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Introduction 1. What is Out-Of-Distribution (OOD) detection?

OOD detection methods give a scoring

unction S (x) to each image x
Out-of-distribution J ( )A 3

Reliable neural networks must detect inputs Paper available at:
that are out-of-distribution (OOD).
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2. O0OD Detection benchmarks 3. Out-of-distribution Detection Methods: Confidence-based & Feature-based
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4. Experiments on OOD detection tasks

b) Why do confidence-based methods
have poor OOD detection?

a) OOD detection and failure detection evaluation

BreastMNIST task, ResNet18 model BreastMNIST task, VGG16 model . o ,
_ 66 I Synthetic image without artefact
X /00D detection method \ g . ® [ W Image LRP heatmap Softmax dist.
O 1 L & Confidence-based @) x R T L
8 70 . ] l. S - “,
onfidence-based % % I
?,: ‘ Optimised params D . £ |
= i < S Correct
% \I Feature-based y é .. diagnosis
O _ 8 | 0.01
Dataset was created with inter-image interpolation, using a patch g o0 % . i Original | th artefact O Neves "ot
from the same image to remove OOD artefacts. v o - ¢ ' PHisInatimage With artetac .
= ] = Image LRP heatmap Softmax dist.
0 > ZamEERE T ] - u | 1 ﬂ
50 ' ' 50 ' ' ' ' ' :
55 60 . 75 45 03 63 75 Very confident
Out-of-distribution detection AUROC (%) Out-of-distribution detection AUROC (%) mistake
ki I D7P task, ResNet18 model o D7P task, VGG16 model 0 Nom ot
Original Mask nterpolation Result 9 e — OQOD artefacts can lead to high confidence predictions
- O ' 96 B 4 which confidence-based methods won’t detect!
= Access this new data _ g - g -
=] 2 | =I P~ Key Takeaways
* Annotationsfor 2 new ] S gy m G 5 e Out-of-distribution detection # Failure detection
OOD benchmarks L= g = g | |
e Pixel|-wise artefact masks -El:i"' © Q B B | e Confidence-based methods typically outperform
e 8 8 o _ ° °
e 478image counterfactual " £ -~ £ m  feature-based methods at Failure Detection
O (qv] gy} - °
datasets L - e ® | o Feature-based methods typically outperform
- ' o ' - e confidence-based methods at OOD Detection

Out-of-distribution detection AUROC (%)  Out-of-distribution detection AUROC (%)

5. Combining OOD detection methods to mitigate their weaknesses

b) Results for a confidence and a feature-based method (and a combination) c) In-depth insights

a) Method for studying diagnoses above S (x) threshold
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