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Rectified Lagrangian for Out-of-Distribution Detection

• RecLag-based MHNs yield higher OOD detection performance over 
existing energy-based methods on average using nine image datasets.

Contributions

MHNs are energy-based models that can retrieve a semantically 
relevant data for a given query data.

Background- Modern Hopfield Networks (MHNs) 

Issue of MHN
For an out-of-distribution (OOD) query, MHN inevitably associates an 
inappropriate in-distribution (ID) data.

• To address this, we propose Rectified Lagrangian (RegLag) that explicitly 
incorporates OOD queries  with a specially designed attractor in the 
dynamical system of MHNs.
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2. Large-Memory MHNs

General Formulation of Energy Function

Large-Memory Lagrangian Functions
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Energy landscape with attractors Issue: An OOD query is associated with an irrelevant attractor.
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Proposed Method: RecLag

Evaluation
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We replace the hidden-layer Lagrangian with:
Rectifed Lagrangian Containing a Trivial Attractor
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Modified Update Rule

attractor absorbing OOD queries

Probability-Density Aware MHNs
We optimize 𝜉𝜉 to express joint prob. of 𝑣𝑣 & the row index 𝑘𝑘 as: 𝑝𝑝 𝑣𝑣, 𝑘𝑘 ∝ 𝑒𝑒𝛽𝛽𝜉𝜉𝑘𝑘,:
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Energy landscape with attractors An OOD query is associated with the created attractor.
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Table: OOD detection performance as FPR95(%) ↓Outline

[D. Hendrycks+, ICLR2017; W. Liu+, NeurIPS2020;
Y. Sun+, NeurIPS2021; J Zhang+, ICLR2023]

OOD detection performance is 
evaluated against 5 baselines 
using 9 datasets.

Result
• RecLag-based MHNs yield higher 

OOD detection performance over 
baselines on average.

• RecLag-based MHNs also showed 
the highest accuracy in 23 out of 
27 individual experimental 
settings.

The attractor 
dynamics is virtually 
acquired when the 
input is reconstructed.

Now, log-sum-exp is 
connected to 𝑝𝑝 𝑣𝑣 .

𝛽𝛽 > 0
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Rectified Lagrangian for Out-of-Distribution Detection
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Visible Lagrangian

Discrete Update rule
𝑣𝑣𝑘𝑘+1 = Ξ⊤softmax(𝛽𝛽Ξ𝑣𝑣𝑘𝑘)
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Energy Map OOD sample
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Features of a CIFAR-10 pretrained network a    
OOD detection. In-distribution data: CIFAR-1    
OOD data: {SVHN, LSUN_C, LSUN_R, iSUN, Pl   
Tiny Image Net, SUN, iNaturalist}.

Settings

To evaluate OOD detection performance for t   
RecLag.

Objective

For the proposed RecLag the trimmed means  
standard deviations (following ± symbols) o    
with the largest and the smallest ones being  
are reported.

Baselines
The FPR95 of the five OOD detection 
methods:{MSP,Energy,React,SHE,HE}
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 ddress this, we propose the rectified Lagrangian ( RegLag), a new 
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D samples in the dynamical system of MHNs.
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