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MOTIVATION

Contributions

£ os z%‘o}, £ o6 1. Integrate a lightweight adapter module into the meta-learning
5 03 5 03 5 03 framework to enable relation-specific adaptations of global prior
z g g to local task in the meta-testing stage.
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Figure 1: Pairwise cosine similarity of relations. Instances for better adaptation to novel relations.

Problem

e Assumption In conventional meta-learning: meta-training and meta-testing tasks are independently and identically
distributed (i.1.d.).

e Due to the data distribution shift, the learned function from meta-training relation tasks would not be able to make
accurate predictions for downstream novel relation tasks in meta-testing.

Preliminaries & Methodology
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Figure 2: Illustration of key concepts in RelAdapter, hinging on an entity-aware adapter (a, b) in the meta-testing Rel atl On-S p eC I fl C ad aptatl on Ran k| n g Score
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Experiments & Conclusion

Table 4: Number of parameters of our adapter w.r.t. MetaR.
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Table 2: Performance comparison against baselines in the 3-shot setting. (Best: bolded, runners-up: underlined). MetaR 241:9673556 1 :6501206 234:306
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