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They're really difficult for plants to produce.
Pflanzen haben grosse Muihe sie zu produzieren.

MT1: Sie sind wirklich schwer far Pflanzen zu produzieren. MT2: Pflanzen haben es wirklich schwer, sie zu produzieren.
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Can we determine how confident our metric is and why?
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5;.Variance-based methods which do not

Can we learn directly from the metric error (€)?
target specific uncertainty sources

** Direct Uncertainty Prediction (DUP)

Can we learn from annotator disagreement?

** KL-divergence minimisation: estimate uncertainty from annotator
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Sharpness (average uncertainty) on two En-Ru test
sets from the WMT21 metrics task
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Correctly recognized references with higher quality (r, vsr)
by different uncertainty predictors on the En-De news data




