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Test-time Adaptation
• Inaccessible training data and training procedure.
• Adapting a pre-trained model with test data.
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Related Work
• Entropy-based TTA
• Minimize the prediction entropy.
• TENT, ETA, EATA, SAR

• Pseudo-labeling-based TTA
• Utilize test-time generated labels for updates.
• PL, SHOT

• Consistency-based TTA
• Constraint consistency across augmented samples.
• MEMO, AdaContrast

• ….
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Covariate Shift

MOTIVATION

𝒑(𝒙) Changed
• the decrease in generalization ability 

on test data with distribution shift 
can be attributed to the model’s 
reliance on the marginal distribution 
of the training data

• They do not address the marginal 
distribution shift 𝑝(𝑥), imparing 
model calibration and introducing 
confirmation bias.

How to perceive marginal distribution 𝑝(𝑥) ? 



Energy Based Model
• What is? A Non-normalized Probabilistic Model

MOTIVATION

the energy function maps each sample into an energy that can be 
considered as an unnormalized probability, with lower scores indicating 
higher likelihoods
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How Energy related to Generalization

MOTIVATION

• Our Observation
• Low energy = high probability, high performance
• High enery = low probability, low performance
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Overall idea 

METHOD

Labeled training data (𝑥, 𝑦)~P!"#$%(𝑥, 𝑦)
Unlabeled test data 𝑥~P!&'!(𝑥)
Pre-trained Classifier 𝑓(: 𝑋 → 𝑌

Inaccessible 
Accessible 
Accessible 

Enhancing the model’s perception of test distribution from an energy-based 

perspective, involving two key steps: 

• treating the Pretrained Classifier as the energy-based model 

• optimizing it to preceive test data by decreasing the energy 

Notation 



Treating Classifier as EBM

METHOD

Pretrained Classifier
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introduce unknown 
normalizing constant
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A Pre-Trained Classifier can be reinterpret as an Energy Based Model

Your classifier is secretly an energy based model and you should treat it like one (ICLR 2020)



Inject Test Distribution into Classifier

METHOD

Our Objective:
<latexit sha1_base64="ZCPCKdHFpFngyNpim/QVJGiohT4=">AAACFnicbVDLSgNBEJyNrxhfUY9eBqMQD4bdgI9j0IvHCCYKSQizk95kyOyDmV5JWPYrvPgrXjwo4lW8+TfOxhw0sWCgpqqb7i43kkKjbX9ZuYXFpeWV/GphbX1jc6u4vdPUYaw4NHgoQ3XnMg1SBNBAgRLuIgXMdyXcusPLzL+9B6VFGNzgOIKOz/qB8ARnaKRu8fig7bMRjbpJGweALC2bPw5cLxmlRsu48hMEjWl6dNAtluyKPQGdJ86UlMgU9W7xs90LeexDgFwyrVuOHWEnYQoFl5AW2rGGiPEh60PL0ID5oDvJ5KyUHhqlR71QmRcgnai/OxLmaz32XVOZ7alnvUz8z2vF6J13EhFEMULAfwZ5saQY0iwj2hMKOMqxIYwrYXalfMAU42iSLJgQnNmT50mzWnFOKyfX1VLtYhpHnuyRfVImDjkjNXJF6qRBOHkgT+SFvFqP1rP1Zr3/lOasac8u+QPr4xt+Z6A7</latexit>
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Classifier’s Inherent Distribution

Test Data

Modeling Test Distribution under Pre-trained Classifier

Computing Z requires integrating all x, How to Optimize?
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Inject Test Distribution into Classifier

METHOD

Contrastive Divergence
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Inject Test Distribution into Classifier

METHOD
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Contrastive Divergence
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Overall Objective
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• Datasets
• 15 shift corruption distributions by CIFAR-10(C), CIFAR-100(C), and Tiny-ImageNet(C).
• 4 domains in the PCAS dataset: Photo, Art, Cartoon, and Sketch.

• Baselines
• Without TTA: Source
• Norm Based TTA: BN DUA
• Pseudo Label Based TTA: PL, SHOT
• Entropy Based TTA: TENT, ETA, EATA, SAR

• Metrics
• Accuracy on clean data.
• Average Accuracy and mCE across all severity levels and at the severest level.

EXPERIMENTS

Experimental Settings



EXPERIMENTS

Figure: Adaptation performance under image corruption scenarios using BatchNorm

Image Corruption Scenario Performance



EXPERIMENTS

Image Corruption Scenario Performance

Figure: Adaptation performance under image corruption scenarios using GroupNorm



EXPERIMENTS

Domain Generalization Scenario Performance

Figure: Adaptation performance under domain generalization scenarios



EXPERIMENTS

Energy Reduction & Generalizability Enhancement 

Figure: Relation between energy reduction and generalizability enhancement 
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Distribution Perception and Generation 

Figure: TEA’s Distribution Perception and Generation 
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Distribution Perception and Generation 

Figure: TEA’s Improvements in Confidence Calibration 
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