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Introduction
Lexical and Neural-based metrics share 
a list of limitations:

Methods

Experiments

Main Takeaways

• improved results on uncertainty prediction for the 
WMT metrics task datasets

• a substantial reduction in computational costs 
(compared to MCD and DE)

• the ability of new uncertainty predictors to target 
different aleatoric and epistemic uncertainty 
sources in MT evaluation, such as:
◦ low quality references
◦ out-of-domain data

Results for segment-level DA and MQM

Results for segment-level DA and MQM
Sharpness: Epistemic uncertainty caused by out-of-domain data

Identification of noisy references

●  Direct uncertainty prediction (DUP)

● Heteroscedastic regression (HTS)

● KL-divergence minimization (KL)

a two-step approach which uses supervision over 
the quality prediction errors 

estimates input-dependent aleatoric uncertainty 
and can be combined with MC dropout 

estimates uncertainty from annotator 
disagreements, when multiple annotations are 
available for the same example

● lack of robustness
● lack of reliability
● lack of interpretability in scores
● …

to fill this gap and improve 
the existing metrics

Our goal:

Evaluation Metrics

Predictive Pearson Score (PPS)

Uncertainty Pearson Score (UPS)

Negative Log-Likelihood (NLL)

Expected Calibration Error (ECE)

Sharpness (sha)

Quality prediction accuracy:

Uncertainty-related accuracy:

Combination:
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