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Learning ODIN
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Out-of Distribution Detection Goal  is to identify samples outside of a
predetermined distribution, which is defined as In-Distribution. At
training time only normal data is available. Area Under ROC Curve
(AUROC) and FPR95  are  the standard evaluation metrics.
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Problem Statement

Out of Distribution

ODIN OOD Detector:
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Introduction

Implementation
Code is available!

OOD Algorithm

Gradient Distribution
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Our NEW Regularization Term
We Reformalize ODIN's Decision Rule:

We take the Taylor expansion  of the sofrmax
with the perturbed image             around 

Plugging this into the ODIN decision rule, we get:

The term 'large' is ill-defined ('large' compared to
what?). Instead, we introduce a Gradient Quotient
(GQ) loss term:

This way, the term 'large' refers to the softmax
scores of the rest of the class labels.  

We suggest to train networks with this as a
regularization term:

GQ works both for High Resolution and Low Resolution Images.
It is possible to use GQ for fine tuning, which lets us work with pre-trained models.

OOD Performance

CIFAR-10 as ID: Adding GQ to any of the
architectures improves results. Our approach
achieves best results for all metrics compared to
baseline models.

High Res. Images

(3)

GQ also works for High Resolution
images (ImageNet).  
It is possible to use GQ for fine
tuning, which lets us work with 
pre-trained models.

(2)

ODIN is a prevailing OOD
framework.

ODIN assumes that the logit
gap is maximal for In-
Distribution samples.

We encode this assumption into the loss function. 
So we learn what ODIN is expecting. 

When our loss term is
added, the distribution

for In- Disrtibution
samples is wider than in

the case of classical
training (CE-loss).



  

