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Tim G. Zhou, Evan Shelhamer, Geoff Pleiss

Bigger models are more accurate but costlier,

Fractional Additional Computation
can we measure uncertainty with little computation? P

Improves Predictions

Overview of Asymmetric Duos

Asymmetric Duos improve the uncertainty of predictions
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Measuring Uncertainty for Deep Learning

In high-stakes applications, knowing when a model is uncertain is l l
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y Learned Weighted Average Simple Average
Large and small models are fine-tuned independently, no joint training.

as important as the prediction itself. Meaningful uncertainty

predictions unlock smarter downstream decision making.

Uncertainty Separability

ol W e = oo || Aggregating Predictions for Duos

[ Incorrect Predictions
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uncertainty than correct predictions.
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Risk-Coverage Tradeoff
30 ‘emperatures are tuned on the val. set used for hyperparameter tuning.

(Abstain on uncertain examples - lower risk| E""'EZR%?) _ ,
small=0 » small model doesn’t help; revert to large model preds.
'small>0 » small model improves predictions of large model

Synergy with Predictive Power
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Separability is most useful when the
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model is already accurate. This synergy AUROC
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enables selective classification—
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Measuring Computational Cost of Asymmetric Duos

We measure asymmetry as the relative increase in forward FLOPs per
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