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Laplacian Metric Lerner (LAM)
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Laplace Approximation
(Feasible thanks to nnj library)



Contrastive Loss
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Proposition: The Contrastive loss is equal, up to an additive constant, to a negative log-likelihood



Reliable stochastic embeddings
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Embedding uncertainty for 
corrupted input image:

• noise

• occlusion

• blur



Out of Distribution detection
On out-of-distribution (OoD) data we measure the Area Under Receiver Operator Curve (AUROC), and Area Under Precision-Recall Curve (AUPRC)

ROC on FashionMnist and Cifar-10



Calibrated Uncertainties
On in-distribution (ID) data we measure Area Under the Sparsification Curve (AUSC) and Expected Calibration Error (ECE)

Sparsification Curves on MSLS monotonically increase for LAM Calibration Error on FashionMnist and Cifar-10, LAM is near-perfect
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and see you at the poster session Tue 12 Dec 5:15 pm


