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Introduction

1. Out-of-distribution detection
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3. Feature extraction and combination
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4. OOD detection tasks

In-distribution (train & test set) Out-of-distribution Module types AUROC for
Synthetic artefact tasks 0.9 e Conv Mahalanobis over
' £ . IENLU the modules of
Synthetic Q0.8 ! Me . ResNet18 for
| EaEnEs > A synthetic square of
. added to ID <DE 07 | +  Residual . 0
2 test cases ) | I AvgPool Size lOA (purple),
- | o o ] o "y ¢  Flatten /7.5% (green) and
Cardiomegaly  Pneumothorax Square artefact  Ring artefact Ko J * § § ~, % § § x  FC Most common layer to 5% (blue) of the
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10 T——— Square artefact
odule types | a0
Scans of Scans of 0.91 . e Conv . 0.4 0.33 e AUROC for
\ Male patients Female patients 20 & A : . iNLU 0.21 Mahalanobis over
- with no with no O 0.8 e
support device support device Q 4 MaxPool | ool Mgl NSNS Mooz ooo1 It'\’he Ir\lnoc_ilu les of
2 0.7 AF S tefact i Resiuug Ring artefact ¢ esNet18 for
, 2 7 o uare artefac . '
No Pleural Effusion Pleural Effusion No Pleural Effusion Pleural Effusion vou' ° ’ Augheo) 0.4] - Synthetlcgrey
i © o o o ¢ Flatten | . squares (purple)
. . 0.61 |7, = 5 = 5 = x FC 20 o ' d whiteri
New test-bed for OOD detection: new public manual N - : : - sl and white rings
8 S 8 8 X 55 | | | | 01.03 (Orange).
annotations of pacemakers & su pport devices in CheXpert 05, IS 0 T e = , 3 = o 12 s 4
: ’ Module of ResNet18
[} 0 1 2 3 4 Calculate weight a using logistic regression
A The layers used for weighted combination (section 3) are highlighted in blue, and the weightings a, for each layer are shown on the right.
S T | Different OOD patterns are optimally detected at different depths of a network
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6. Experiments on real OOD data 7. Finding thresholds for multiple detectors
Branch 1 Brar}ct\ g BraD!nctl 1[3 BraDr}cbé} e
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ok ;u P T A RAWIALY ¥ g j | AvgPool < AUROC for Mahalanobis over the modules of ResNet18 for Show it is feasible and can improve upon single detectors.
o iod ** { J : 3! ¢| Flaiten unseen pacemaker (green) and unseen sex (pink).
v | | | | o L ol LA | MBM branches shown with grey brackets.
0 10 20 30 40 50 60 70
Module of ResNet18
Maximum class Probability 58.4 58.3 Maximum class Probability 57.0 56.6
Monte Carlo Dropout 58.4 58.4 Monte Carlo Dropout 57.0 56.7 Mahal score. (equally 67.64 63.63 70.37
Deep Ensemble 59.7 60.0 Deep Ensemble 58.3 57.7 weighted comb w/o LHL)
ODIN * 66.1 70.3 ODIN* 60.4 64.4 Mahal. score (weighted 68.14 64.89 70.80
Mahal. Score (LHL) 57.1 55.8 " hI\/Ilastral. Siillr—IGL(LIF_ICIS_)SM) 55.6 55.2 comb with optimised «;)
Mahal. Score (LHL+FGSM)* 57.4 57.5 ahal. Score + * 55.8 57.0 .
Mahal. Score (weight. comb) 64.5 66.0 Mahal. Score (weight. comb) 64.3 63.0 m‘e“fb'gr;”;h WIRITEL 7140 s VEuL
Mabh. Score (w. Comb w/o LHL) 71.4 67.4 Mah. Score (w. Comb w/o LHL) 70.3 66.7 Y
M. Score (opt. Layer - Oracle)* 75.1 (module 51) 76.4 (module 40) M. Score (opt. Layer - Oracle)* 72.2 (module 44) 76.3 (module 43) A
Multi-branch Mahal. (MBM) 61.9 66.2 69.6 76.1 604 60.3 67.1 75.0 Multi-branch Mahal. (MBM) 634 67.5 708 70.6 62.7 642 678 74.7 . .
MBM (only ReLUs) 63.6 688 71.7 762 612 638 71.7 76.2 MBM (only ReLUs) 64.9 693 71.8 70.2 63.8 662 69.7 764 Balanced accuracy for simultaneous detection of 2 OOD patterns,
MBM (only ReLUs) + FGSM*  63.6 68.8 73.1 76.8 61.2 63.8 74.1 77.0 MBM (only ReLUs) + FGSM* 649 69.3 72.1 714 63.8 66.2 704 78.0 showing a multi-detector system can improve OOD detection over
AUROC for OOD detection methods for a) unseen pacemaker and b) unseen sex OOD tasks. Bold highlights the best result of methods, not optimised single-detector systems.

\ A including oracle methods representing a theoretical upper bound. * methods with hyperparameters optimised on OOD data. / \ /
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