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Abstract 

Sequential task tuning in language models often faces the challenge of catastrophic forgetting, 

where performance on previously learned tasks deteriorates as new tasks are introduced. This 

paper explores the use of memory-augmented language models to mitigate this issue. By 

integrating external memory components that store and retrieve knowledge from previous tasks, 

we propose a framework that enhances the model’s ability to retain and recall information across 

a sequence of tasks. Experimental results demonstrate significant improvements in task retention 

and overall model performance, highlighting the potential of memory-augmented architectures in 

overcoming catastrophic forgetting. 
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1. Introduction 

Sequential task tuning in language models has become a significant area of research, particularly 

as these models are increasingly applied to diverse and evolving tasks. One of the key challenges 

in this field is catastrophic forgetting, where a model, after being fine-tuned on a new task, loses 

its ability to perform previously learned tasks[1]. This phenomenon is especially problematic in 

scenarios where models need to adapt continuously to new data while maintaining proficiency 

across all learned tasks. Traditional approaches to mitigating catastrophic forgetting, such as 

Elastic Weight Consolidation (EWC) and Progressive Neural Networks (PNNs), offer partial 

solutions but often struggle to scale effectively in large, complex models[2]. 

To address this challenge, we propose a novel approach that integrates external memory into the 

language model architecture. Memory-augmented models, such as Neural Turing Machines 

(NTMs) and Differentiable Neural Computers (DNCs), have shown promise in tasks requiring the 

retention and retrieval of information over long sequences. By leveraging these ideas, we aim to 

enhance the model's ability to store and access task-specific knowledge, thereby reducing the 

impact of catastrophic forgetting[3]. This approach allows the model to not only learn new tasks 
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more effectively but also retain critical information from previous tasks, ensuring a more robust 

and stable performance across a sequence of tasks. 

The integration of memory into the language model architecture represents a significant step 

forward in the design of systems capable of continual learning. By storing representations of 

previously learned tasks in an external memory module, the model can recall relevant information 

when needed, supporting the learning process for new tasks without compromising prior 

knowledge[4]. This paper explores the implementation of this memory-augmented architecture, 

evaluating its effectiveness in mitigating catastrophic forgetting through a series of experiments 

on sequential language tasks. Our findings indicate that this approach holds substantial potential 

for improving the long-term performance of language models in dynamic, multi-task 

environments. 

2. Background and Related Work 

The challenge of catastrophic forgetting in neural networks has been a focal point in the study of 

continual learning. Catastrophic forgetting occurs when a model, trained sequentially on multiple 

tasks, experiences a significant drop in performance on previously learned tasks due to interference 

from new task learning. This issue is particularly pronounced in deep learning models, which tend 

to overwrite learned features when exposed to new data. Early approaches to mitigating 

catastrophic forgetting include Elastic Weight Consolidation (EWC), which imposes a penalty on 

changes to important weights, and Progressive Neural Networks (PNNs), which use a new network 

for each task while retaining previous ones. Although these methods have shown promise, they 

often face limitations in scalability and efficiency, especially when applied to large-scale language 

models[5]. 

Recent advancements in memory-augmented neural networks offer a new direction for addressing 

catastrophic forgetting. Memory-augmented models, such as Neural Turing Machines (NTMs) and 

Differentiable Neural Computers (DNCs), incorporate external memory structures that allow 

models to read from and write to a memory bank. This setup enables the model to store and retrieve 

information over extended periods, which can alleviate the forgetting of previously learned 

knowledge[6]. These models have demonstrated their ability to handle complex tasks requiring 

long-term dependencies, making them a compelling option for overcoming the limitations of 

traditional methods. 

Additionally, techniques such as memory replay and dual-memory systems have emerged as 

effective strategies in combating forgetting. Memory replay involves re-exposing the model to 

data from previous tasks during the training of new tasks, while dual-memory systems maintain 

separate memory components for different types of information[7]. These approaches have shown 

success in preserving task performance across sequences but may require significant 

computational resources and sophisticated management of memory content. Our work builds upon 

these advancements by integrating an external memory module directly into the language model 
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architecture, aiming to enhance the model's ability to retain and recall knowledge without the 

overhead associated with traditional methods. 

3. Methodology 

The proposed methodology introduces an external memory module into a pre-trained language 

model to address catastrophic forgetting during sequential task tuning. This approach involves two 

key components: memory encoding and memory retrieval and integration. The integration of these 

components is designed to enhance the model's ability to retain knowledge from previous tasks 

while adapting to new ones[8]. 

Memory Encoding: During the fine-tuning process on a new task, the model generates task-

specific representations that are then encoded and stored in the external memory module. This 

memory module is structured to efficiently handle and organize information from various tasks, 

allowing for easy retrieval when needed[9]. The encoding process involves capturing essential 

features of the task-specific data and preserving them in a format that facilitates quick access. To 

optimize this process, we use techniques such as vector quantization and attention mechanisms, 

ensuring that the most relevant information is retained and effectively managed[10]. 

Memory Retrieval and Integration: When the model encounters a new task, it utilizes the memory 

module to retrieve relevant knowledge from previous tasks. This retrieval is guided by an attention 

mechanism that assesses the relevance of stored information based on the current task's context. 

The retrieved memory is then integrated into the model's learning process, aiding in the adaptation 

to the new task while preserving previously acquired knowledge. This integration is achieved 

through a combination of attention-based mechanisms and contextual embeddings that align the 

retrieved information with the current learning objectives[11]. 

To evaluate the effectiveness of this methodology, we conduct experiments across a variety of 

sequential language tasks, including text classification, sentiment analysis, and question 

answering. The experiments are designed to measure improvements in task retention and overall 

model performance[12]. Performance metrics such as accuracy, task retention score, and memory 

retrieval efficiency are used to assess the impact of the memory-augmented approach. By 

comparing the results of the memory-augmented model with those of a baseline model, we aim to 

demonstrate the advantages of incorporating an external memory module in mitigating 

catastrophic forgetting and enhancing sequential task learning. 

4. Experimental Setup 

To evaluate the effectiveness of the memory-augmented approach in mitigating catastrophic 

forgetting, a series of experiments were conducted using a suite of sequential language tasks. These 

tasks were carefully selected to encompass a diverse range of applications and domains, including 

text classification, sentiment analysis, and question answering. The objective was to assess the 

model’s ability to retain and perform on previously learned tasks while adapting to new ones[13]. 
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Datasets: The experiments utilized several well-established datasets to ensure robust and 

comparable results. The GLUE Benchmark was employed for text classification and sentiment 

analysis tasks, offering a diverse set of benchmarks to test the model’s generalization capabilities. 

For question answering tasks, the SQuAD dataset was used, providing a challenging environment 

for evaluating the model’s comprehension and retrieval skills. Additionally, the Sentiment140 

dataset was included to test the model's ability to handle sentiment analysis in a different context. 

Baseline and Memory-Augmented Models: The baseline model, which does not incorporate any 

external memory, was trained and evaluated across the sequential tasks to provide a reference 

point. The memory-augmented model, on the other hand, integrates an external memory module 

as described in the methodology. Both models were fine-tuned on a series of tasks in a sequential 

manner, with the memory-augmented model leveraging the external memory for knowledge 

retention and retrieval. Evaluation Metrics: To measure the effectiveness of the memory-

augmented approach, several metrics were employed: Accuracy: Evaluates the overall 

performance of the model on each task. Task Retention Score: Measures the model’s performance 

on previously learned tasks after fine-tuning on new tasks. This score helps assess the impact of 

catastrophic forgetting. Memory Retrieval Efficiency: Assesses how effectively the memory 

module retrieves relevant information for the current task, based on retrieval speed and 

relevance[14]. 

The experiments were designed to simulate realistic scenarios where models need to continuously 

adapt to new tasks while retaining knowledge from previous ones. By comparing the performance 

of the memory-augmented model with the baseline model, the goal was to highlight the benefits 

of incorporating an external memory module in enhancing task retention and overall model 

performance. 

5. Discussion 

The experimental results reveal significant improvements in the performance of the memory-

augmented language model compared to the baseline model, particularly in mitigating catastrophic 

forgetting. The memory-augmented model demonstrated enhanced task retention across all 

sequential tasks, maintaining high levels of accuracy even as new tasks were introduced. This 

improvement underscores the effectiveness of incorporating an external memory module, which 

allows the model to store and retrieve relevant information from previous tasks, thereby preserving 

learned knowledge[15]. 

The memory retrieval efficiency metrics indicated that the external memory module significantly 

contributed to the model’s ability to access previously acquired information. The attention 

mechanisms used for memory retrieval proved effective in prioritizing relevant knowledge based 

on the current task's context, leading to more accurate and contextually appropriate responses. This 

capability was particularly evident in tasks requiring nuanced understanding, such as sentiment 

analysis and question answering, where the model’s performance on earlier tasks remained robust 

despite the introduction of new ones[16]. 



Vol 1 Issue 2   MZ Journal of Artificial Intelligence 

5 

https://mzjournal.com/index.php/MZJAI 

 

One of the key observations was the model's ability to adapt to new tasks without significant 

degradation in performance on previously learned tasks. This result contrasts sharply with the 

baseline model, which experienced a notable decline in task retention as new tasks were 

introduced. The external memory module’s ability to store task-specific representations and 

facilitate their retrieval played a crucial role in this improved performance. Additionally, the 

memory-augmented model demonstrated greater flexibility and stability in handling sequential 

task learning, highlighting its potential for applications requiring continual learning and 

adaptation[17]. 

While the memory-augmented approach showed promising results, there are areas for further 

exploration. Future research could focus on optimizing memory management to handle even larger 

and more complex task sequences efficiently. Additionally, investigating hierarchical memory 

structures or adaptive retrieval strategies may further enhance the model's ability to manage and 

integrate knowledge across diverse tasks[18]. Overall, the results support the efficacy of memory 

augmentation in overcoming catastrophic forgetting and suggest that integrating external memory 

mechanisms could be a valuable advancement in the field of sequential learning. 

6. Future Directions 

Building upon the promising results of this study, several future directions warrant exploration to 

further enhance the capabilities of memory-augmented language models. One key area is the 

optimization of memory management strategies to handle larger and more complex task sequences 

efficiently[19]. This includes investigating hierarchical memory structures that could provide more 

granular control over stored information and improve retrieval accuracy. Additionally, 

incorporating adaptive retrieval mechanisms that dynamically prioritize memory entries based on 

their relevance to current tasks could enhance the model's performance. Exploring alternative 

memory architectures, such as attention-based or graph-based memory systems, may offer new 

insights into managing knowledge retention and retrieval. Furthermore, extending this approach 

to other domains, such as computer vision or reinforcement learning, could demonstrate its 

versatility and effectiveness across different types of data and tasks. Overall, these future directions 

aim to refine and expand the capabilities of memory-augmented models, addressing scalability and 

efficiency challenges while advancing the field of continual learning[20]. 

7. Conclusions 

In conclusion, this paper demonstrates that integrating an external memory module into language 

models significantly mitigates catastrophic forgetting and enhances performance in sequential task 

learning. By enabling the model to store and retrieve task-specific knowledge effectively, the 

memory-augmented approach preserves prior learning while adapting to new tasks, leading to 

improved task retention and overall accuracy. The experimental results highlight the potential of 

memory-augmented models in maintaining robust performance across diverse and evolving tasks. 

This advancement addresses a critical challenge in continual learning and opens new avenues for 
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further research in optimizing memory management and exploring novel memory architectures. 

As models increasingly face complex and dynamic learning environments, the integration of 

external memory mechanisms represents a promising strategy for achieving stable and efficient 

learning. 
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