
Making Pre-trained Language Models 
Better Continual Few-Shot Relation 

Extractors

Shengkun Ma*, Jiale Han, Yi Liang, Bo Cheng



Introduction

What is Continual Few-shot Relation Extraction (CFRE) ?

• Continual learning in low resources, a practical problem.

• Relation extraction, a fundamental task in NLP.

What are the challenges?

• Catastrophic forgetting, 

after learned new tasks.

• Overfitting, especially 

with sparse training data.



Related work

Current methods for CFRE:

• Qin and Joty (2022) introduce embedding space regularization and data 

augmentation from external data sources.

• Wang et al. (2023) introduce serial contrastive knowledge distillation to 

preserve the prior knowledge, thus addressing catastrophic forgetting.

• Chen et al. (2023) design a consistent prototype learning method to 

mitigate catastrophic forgetting.

While remarkable performance, they do not fully explore the rich 

inherent knowledge embedded within Pre-trained Language Models 

(PLMs) to effectively combat catastrophic forgetting and overfitting.



Method

Motivation:

• Recently, prompt learning is popular for its 

magic ability to unlock the potential of 

PLMs (Lester et al., 2021) and has been 

widely proven to be simple and effective, 

especially in the few-shot setting (Gao et 

al., 2021; Gu et al., 2022).

• To the best of our knowledge, this is the 

first exploration of prompt technologies in 

the CFRE task.



Method

• Prompt representation -> hybrid prompt template

• Contrastive learning -> margin-based contrastive loss

• Memory augmentation -> data augmentation by LLMs

Contrastive Prompt Learning framework (CPL)：



Method

Hybrid prompt template:

• Converts RE from classification to text infilling task. 

• In this way, PLM tends to learn general knowledge, becoming adept 

at identifying previous and novel relations, thereby mitigating 

catastrophic forgetting. 



Method

Margin-based contrastive objective:

• Makes the model focus more on hard samples. 

• Thereby takes a more uniform feature distribution, which effectively 

alleviates overfitting. 



Method

Data augmentation by LLMs:

• Leverage the power of LLMs 

to bolster smaller PLMs. 

• To further remedy overfitting in 

low-resource scenarios, well-

crafted prompts to guide LLMs 

like ChatGPT in generating 

diverse samples. 



Experiments

Compare to CRE models：
• CPL outperforms all CRE 

models and achieves SOTA.

Compare to CL methods：
• CPL outperforms them by a 

large margin. 

Compare to DA methods：
• CPL achieves significant 

improvements.

Compare to borderlines：
• CPL achieves close 

performance to the upper 

bound Joint-train.

Main results:



Experiments

• Hybrid prompt achieves the best performance.

• The result of hard prompt is close to hybrid prompt.

• Soft-only prompt leads to a low result.

Analysis of Prompt Representation:



Experiments

• The feature space of MCL is more uniform than SCL, 

and samples with different relations are discriminative.

Visualization of Contrastive Learning:



Conclusion

• Prompt learning can effectively mitigate the catastrophic forgetting 

problem in continual learning.

• Margin-based contrastive objective can alleviate the overfitting problem in 

CFRE to some extent.

• LLMs can generate high-quality and diverse samples, further alleviating 

overfitting by memory augmentation strategy.

Findings:
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