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Abstract: Catastrophic forgetting, also known as catastrophic interference, represents one of the most persistent 

and significant challenges in artificial neural networks. When neural networks are trained sequentially on 

multiple tasks, they often exhibit dramatic degradation in performance on previously learned tasks when 

acquiring new skills—a phenomenon fundamentally different from human learning. This paper provides a 

comprehensive review of continual and lifelong learning approaches designed to mitigate catastrophic forgetting. 

We survey state-of-the-art methods spanning replay-based approaches, regularization techniques, dynamic 

architecture methods, and parameter isolation strategies. We critically examine the theoretical foundations, 

experimental evidence, and practical limitations of each approach. Furthermore, we identify persistent challenges 

including the role of plasticity-stability tradeoffs, evaluation metric standardization, computational efficiency, and 

transfer learning in continual settings. This review synthesizes current knowledge and proposes directions for 

future research to advance this critical area of machine learning toward more adaptable and robust artificial 

intelligence systems. 
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Introduction 

Neural networks have revolutionized machine learning, achieving unprecedented performance across diverse 

applications. However, these systems exhibit a critical limitation that sharply contrasts with biological learning: 

when trained sequentially on new tasks, they rapidly forget previously acquired knowledge [1], [2]. This 

phenomenon, termed catastrophic forgetting or catastrophic interference, severely limits the practical deployment 

of neural networks in real-world scenarios where systems must learn continuously from non-stationary data 

distributions. 

In 1989, McCloskey and Cohen first formally documented this phenomenon in the context of neural networks 

solving sequential learning tasks [3]. Despite three decades of research, catastrophic forgetting remains largely 

unsolved—a fundamental property of how gradient descent updates neural network weights to minimize loss on 

current data inevitably disrupts weight configurations optimized for previous tasks. 
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Continual learning (CL), also termed lifelong learning or incremental learning, represents the paradigm addressing 

this challenge. Rather than training on all data simultaneously (batch learning), continual learning systems must 

update their knowledge as new tasks or classes arrive sequentially, while maintaining performance on previously 

learned material. This mirrors human learning more closely and reflects realistic deployment scenarios in 

autonomous systems, robotics, and adaptive AI applications. 

The significance of this problem cannot be overstated. Biological intelligence systems—from simple organisms to 

humans—continuously learn and adapt throughout their lifespans without catastrophic forgetting. Yet, artificial 

systems struggle with this capability. Understanding and solving catastrophic forgetting is essential for developing 

truly intelligent systems capable of long-term autonomous operation in changing environments. 

 

Problem Formulation and Challenges 

A. The Catastrophic Forgetting Phenomenon 

Catastrophic forgetting occurs when a neural network θ trained on task T₁ experiences significant performance 

degradation on T₁ after subsequent training on task T₂. Formally, let A₁,₂ denote the accuracy on task T₁ after 

learning T₂. Catastrophic forgetting manifests when A₁,₂ ≪ A₁ (accuracy on T₁ before learning T₂). 

This occurs because gradient descent modifies weights to optimize performance on current data. The weight 

changes required for task T₂ are typically incompatible with the weight configuration optimal for T₁. Unlike 

humans who can maintain abstract representations and selectively activate task-specific knowledge, neural 

networks lack mechanisms to preserve task-specific information while learning new tasks. The phenomenon is 

particularly severe in shallow networks with limited capacity, though even large modern networks (including 

transformers) are susceptible. 

B. Learning Scenarios 

Continual learning research addresses multiple scenarios, each presenting distinct challenges: 

• Task-Incremental Learning: The system receives task boundaries—information about which data belongs to 

which task. This is somewhat unrealistic but provides controlled experimental settings. 

• Class-Incremental Learning: New classes arrive sequentially without task boundaries. For example, learning to 

recognize dogs, then cats, then birds progressively. 

• Domain-Incremental Learning: The feature distribution shifts across tasks while output space remains fixed. 

Addresses scenarios where a single task must adapt to changing input distributions. 

• Online Continual Learning: Extreme scenario where each sample arrives once, with limited or no replay 

capability. Models must update immediately and irrevocably. 

C. The Plasticity-Stability Dilemma 

Central to understanding catastrophic forgetting is the plasticity-stability dilemma: neural networks must maintain 

sufficient plasticity (ability to learn new information) while preserving stability (retention of old knowledge). 

These objectives are fundamentally in tension. High learning rates and unrestricted parameter updates maximize 

plasticity but destroy stability. Conversely, high regularization and parameter freezing maximize stability but 

eliminate plasticity. 

This dilemma reflects how biological systems resolve similar tensions—through mechanisms like synaptic 

consolidation, memory systems differentiation, and homeostatic plasticity. Current artificial approaches 

imperfectly emulate these biological solutions. 
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Approaches to Mitigating Catastrophic Forgetting 

A. Replay-Based Approaches 

Replay methods maintain a buffer of exemplars from previous tasks, revisiting this buffer during training on new 

tasks. This directly addresses the non-stationary data distribution problem by exposing networks to both old and 

new data during training. 

1) Experience Replay: Store a fixed-size buffer of previous data samples. During each training step, mix samples 

from the buffer with new task data. Simple but effective, this approach achieves strong empirical results. 

However, it requires storage of raw data (privacy concerns, computational overhead) and assumes unlimited 

buffer capacity is unrealistic. 

2) Generative Replay: Instead of storing raw examples, maintain a generative model (VAE, GAN) that produces 

pseudo-samples mimicking previous task data. This reduces storage requirements and addresses privacy concerns. 

However, generative replay quality degrades as more tasks are learned, and generative models themselves can 

suffer from catastrophic forgetting. 

3) Memory-Aware Approaches: Use episodic memory systems with coreset selection strategies to maintain 

representative subsets of previous data. Methods like DER++ (Dark Experience Replay with synaptic importance) 

combine coreset selection with parameter regularization. 

B. Regularization-Based Approaches 

Regularization methods prevent catastrophic forgetting by constraining weight changes to maintain performance 

on previous tasks. These approaches typically add penalty terms to the loss function: 

1) Elastic Weight Consolidation (EWC): Identifies important weights for previous tasks using the Fisher 

information matrix. The loss function is augmented with a quadratic penalty on changes to important weights. 

EWC provides theoretical grounding in Bayesian perspective but computing Fisher information is expensive. 

2) Synaptic Importance: Methods like SI (Synaptic Importance) and MAS (Memory Aware Synapses) estimate 

weight importance differently—through accumulated gradients or activation patterns—reducing computational 

overhead compared to Fisher information. 

3) LwF (Learning without Forgetting): Maintains knowledge through distillation—using previous task outputs 

(soft targets) as an additional learning signal when training on new tasks. Simple and parameter-efficient but may 

prevent learning of new knowledge. 

C. Dynamic Architecture Methods 

Rather than freezing or constraining weights, dynamic architecture methods expand network capacity for new 

tasks while preserving weights dedicated to previous tasks: 

1) Progressive Neural Networks: Lateral connections from previous task columns to new task columns allow 

forward transfer while preventing backward interference. New tasks get new columns of weights, but can access 

previous task representations. Parameter count grows quadratically with tasks. 

2) Adapter Methods: Insert small trainable modules (adapters) between frozen pre-trained layers. New tasks train 

only adapters, preserving base network weights. Highly parameter-efficient but assumes good base 

representations. 

3) Masked Networks: Selectively activate different subsets of network weights for different tasks through learned 

masks. Allows weight sharing while maintaining task-specific specialization. 

D. Parameter Isolation Approaches 

These methods allocate specific network parameters to specific tasks or features: 

1) Sparse Parameter Allocation: Assign different sparse subsets of parameters to different tasks. Requires 

mechanisms to determine parameter-task associations. 
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2) Disentangled Representations: Learn separate latent factors for different tasks. Prevents interference by 

ensuring tasks operate in distinct representation subspaces. 

3) Feature-Extraction Approaches: Keep early layers frozen and only train task-specific classifiers. Leverages 

transfer learning but assumes sufficient feature overlap. 

 

Evaluation, Metrics, and Benchmarks 

Evaluation of continual learning methods has historically lacked standardization. Recent efforts toward unified 

benchmarks have emerged: 

A. Performance Metrics 

1) Backward Transfer (BWT): Measures forgetting—the performance decrease on task i after learning task j>i. 

Negative BWT indicates forgetting of previous tasks. 

2) Forward Transfer (FWT): Measures how much learning previous tasks helps new task learning, comparing new 

task accuracy with previous knowledge versus random initialization. 

3) Final Accuracy: Average accuracy across all tasks after learning all tasks. Often supplemented with per-task 

accuracy details. 

B. Standard Benchmarks 

Key benchmarks enabling systematic comparison include: CIFAR-10/100 Split, Permuted MNIST, Core50, 

DomainNet, and ImageNet subsets in various continual scenarios. The Continual Learning Benchmark initiative 

aims to standardize evaluation protocols across research groups. 

 

Persistent Challenges and Limitations 

Despite significant progress, critical unsolved challenges persist: 

A. The Scalability Problem 

Most continual learning research addresses 5-10 tasks sequentially. Real-world scenarios involve potentially 

hundreds of tasks. Computational and memory costs accumulate—replay buffers grow, regularization parameters 

become complex, and dynamic architecture approaches suffer parameter explosion. Scalability to realistic 

horizons remains unsolved. 

B. Class-Incremental Learning Difficulty 

Task-incremental learning is easier due to task boundaries. Class-incremental scenarios—progressively adding 

new classes without task information—are fundamentally harder. The classifier head must expand, and all 

previous classes suffer interference during new class learning. Few methods achieve satisfactory performance 

beyond 10-20 total classes. 

C. The Plasticity-Stability Tradeoff 

Methods restricting plasticity through regularization sacrifice accuracy on new tasks. Conversely, high-plasticity 

approaches cause catastrophic forgetting. Dynamically balancing this tradeoff remains unsolved. Some recent 

work suggests the tradeoff may not be fundamental, but current approaches cannot overcome it. 

D. Computational Efficiency 

Most continual learning methods impose computational overhead—Fisher information computation (EWC), 

generative replay model training, or frequent model retraining. Few methods achieve efficiency comparable to 

standard training while solving catastrophic forgetting. 

E. Theoretical Understanding 

Unlike supervised learning's well-developed theory, continual learning lacks formal theoretical foundations. Why 

do neural networks catastrophically forget? What properties determine forgetting severity? Theoretical answers 

remain elusive, limiting principled method development and understanding of fundamental limits. 
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Recent Advances and Emerging Directions 

Recent research has yielded interesting developments: 

A. Large-Scale Pre-training: Vision and language models pre-trained on massive datasets exhibit better continual 

learning properties. Transfer from pre-trained representations significantly reduces forgetting. This suggests 

catastrophic forgetting may be partly addressable through appropriate initialization and high-quality 

representations. 

B. Vision Transformers: Transformers exhibit different forgetting properties than CNNs—often better in class-

incremental scenarios. Attention mechanisms and multi-head architectures may provide natural mitigation 

mechanisms through architectural properties. 

C. Hybrid Approaches: Combining multiple strategies (replay + regularization + dynamic architecture) shows 

promise. However, complexity increases with each addition, and interactions between methods remain poorly 

understood. 

D. Meta-Learning for Continual Learning: Using meta-learning to optimize continual learning algorithms 

themselves shows potential. MAML and other meta-learning frameworks could learn to balance plasticity-stability 

tradeoffs automatically. 

E. Continual Reinforcement Learning: While this review focuses on supervised learning, continual RL presents 

additional challenges. Non-stationary reward functions and state distributions add complexity. Recent work on 

continual policy learning addresses this frontier. 

 

Discussion: Why Catastrophic Forgetting Persists 

Despite decades of research, catastrophic forgetting remains a fundamental challenge. Several factors explain this 

persistence: 

1) Fundamental Geometry: The high-dimensional geometry of neural network loss landscapes may inherently 

couple old and new task optima. Learning new tasks may unavoidably move parameters away from previous 

optima. 

2) Representation Bottleneck: Sharing representations between tasks creates interference. Disentangling would 

require prohibitive parameter growth or architectural solutions yet to be discovered. 

3) Evaluation Limitations: Proposed solutions often show strong results on standard benchmarks but fail in more 

realistic scenarios. Task sequences and data distributions in benchmarks don't capture real-world complexity. 

4) Fundamental Tradeoffs: Mathematical tradeoffs between plasticity and stability may be unavoidable. Unlike 

biological systems employing energy-intensive consolidation, artificial systems must accomplish the same with 

limited resources. 

 

Future Research Directions 

Promising research directions include: 

1) Biologically-Inspired Architectures: Systems inspired by hippocampal consolidation, memory systems 

differentiation, and metacognitive processes in biological brains. Computational neuroscience models of 

consolidation merit deeper investigation in continual learning context. 

2) Theoretical Foundations: Developing formal theory of continual learning—existence theorems, impossibility 

results, characterization of task relationships affecting forgetting. Theoretical grounding would advance the field 

beyond empirical exploration. 

3) Realistic Evaluation: Benchmarks reflecting real task sequences, natural class hierarchies, domain shifts, and 

corrupted data. Long-horizon continual learning benchmarks (100+ tasks) are critical for assessing scalability. 
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4) Automated Method Design: AutoML approaches for continual learning—searching over architectural 

components, regularization strategies, and replay policies. Could discover previously unknown effective 

combinations. 

5) Neurosymbolic Integration: Combining neural approaches with symbolic reasoning and structured knowledge 

representation. Might overcome representation limitations of purely neural approaches. 

6) Foundation Model Approaches: Exploring how large language models and vision-language models might serve 

as foundation for continual learning through careful prompting, in-context learning, and parameter-efficient 

adaptation methods. 

 

Conclusion 

Catastrophic forgetting remains a fundamental and largely unsolved challenge in artificial intelligence. Three 

decades after its discovery, neural networks still catastrophically forget previously learned knowledge when 

trained on sequential tasks. This limitation severely constrains deployment in real-world scenarios requiring 

continuous learning from non-stationary data. 

This review surveyed the landscape of continual learning approaches—replay-based methods, regularization 

techniques, dynamic architecture solutions, and parameter isolation strategies—each offering different tradeoffs. 

While empirical progress has been made on constrained benchmarks, fundamental challenges persist: scalability 

to realistic task sequences, principled handling of the plasticity-stability dilemma, theoretical understanding of 

why forgetting occurs, and efficient computational implementation. 

The persistence of catastrophic forgetting despite intensive research suggests fundamental barriers may exist. 

These could stem from mathematical properties of neural network optimization landscapes, representation 

limitations inherent to shared neural substrates, or the difficulty of simultaneously optimizing conflicting 

objectives without substantial computational resources. 

Yet this persistent challenge presents enormous opportunity. Solving catastrophic forgetting would represent a 

major breakthrough—enabling truly adaptive, continuously-learning AI systems that grow knowledge throughout 

their operational lifetime. Such systems would more closely emulate biological intelligence and unlock practical 

applications currently impossible with batch-trained networks. 

We expect that combining insights from biological learning systems, formal theoretical analysis, larger-scale pre-

training, more sophisticated architectures, and automated method discovery will eventually overcome this long-

standing challenge. The journey toward solving catastrophic forgetting parallels the broader quest to create truly 

intelligent, adaptable machines—a central goal of artificial intelligence research. 
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