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Background

n Out-of-Distribution Detection (OOD Detection)
¨ Problem Setting

n Let 𝒴!" denotes the set of known classes (in-distribution, ID) for a given classification task

n Given a test sample 𝑥, if its label 𝑦 ∉ 𝒴!", then 𝑥 is considered as an OOD sample

n Formally, fox sample 𝑥, a decision function 𝐷:𝒳 → {𝐼𝐷, 𝑂𝑂𝐷} is constructed with a score function 𝑆 as 
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𝐷 𝑥 = $
𝐼𝐷, 𝑖𝑓 𝑆 𝑥; 𝑓 ≥ 𝜆

𝑂𝑂𝐷, 𝑖𝑓 𝑆 𝑥; 𝑓 < 𝜆

How can we more effectively leverage the discriminative information to maximize 
the separability between ID and OOD samples?
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Motivation

n Observations: different logits patterns for ID/OOD samples
¨ ID samples tend to produce sharper, more peaked logit distributions
¨ OOD samples often yield flatter, more uniform logit distributions
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Logit StatisticsIndex of topN logits

Our Idea: Exploit the distributional differences between ID and OOD logits
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Method

n LogitGap
¨ Measure the average difference between the maximum logit and other logits

n LogitGap-topN
¨ Focus on a more compact and informative subset of logit

¨ Logits Selection
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Method

n Theoretical Support
¨ From the respective of FPR
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In Short: When the temperature 𝜏 > 2(𝐾 − 1) ,
FPR of LogitGap is guaranteed to smaller than
that of MCM.
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Experiments

¨ Setting
n Datasets

n Evaluation Paradigms
¨ OOD Detection based on Vision-Language Model

§ Zero-shot Setting

§ Few-shot Setting
¨ Traditional OOD Detection
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ID Dataset Detection Senario OOD Dataset
ImageNet / 

ImageNet100 
Semantic Shift NINCO ImageNet-O ImageNetOOD
Covariate Shift ImageNet-A ImageNet-R ImageNet-Sketch
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Experiments

¨ Results
n Semantic Shift OOD Detection based on VLM 
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Zero-shot

Few-shot
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Experiments

¨ Results
n Covariate Shift OOD Detection based on VLM
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Experiments

¨ Results
n Traditional OOD Detection 
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LogitGap consistently outperforms all post-hoc methods and further improves auxiliary-data methods
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Experiments

¨ Ablation Studies
n Influence of the Hyperparameter N
n Different Variants of LogitGap
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Thanks!

11


