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Out-of-Distribution (OOD) Detection

In-distribution sample

DNN

Test sample: bird 
(unseen category)

Softmax probability
---------------------------

Cat: 0.95
Dog: 0.05

Over-confident 
wrong predictions!

Out-of-distribution sample



Out-of-Distribution (OOD) Detection

DNN

Test sample: bird 
(unseen category)

Softmax probability
---------------------------

Cat: 0.51
Dog: 0.49

Reject low-confident 
predictions.

Uniform distributionSoftmax probability

Previous solutions:

In-distribution 
classification loss

Out-of-distribution 
detection loss

For example, in Outlier 
Exposure (OE)[1]:

[1] Deep anomaly detection with outlier exposure. In ICLR, 2019.
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Class index

Head-classes:
Well-represented in training set; 
high prediction confidence.

Tail-classes:
Underrepresented in training set; 
low prediction confidence.

OOD samples:
Expected to have low prediction 
confidence.

Categories excluded in the training set
(out-of-distribution data)

Categories included in the training set 
(in-distribution data)



Prediction confidence
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Prediction confidence
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Results on a head-class in CIFAR100-LT. Results on a tail-class in CIFAR100-LT.

Tail-class samples have lower 
prediction confidence and tend to be 

misclassified as OOD samples.

Prediction confidence 
threshold for OOD 
detection 

Prediction confidence 
threshold for OOD 
detection 



Outlier Exposure (OE) on 
CIFAR10

Outlier Exposure (OE) on CIFAR10-LT 
(long-tailed version of CIFAR10)

Tail classes heavily 
overlap with OOD 
samples. 

Head classes are 
well-separated from 
OOD samples. 



Existing OOD detection methods suffer significant performance drop when trained on long-tailed datasets.



Head-classes

Tail-classes OOD samples

OOD Detection on Long-Tailed Dataset

The challenge: DNNs get confused between tail-class 
in-distribution samples and OOD samples. 

Solutions?



Naively combining OOD detection methods with long-tail recognition (LTR) methods doesn’t bring significant gains.



LTR methods:
Encourage confident 
predictions on rare samples.

OOD detection methods:
Discourage over-confident 
predictions on rare samples.

Our solution:
1. Explicitly distinguish tail-class in-distribution samples from OOD samples.
2. Disentangle the model to two branches (sharing most parameters): One for 

OOD detection, and the other for in-distribution classification (LTR).



Partial and Asymmetric Supervised 
Contrastive Learning (PASCL)

[2] Khosla, P., Teterwak, P., Wang, C., Sarna, A., Tian, Y., Isola, P., Maschinot, A., Liu, C., and 
Krishnan, D. Supervised contrastive learning. In NeurIPS, 2020.

[1]



• We apply contrastive learning only on tail-class in-distribution and OOD data, not head-
class in-distribution data.

• Intuition: As shown previously, head-class in-distribution samples can be easily separated 
from the OOD samples, so we do not use an extra contrastive learning loss to explicitly 
push them away. 

Partiality



• We pull in-distribution samples within the same class together, but do not 
pull OOD samples together. 

• Intuition: OOD training set typically has huge diversity in order to be 
representative for the open visual world, and thus the OOD training samples 
are not necessarily from the same class.

Asymmetry



Auxiliary Branch Finetuning (ABF)

Intuition:
1. In-distribution and out-of-distribution samples 

have different underlying distributions.
2. It is challenging to achieve anomaly detection 

and long-tailed in-distribution classification 
using a shared classification head. 

[3] Intriguing properties of adversarial training at scale. In ICLR, 2020.



Auxiliary Branch Finetuning (ABF)

Our PASCL loss function

Cross-entropy loss

Reduce prediction confidence 
on OOD training samples. 

Stage 2: Finetune BN and FC layers in auxiliary branch 
using logit-adjustment (LA) cross-entropy loss [2] on in-
distribution data. 

[4] Long-tail learning via logit adjustment. In ICLR, 2021.





Results on CIFAR10-LT



Results on CIFAR100-LT



Results on ImageNet-LT



Ablation study on each component in PASCL



Thank you!

• Code and pre-trained models are available at 
https://github.com/amazon-research/long-tailed-ood-detection

https://github.com/amazon-research/long-tailed-ood-detection

