Cross-Domain Label-Adaptive Stance Detection
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Summary Datasets Results

In-Domain
Train/Test on all datasets

Stance expressions can take different
forms, e.g.

Out-of-Domain

Leave-one-out for testing, train on the rest
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Data comes from various domains (ru- — (well-known) Positive, Negative, etc.

mours, news, politics, etc.) — (additional) Neutral, etc.

| o - — (unusual) Other, Question, etc.
The above issues limit generalisation and

cross-domain studies

We introduce MoLE, which combines

— Mixture of Experts

— Domain-Adversarial Training Correlation Analysis
— Label Embeddings
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e Social Media, Tweets are the

Novel framework (MoLE) combining Headline (Binary)
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MoLE outperforms both in-domain and ) C Sentence (Binary)
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Thread (Binary)

Download the data, and try your own models! Tweet (Binary)

https://github.com/checkstep/mole—stance

Correlation analysis between perfor-
mance and several dataset characteristics
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