the proposed method under three configurations: (1)
without generative replay (WGR), (2) without freezing encoder weights (WFEW), and (3)
with prompts initialized with random prompts, evaluated on the NIH, CXR, and MCXR
datasets for incremental learning .

Configuration NIH CXP MCXR

Auve T PD | Auve T PD | Auvg T PD ]
WGR 7292 +22 11.7+£15 6673+2.1 127+1.1 6642+16 139+1.6
WFEW 7124 +41 127+21 6728+13 13.1+£1.1 6519+19 139414
WRPI 7342 +53 121+1.7 6817+41 126+12 67.15+£33 153+23
Proposed 7470 £2.3 10.8+0.7 6948 +12 121+1.0 68.50+2.1 133+13

shows the utility of generative replay in alleviating catastrophic forgetting.

Next, we evaluate the importance of freezing the weights of the VAE encoder layers. For
this, we allow weight update in LEmNet and learn the parameters ( and ¥ in the incremental
learning phase, keeping the image encoder E; frozen (abbreviated as WFEW). From Table
2, notice that the performance with WFEW drops by more than 3% compared to the pro-
posed method. Thus, we find that freezing the weights of the encoder helps in alleviating
catastrophic forgetting by reducing the effect of distribution shift across different tasks.

Finally, we evaluate the importance of initializing prompts with semantic embeddings
from the BioBERT model. For this, we initialize the prompts with random vectors for both
the base and incremental classes. We ensure that these prompts are unique. The results
(abbreviated as WRPI) are reported in Table 2. Notice that the performance with WRPI
drops by about 1% compared to the proposed method, while the standard deviation increases
by a factor of 2. Thus, by initializing the prompts with a semantically rich embedding, we
can reduce the randomness in the model training.

5 Conclusion

We introduce a novel CIL method that combines distribution-guided generative replay with
semantic prompts by integrating prompt tuning with a VAE-based framework. Our method
effectively mitigates catastrophic forgetting while preserving privacy by operating in feature
space. Experiments on multiple benchmark CXR datasets show consistent improvements
over existing CIL approaches in both classification accuracy and knowledge retention. Ab-
lation studies confirm the importance of distribution alignment, feature replay, and semantic
prompts. While our approach is robust, it faces limitations common to CIL, such as perfor-
mance dependency on the base class selection, which our experiments addressed by ensuring
base class diversity. Similarly, freezing the image encoder after the initial session, while cru-
cial for stabilizing feature representations and mitigating catastrophic forgetting, may limit
the model’s ability to adapt to new classes with vastly different visual features. Despite
these limitations, our work presents a foundation for future research. We plan to explore
a dynamic prompt growth mechanism to improve scalability as class counts increase. We
will also investigate a conditional update of the encoder network to better capture evolving
feature spaces while maintaining knowledge retention. Additionally, we aim to validate the
generalizability of our learned prompts to other tasks and modalities. Finally, we will explore
the use of more powerful backbones, such as Vision Transformers.
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