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ABSTRACT—  

Catastrophic forgetting remains a challenge in deep learning, where models fail to retain knowledge previously learned 

when introduced to new classes. This paper explores Class Incremental Learning (CIL) as a novel approach to address this 

issue, enabling models to learn continuously without retraining from scratch. We analyzed key strategies for mitigating 

forgetting, including fine-tuning, replay-based methods, ensemble learning, and unified models. Fine-tuning methods 

improve adaptability but struggle with scalability. Replay-based approaches like iCaRL and Memory-Based Label-Text 

Tuning leverage stored or generated data to reinforce past knowledge, though memory constraints remain a challenge. 

Ensemble learning techniques, such as Progressive Neural Networks (PNN) and Dynamic Expandable Networks (DEN), 

prevent knowledge loss by training multiple submodels. Additionally, unified models like FeTT (Feature Transformation 

Tuning) eliminate the need for continuous retraining by preserving feature representations. Despite these advancements, 

scalability, memory efficiency, and adaptation to unseen classes remain open research challenges. This paper provides a 

comparative analysis of these methods, highlighting their effectiveness, trade-offs, and future research directions in Class 

Incremental Learning. 
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I. INTRODUCTION  

Deep learning has come a long way in the past two decades, leading to robust models that can classify, predict, and 

perform at an exceptional level. Deep learning models traditionally require large datasets with a fixed number of classes to 

produce results. This creates a conundrum in real world applications such as autonomous driving, healthcare, 

cybersecurity, etc. where machine learning models are required to continuously learn and adapt to new information at an 

ever-increasing pace. Human consciousness is one of nature’s most complex features which enables us to retain and recall 

past knowledge while simultaneously consuming new information. This is something researchers are trying to replicate in 

neural networks. Most often neural networks rely on gradient based optimization, which updates the model parameters 

based on the latest data [1]. Without explicitly stating these models can forget or erase the existing knowledge. This is 

referred to as catastrophic forgetting where the models overwrite the previously learned knowledge to train from scratch 

where the retraining part includes the new classes along with the old ones. A solution to catastrophic forgetting is Class 

Incremental Learning (CIL) which emphasizes training models to learn new information over time while retaining old 

knowledge.  

Several solutions have been explored and suggested in the past to address the challenge of catastrophic forgetting, such as 

Replay-Based Methods, where a subset of the old data is stored and used for retraining to prevent forgetting. Another such 

solution suggested was Regularization Techniques, which require weight updates to be constrained to preserve prior 

knowledge while learning new information. 

These solutions, while offering a temporary fix, pose new challenges such as scalability issues, high computational costs, 

and privacy concerns. These challenges called for a better approach that is more scalable and efficient. 

In this paper, we propose novel techniques to tackle catastrophic forgetting. In the first approach, models are fine-tuned by 

gradually changing their learning rates worked when introducing a new class, but this led to some loss of accuracy in 

predicting old data. This was overcome by using knowledge distillation which allowed the child model to learn the soft 

labels from the parent model, but this caused a larger disparity between the child model and the parent model. In the third 
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approach, we used replay buffers where a small portion of data from each sub model was used every time for re-training 

the parent model which then makes the decision to which specialized sub model the input must be forwarded. Since the 

previous method required retraining the master model from scratch every time, the fourth approach eliminated the master 

model by passing inputs to all sub-models and getting the maximum confidence score from them. The final approach 

eliminated the need to pass inputs to multiple individual sub-models by consolidating all sub-models into one. 

II. LITERATURE REVIEW  

In real-world applications, models need to continuously learn new classes without catastrophic forgetting. Class 

Incremental Learning (CIL) is a crucial concept. To overcome this challenge, researchers have formulated several 

approaches, including knowledge distillation, replay buffer techniques, ensemble learning without a master model, fine-

tuning, and unified models that do not require retraining. Each of these strategies has unique benefits and shortcomings. 

Fine-tuning is a widely used approach in incremental learning, where a pre-trained model is updated to accommodate 

additional class data. This approach works well for adjusting to new tasks, but it might lead to catastrophic forgetting 

because newly learned information replaces previously learned representations. Selective fine-tuning coupled with 

knowledge retention constraints can result in reduced forgetting, as early research studies such as Learning Without 

Forgetting showed [2]. To maintain a balance between stability and adaptability, modern techniques such as Singular 

Value Fine-tuning and Incremental Prototype Tuning explore tweaking feature representations [3][4]. However, scalability 

is still a major concern, particularly for large datasets where constant fine-tuning could lead to model drift. 

By saving a subset of previous class samples and reintroducing them throughout training of the master model, replay-based 

strategies can reduce forgetting. While Memory-Based, Label-Text Tuning refines saved representative examples using 

adaptive prompts [5], the iCaRL (Incremental Classifier and Representation Learning) model uses a memory buffer to keep 

representative examples [6]. Cluster-based replay techniques aggregate related representative examples to increase 

efficiency and provide a balanced representation of historical data [7]. Memory constraints and privacy concerns remain 

ongoing challenges, which has led to research into generative replay strategies that use synthetic samples rather than 

explicit storage [8]. End-to-End Incremental Learning (EEIL) extends this approach by aligning feature spaces to maintain 

knowledge continuity [9].  

Although effective, these methods rely on past model outputs, which introduces storage and computational constraints. 

Ensemble techniques lower the chance of forgetting by training distinct models for various tasks or class groups rather than 

altering a single model. This strategy is used by Progressive Neural Networks (PNN), which create new subnetworks for 

every job while preserving lateral connections to earlier levels [10]. Dynamic Expandable Networks (DEN) is one of the 

more recent studies that use old representations to selectively extend the network [11]. Decentralized decision-making is 

made possible by these models independent from a central master model, in contrast to classical ensembling. Coordination 

between submodels is still a research challenge, though. 

A novel direction in incremental learning is the concept of a unified model that eliminates the need for continuous training. 

These models leverage pre-trained universal representations, freezing feature extractors while dynamically adapting 

classifiers. FeTT exemplifies this strategy by fine-tuning feature transformations instead of updating model weights [12]. 

While this avoids catastrophic forgetting for the most part, challenges such as adaptability to unseen class distributions 

persist, making it an area of ongoing research. 

III. METHODOLOGIES 

Fine Tuning: 

First, the model is trained on the initial subset of data (classification of digits 0-4) with a standard learning rate, and its 

accuracy is evaluated. Then, instead of starting over, the model is fine-tuned on the secondary subset of data (classification 

of digits 5-9) with calibrated hyperparameters, such as a reduced learning rate of 0.00001. This gradual adjustment helps 

the model incorporate new information while mitigating the risk of forgetting previously learned representations [13]. 

After fine-tuning, the model's performance is evaluated on the secondary set of classes. Finally, it is tested on all classes 

combined to assess its ability to recognize both earlier and newly introduced classes. 

Knowledge Distillation: 

Knowledge Distillation (KD) involves training a "student" model using a pre-trained "teacher" model. The teacher model is 

trained on Task 1 (digits 0-5) and serves as a guide to help the student model learn new knowledge while retaining 

previous information [14]. The student model, sharing the same architecture as the teacher, is fine-tuned on Task 2 using a 

combination of standard cross-entropy loss and KD loss. The total loss is a weighted sum of these losses, balanced by the 

hyperparameter α. This approach allows the student model to leverage the teacher's knowledge to prevent catastrophic 

forgetting of Task 1 [15]. Additionally, this method requires training only the student model on new data, enhancing 

efficiency and scalability.  
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Cross Entropy Loss (CE Loss):  
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Where: 

 p(x)p(x)p(x) represents the true probability distribution. 

 q(x)q(x)q(x) represents the model’s predicted probability distribution 
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Where: 

   is the temperature parameter for softening the probability distribution. 

    represents the teacher model's logits. 

    represents the student model's logits. 

The total loss is a weighted sum of the standard cross-entropy loss and the KD loss, with the hyperparameter α balancing 

the contribution of each. The student model is trained on Task 2 while leveraging the teacher's knowledge to prevent 

catastrophic forgetting of Task 1. 

Instead of training the model every time new data arrives, the student model is fine-tuned using a pre-trained teacher 

model, which provides soft labels that help retain knowledge from past tasks. This can prevent catastrophic forgetting. 

Additionally, this approach requires training only the student model on new data, rather than re-processing the whole 

dataset, which makes it faster and more scalable. 

Network of models: 

The Network of model’s approach comprises multiple sub-models and a master model, each trained on different subsets of 

the dataset. The master model identifies the most appropriate sub-model for a given input and routes it accordingly. Each 

sub-model then classifies the input based on the specific classes it was trained on [16]. During training, a new sub-model is 

introduced for each session, and a replay buffer stores a small subset of the training data. This replay buffer is used to 

retrain the master model, ensuring it retains knowledge of previously seen data [17]. With each new session, a new sub-

model is trained on the latest data, and the master model is retrained using both the existing data from the replay buffer and 

the newly added subset [18]. During inference, the master model processes the input to determine the most relevant sub-

model, which then performs the final classification. 

Cross-Model Confidence Selection (CMCS): The previous approaches involved retraining the master model on data 

present in the replay buffer every time a new set of classes got introduced. Since this requires training the master model 

from scratch repeatedly, it was not an optimal solution. To overcome this challenge, this approach eliminates the master 

model, and all inputs were passed to the specialized sub-models directly. Each sub-model processes the data and provides a 

confidence score. The confidence scores from all models are then compared, and the one with the highest score is selected 

for output [19,20]. 

Unified Cross-Model Confidence Selection (UCMCS):                                                    

 Finally, to further optimize computational efficiency, the Unified Cross-Model Confidence Selection (UCMSC) approach 

was developed. Unlike CMCS, which requires passing the input to all child models and selecting the confidence score, 

which is highest for the given cross models, UCMSC integrates all child models into a single model with combined 

weights and outputs. This involves passing the input to a single model which is specialized in both new and old class and 



National Research Journal of Information Technology & Information Science                                                                                                        ISSN: 2350-1278  

Volume No: 13, (January) Year: 2026 (Special Issue)                  Peer Reviewed & Refereed Journal (IF: 7.9) 

PP: 794-801    Journal Website www.nrjitis.in  

Published By: National Press Associates                                                                                                                      Page 797                    

Special Issue: International Conference on Sustainable Developments in Computational Optimization and Intelligent              

Systems (ICSDCOIS)-2025) 

provide inference much faster since it need not aggregate the confidence score from different cross models and compare to 

obtain a higher confidence score .This will significantly reduce inference time and computational overhead while 

maintaining the scalability and accuracy benefits of CMCS [21,22,23]. 

IV. RESULTS  

Approach Final Accuracy 

(FA%) 

Fine tuning approach 74.98 

Knowledge distillation approach 87.75 

Network of models / replay buffer 

approach 

94.09 

Cross-Model Confidence 

Selection 

95.65 

Unified Cross-Model Confidence 

Selection 

95.65 

 

Table I: Comparative Analysis of Techniques to mitigate Catastrophic Forgetting  

 

Figure 1: Confusion matrix for Fine-Tuning 

The above figure represents the confusion matrix for fine-tuning model. It can be observed that there is some loss in 

accuracy in prediction of old class data. The misclassification rate is higher for older classes compared to newly introduced 

ones, indicating a bias towards newer data. 
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Figure 2: Confusion matrix for Knowledge Distillation 

The above figure represents the confusion matrix in case of knowledge distillation. The accuracy of old class data is far 

better than fine tuning due to soft labels taken from the parent model. As more classes are introduced, the gap between 

parent and child model increases, this can be observed in the above figure. The diagonal values, which represent correct 

classifications, show a decline for older classes, confirming the accuracy degradation over time. 

 

 

Figure 3: Confusion matrix for Network of Models 

The above figure represents the confusion matrix in case of replay buffer model. Here the accuracy of old class is better 

than fine-tuning and knowledge distillation with master model being re-trained at every instance when a new class is 

introduced. This approach helps reduce catastrophic forgetting by preserving a portion of past data for continual learning. 

The diagonal values, which represent correct classifications, show better accuracy for both old and new class data. 



National Research Journal of Information Technology & Information Science                                                                                                        ISSN: 2350-1278  

Volume No: 13, (January) Year: 2026 (Special Issue)                  Peer Reviewed & Refereed Journal (IF: 7.9) 

PP: 794-801    Journal Website www.nrjitis.in  

Published By: National Press Associates                                                                                                                      Page 799                    

Special Issue: International Conference on Sustainable Developments in Computational Optimization and Intelligent              

Systems (ICSDCOIS)-2025) 

 

Figure 4: Confusion matrix for Unified Cross-Model Confidence Selection 

The above figure represents the confusion matrix for Cross-Model Confidence Selection. This approach achieves better 

accuracy for both old and new class data without the need for re-training, as there is no master model. The final prediction 

is determined by selecting the highest confidence score from all cross models. 

 

 

Figure 5: Confusion matrix for Unified Cross-Model 

The above figure represents the confusion matrix when Unified Cross-Model Confidence Selection is used. Here we have 

the exact same accuracy as the Cross-Model Confidence Selection approach, and prediction/inference happens a lot faster 

than Cross-Model Confidence Selection. 

V. CONCLUSION 

In this paper, we explored multiple approaches to class-incremental learning (CIL), each designed to address key 

challenges such as catastrophic forgetting and scalability. Our initial implementations focused on fine-tuning and 

knowledge distillation, two fundamental techniques for adapting models to new classes. Fine-tuning provided a 

straightforward way to extend model capabilities but suffered from knowledge degradation over time. Knowledge 
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distillation mitigated this issue by leveraging a pre-trained teacher model to guide the student model, preserving past 

knowledge more effectively while ensuring efficient adaptation to new tasks. However, KD had its limitations, as the 

teacher model remained static, leading to an increasing knowledge gap as new classes were introduced. 

To overcome these challenges, we introduced hierarchical and confidence-based selection mechanisms. The hierarchical 

replay-buffer approach integrated a master-child model structure, where a master model was periodically re-trained on a 

small subset of previous data while child models specialized in different classes. This structure allowed for better 

knowledge retention but required continuous updates to the master model. To further enhance scalability, we implemented 

the Cross-Model Confidence Selection (CMCS) approach, where each child model was trained independently, and 

inference was determined by selecting the model with the highest confidence score from all the cross models , but 

inference was costly as it needed to load and unload every model. This eliminated the need for a master model, making the 

system more efficient and adaptable. To overcome this, we propose a Unified Cross-Model Confidence Selection. In the 

Unified Cross-Model Confidence Selection we combine all the smaller models into a single larger model by transferring 

the existing weights. This reduces the inference time as only one model needs to be loaded and unloaded . 

Each of these approaches contributes to advancing class-incremental learning by balancing knowledge retention, 

adaptability, and computational efficiency. 
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