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Political discourse on Twitter is constantly evolving Can we use genre-specific signals

to fine-tune models to capture
meaningful ideological distances
between parties?

P Reliable annotation of policy-related topics to
capture ideological positions virtually impossible

P Need for coordinates to assess political positions
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Does hashtag fine-tuning work? How much data? Temporal differences?
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RESULTS
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Hashtag-tuned sentence encoders Correlations are stable  Stable correlations sampling >3 months.
outperform other models. until <200k Tweets.  Pronounced differences on a monthly level.
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