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Background

Goal: locating ID features in low-dimensional subspace while OOD features in the rest dimensions.   

Neural Collapse phenomenon[1]

[1] Papyan V, Han X Y, Donoho D L. Prevalence of neural collapse during the terminal phase of deep learning training[J]. Proceedings of the National Academy of Sciences, 2020

Principal subspace of ID features: ID features within a class are nearly identical to the FC weight of the corresponding class

DNNs cannot correctly classify out-of-distribution data, whose distribution is different from training data

Utilizing auxiliary OOD data to finetune the model improves detection performance

Existing methods focus on enlarging the model output difference between ID and OOD data

Can we enlarge the feature difference between ID and OOD data?



Feature Separation Method

Existing works pay attention to the output separation in model finetuning, e.g. Outlier Exposure[2] 𝐿𝑂𝐸 = −σ𝑗=1
𝑐 log 𝑓𝑗(𝑥)

Difficulty of feature separation: hard to describe feature distribution; pair-distance too expensive to calculate

Loss function design:

𝐿𝐶𝑙𝑢 = −𝑧𝐼𝐷
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[2] Hendrycks D, Mazeika M, Dietterich T. Deep anomaly detection with outlier exposure[J]. arXiv preprint arXiv:1812.04606, 2018.



Feature Separation Performance

Final optimization function: 

min𝔼 𝑥,𝑦 ~𝐷𝑖𝑛 𝐿𝐶𝐸 + 𝛼𝐿𝐶𝑙𝑢 + 𝔼𝑥~𝐷𝑜𝑢𝑡𝑎𝑢𝑥(𝜆𝐿𝑂𝐸 + 𝛽𝐿𝑆𝑒𝑝)

• Left: vanilla model, feature entanglement

• Middle: OE model, larger feature distance, but 

not use z-axis dimension

• Right: our model, the largest feature distance, 

utilize z-axis dimension



Experiment

Setup

• 3 different modes trained on CIFAR10 : 

WideResNet-40-2, ResNet18, DenseNet121

• 2 different modes trained on ImageNet-1K: 

ResNet50, ViT-B-16

• 11 compared OOD detection methods:

MSP, Energy, Maha, KNN, CSI, CIDER, KNN+,

OE, Energy-OE, POEM, DAL

Result

• consistently superior performance on 

CIFAR10, CIFAR100, and ImageNet 

benchmarks



Experiment

• Near-OOD setting • Contribution of each loss

• Versatility of method

min𝔼 𝑥,𝑦 ~𝐷𝑖𝑛 𝐿𝐶𝐸 + 𝛼𝐿𝐶𝑙𝑢 + 𝔼𝑥~𝐷𝑜𝑢𝑡𝑎𝑢𝑥(𝜆𝐿𝑂𝐸 + 𝛽𝐿𝑆𝑒𝑝)



Conclusion

A pioneering study explores pursuing ID-OOD feature separation in model-finetuning based detection

• Feature separation based on low-dimensionality, avoiding complex distribution modelling

• Novel loss function based on feature instead of output, serving as a better baseline 

• Extensive experiments on different models and datasets
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