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Entropy Minimization (EM) and Sharpening
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→ Use entropy as an unsupervised loss for domain adaptation at test-time
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Entropy Minimization Causes Model Collapse

Entropy Minimization

ImageNet-C Fog level 5 (highest level)

Niu, Shuaicheng, et al. "Towards Stable Test-time Adaptation in Dynamic Wild World." ICLR, 2023.

Model collapse: the model predicts the same class for all inputs
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Entropy Minimization Causes Model Collapse

Entropy Minimization

Model Collapse

ImageNet-C Fog level 5 (highest level)

Niu, Shuaicheng, et al. "Towards Stable Test-time Adaptation in Dynamic Wild World." ICLR, 2023.

Model collapse: the model predicts the same class for all inputs

Collapse can be 
hard to detect 
without labels

Indirect fixes 
(e.g., teacher-
student models) 
are not enough 



Why does Entropy Minimization lead to Model Collapse?
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Feature Space Analysis

Decision Boundary 
(Classifier)

Embedded Images 
(Featurizer)

The classifier acts as a decision boundary in feature 
space 
→ stays fixed during domain shift
 
Featurizer stays fixed during domain shift while the 
input distribution changes  
→ embedded images also move in feature space
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Model Collapse is Rooted Before EM Begins
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Model Collapse is Rooted Before EM Begins

Clinic A (Train) Clinic B (Test)

Domain ShiftClusters are well 
separated 

Clusters Merge  
→ Inducing  

Prediction Bias 

50% 50% 74% 26%
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EM Batch 0000

74% 26%

EM Amplifies Prediction Bias → Model Collapse
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EM Amplifies Prediction Bias → Model Collapse
EM Batch 0200
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EM Amplifies Prediction Bias → Model Collapse
EM Batch 1000
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EM Amplifies Prediction Bias → Model Collapse
EM Batch 1600
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EM Amplifies Prediction Bias → Model Collapse
EM Batch 1800
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EM Amplifies Prediction Bias → Model Collapse
EM Batch 2000

98% 2%

Model Collapse
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Distribution Shift Bias Reduction (DSBR)
Importance Reweighting:


Given sample , distributed according to variable , model outputs , and 

predictions , the per sample weight is defined as :





Key idea: Reweight samples such that every predicted class contributes equally to the loss.

x X ∼ p(x) f(x)

̂y(x) = arg max
k

f(x)k

w(x) =
1
K

⋅ P( ̂y(X) = ̂y(x))−1

Balanced ÷ Predicted class probability
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Our DSBR Mitigates Prediction Bias

Entropy Minimization Entropy Minimization + DSBR

Initial Bias

Prediction bias: models over-predict some classes and under-predict others. 

Model collapse: the model predicts the same class for all inputs

Initial Bias
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Our DSBR Mitigates Prediction Bias

Entropy Minimization

Model Collapse

Entropy Minimization + DSBR

Bias VanishesInitial Bias

Prediction bias: models over-predict some classes and under-predict others. 

Model collapse: the model predicts the same class for all inputs

Initial Bias
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DSBR succeeds on Medical Imaging Classification
Average balanced accuracy (%) across source-target configurations for four medical imaging datasets.
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DSBR succeeds on Medical Imaging Classification
Average balanced accuracy (%) across source-target configurations for four medical imaging datasets.


Base Model

Ours

Base Model

Ours

Moreover, DSBR also stays robust in natual vision’s ImageNet-C benchmark for both ViT and ResNet
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Histology 🔬
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Histology 🔬
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Key Takeaways

1. Model collapse is rooted before EM begins (domain shift 
introduces prediction bias) 

2. EM Amplifies this during unsupervised learning 

3. Bias reduction using DSBR is a simple but effective strategy 
to preventing model collapse across multiple modalities


