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Harmonizing OOD generalization and detection

• OOD generalization: generalize to covariate-shift OOD data
• OOD detection: reject unknown semantic-shift OOD data

Covariate-shifted OOD

ID
Semantic-shifted OOD

?



A Real-World Scenario
Labeled ID data
(known class) Unlabeled wild data

ID Covariate-shifted 
OOD 

Semantic-shifted 
OOD

[1] Bai, Haoyue, et al. "Feed two birds with one scone: Exploiting wild data for both out-of-distribution generalization and detection." International Conference 
on Machine Learning. PMLR, 2023.



We can perform analysis on a semantic graph!
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Augmentation Graph

Node: Augmented Images

Edge Weight (semantic connections): Probability of two images being considered as 
positive pairs

…



Two Cases of Positive Pairs
Unsupervised Case 𝑤!!"

($) Supervised Case 𝑤!!"
(&)

Any image 𝑥

Any image pairs 𝑥, 𝑥′ 
in the same class 𝒴𝒍
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Augmented image 𝑥, 𝑥′
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Spectral Contrastive Learning with Wild Data

Edge weights: 𝑤!!" = 𝜂#𝑤!!"
(#) + 𝜂&𝑤!!"

(&)

Adjacency Matrix: 𝐴 = 𝜂#𝐴(#) + 𝜂&𝐴(&), 𝑤ℎ𝑒𝑟𝑒	𝑒𝑛𝑡𝑟𝑦	𝐴!!" = 𝑤!!′

Normalized Adjacency Matrix: /𝐴 ≜ 𝐷'
!
"𝐴𝐷'

!
", where 𝐷 is a diagonal matrix with 𝐷!! = 𝑤!
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ℒ 𝑓 	≜ −2𝜂&ℒ) 𝑓 − 2𝜂$ℒ* 𝑓 + 𝜂&*ℒ+ 𝑓 + 2𝜂&𝜂$ℒ, 𝑓 + 𝜂$*ℒ-(𝑓)
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The closed-form embedding is known!

Optimal Solution (low-rank approximation)

𝑳𝒎𝒇 𝑭, 𝑨 = :𝑨 − 𝑭𝑭( 𝑭
𝟐

…

… …
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SVD Decomposition Choose Top-k and Scaling

We can analyze the feature 
space with spectral 
analysis of the adjacency 
matrix!



A Toy Example

Samples Distribution Labeled Class label Domain 
label

ID ✔ Angel Sketch

ID ✔ Tiger Sketch

Covariate 
OOD

❌ Angel Painting

Covariate 
OOD

❌ Tiger Painting

Semantic 
OOD

❌ Panda Cartoon



Evaluation Protocols

OOD generalization:
• Linear probing error: the number of misclassification samples in the covariate-shifted domain.

ℰ 𝑓 ≜ 𝐸!̅∼*#$%&'()*+),-[𝑦(�̅�) ≠ ℎ(�̅�; 𝑓,𝑀)]

OOD detection:
• Separability: the extent of separation between ID and semantic OOD data.

𝑆 𝑓 ≜ 𝐸 +!+∼*+.,	!̅/∼*'0,1-2).,+& 𝑓 �̅�. − 𝑓 @𝑥/ 0
0



Derive the embedding space by eigen-decomposition

Augmentation Transformation Probability:

𝒯 𝑥 �̅� =

𝜌	𝑖𝑓	𝑦 �̅� = 𝑦 𝑥 , 𝑑 �̅� = 𝑑 𝑥 ;
𝛼	𝑖𝑓	𝑦 �̅� = 𝑦 𝑥 , 𝑑 �̅� ≠ 𝑑 𝑥 ;
𝛽	𝑖𝑓	𝑦 �̅� ≠ 𝑦 𝑥 , 𝑑 �̅� = 𝑑 𝑥 ;
𝛾	𝑖𝑓	𝑦 �̅� ≠ 𝑦 𝑥 , 𝑑 �̅� ≠ 𝑑 𝑥 .
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Linear Probing Error & Separability

Evaluation I: linear probing error
• ID classifier of Misclassification in covariate OOD data
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Evaluation II: separability
• Euclidean distance between ID and semantic OOD data
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Impact of Semantic OOD Data

Evaluation I: Linear Probing Error
• ID classifier of Misclassification in covariate OOD data

ε 𝑓2 = 0, 𝑖𝑓	𝛼 > 0, 𝛽 > 0

Evaluation II: Separability
• Euclidean distance between ID and semantic OOD data

𝒮 𝑓1 − 𝒮	(𝑓2) = E> 0, 𝑖𝑓	𝛼", 𝛽" ∈ 𝑏𝑙𝑎𝑐𝑘	𝑎𝑟𝑒𝑎𝑠
< 0, 𝑖𝑓	𝛼", 𝛽" ∈ 𝑤ℎ𝑖𝑡𝑒	𝑎𝑟𝑒𝑎𝑠

Heatmap of 𝑺 𝒇𝟏 − 𝑺(𝒇𝟐) 𝟏(𝑺 𝒇𝟏 − 𝑺 𝒇𝟐 )

Better OOD generalization performance! 
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Empirical Experiments

Dataset setup:
• ID: CIFAR-10. Covariate OOD: CIFAR-10-C. Semantic OOD: SVHN, LSUN-C, Textures, etc.



Further Analysis

(a) OOD detection score distribution (b) T-SNE visualization of embeddings

[1] Sun, Yiyou, et al. "Out-of-distribution detection with deep nearest neighbors." International Conference on Machine Learning. PMLR, 2022.



Summary 

• Propose a novel graph-theoretic framework for understanding both OOD generalization 
and detection

• Provide theoretic insight by analyzing closed-form solutions for OOD generalization 
and detection error

• Demonstrate strong OOD generalization and detection capabilities and provide 
empirical evidence of its robustness and alignment with our theoretical analysis


