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Introduction '
What is Continual Few-shot Relation Extraction (CFRE) ?
« Continual learning in low resources, a practical problem.
* Relation extraction, a fundamental task in NLP.
i]m| |f>continual learning
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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
iInherent knowledge embedded within Pre-trained Language Models
(PLMs) to effectively combat catastrophic forgetting and overfitting.
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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.
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Method

Contrastive Prompt Learning framework (CPL):

Current task training Memory replay
. MCL Loss MCL Loss
|Leanring Task 7+ Contrastlve
- vy Input: = Steve Jobs is the co-founder of Apple Inc.
|Learnmg Task 7 Prompt Template: | [v] Steve Jobs [v] [MASK] [v] Apple Inc. [v]
Representation 4
v Prompt ‘
“ i+l
|Learmng Task T Memory Current training data Augmented data

l Augmentation ' > A
ChatGPT

Prompt representation -> hybrid prompt template
Contrastive learning -> margin-based contrastive loss
Memory augmentation -> data augmentation by LLMs
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Hybrid prompt template:

Input:  Steve Jobs is the co-founder of Apple Inc.
Template: [v] Steve Jobs [v] [MASK] [v] Apple Inc. [v]

« 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.
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Margin-based contrastive objective:

) EXP\&ip - Sip/T
[:MCL (Z) _ Z log ( Zp(z) p/ ) ,
pEP(1)

« Makes the model focus more on hard samples.
« Thereby takes a more uniform feature distribution, which effectively
alleviates overfitting.
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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.

Prompt:

One sample in relation extraction datasets con-
sists of a relation, a context, a head and tail entity.
The head entity has the relation with the tail entity.
Relation founded by means an organization was
found by a person.

Here is an example:

Relation: founded by

Context: Steve Jobs is the co-founder of Apple
Inc.

Head Entity: Steve Jobs

Tail Entity: Apple Inc.

Please generate n samples for relation founded

by:
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Main results:

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.

FewRel (70-way 5-shot)

Method ™ T Tt Tt Tt Tt 7T Tt

Finetune 9458 4167 2642 2079 1663 13.09 1127 978
Joint-train 95.07 88.16 83.08 79.67 77.85 7511 7262 70.33
EMAR+ACA* (Wang etal., 2022) 94.75 7833 69.01 67.17 6555 61.77 60.04 58.48
InfoCL* (Song et al., 2023) 9538 7892 7263 69.05 6675 63.36 60.65 58.90
RP-CRE' (Cui et al., 2021) 93.97 76.05 7136 69.32 6495 61.99 6059 59.57
CRL' (Zhao et al., 2022) 9468 8073 7382 7026 6662 6328 6096 59.27
CRECL' (Hu et al., 2022) 9393 8255 7413 69.33 66,51 6460 6297 59.99
ERDA' (Qin and Joty, 2022) 9243 6452 5031 4492 3975 3636 3434 31.96
SCKD* (Wang et al., 2023) 9475 8256 7598 72.04 7053 67.02 6473 62.87
CPL (ours) 9487 8514 7880 7510 7257 6957 66.85 64.50

TACRED (5-way 5-shot)

Method ™ T Tt Tt T Tt 7Tt

Finetune 88.12 2326 1723 1630 14.19 964 947 7.90
Joint-train 88.40 8365 74.40 71.36 6561 64.01 61.13 58.26
EMAR+ACA¥ (Wang etal., 2022) 88.06 7155 63.57 51.84 46.03 46.31 4255 39.78
InfoCL* (Song et al., 2023) 8745 7535 6594 5910 5224 4942 4452 4037
RP-CRE' (Cui et al., 2021) 87.32 7490 67.88 60.02 5326 50.72 4621 44.48
CRL' (Zhao et al., 2022) 88.32 7630 69.76 61.93 5468 5092 47.00 44.27
CRECL' (Hu et al., 2022) 87.09 7809 6193 5560 5342 5191 4755 4553
ERDA' (Qin and Joty, 2022) 81.88 5368 40.36 3617 3014 2261 2229 1942
SCKD* (Wang et al., 2023) 88.16 7889 7168 6499 6113 5792 5318 51.11
CPL (ours) 8627 8155 7352 68.96 63.96 6266 59.96 57.39
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Analysis of Prompt Representation:
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« Hybrid prompt achieves the best performance.
« The result of hard prompt is close to hybrid prompt.
« Soft-only prompt leads to a low result. \



Experiments

Visualization of Contrastive Learning:
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* The feature space of MCL is more uniform than SCL,
and samples with different relations are discriminative.



Conclusion

Findings:

» 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.
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