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Introduction

• Confident & Accurate Predictions

• “Sharper” outputs and High-confidence predictions

• "Coupled" mechanism limits its potential

• Reward Collapse

• Easy-Class Bias

Ø Entropy Minimization (EM)

AdaDEM:  Adaptive Decoupled Entropy Minimization



• EM is an "coupling" of two opposing forces:

• Cluster Aggregation Driving Factor (CADF): 
    It rewards classes with higher confidence, pushing the model's prediction to “collapse” toward one extreme.

• Gradient Mitigation Calibrator (GMC): 
    It penalizes classes that are already overconfident, preventing the model from becoming too “self-assured”.

Introduction

Ø Decoupled EM (DEM)



Introduction

Ø The Flaws of EM
Reward Collapse: 
• The samples the model has already "learned" 

contribute almost no further force during subsequent 

optimization, which limits their potential for additional 

performance gains.

Easy-Class Bias: 
• This causes the model’s predicted distribution to 

deviate from the true label distribution, showing a 

particular bias towards classes that are easier to learn.



Normalized Rewards to Overcome "Reward Collapse":
• Normalizing the rewards generated by the CADF using the L1 norm. 

• It ensures that regardless of how high a sample's initial confidence is, the normalized reward signal 

remains at a stable magnitude.

• This guarantees that even high-confidence samples continue to contribute to the model's optimization, 

thereby breaking through the performance bottleneck.

AdaDEM

The forum of AdaDEM T is the CADF

z is the model’s output logits



Marginal Entropy Calibrator (MEC) to Mitigate "Easy-Class Bias":
• A designed Marginal Entropy Calibrator (MEC) is used to replace the original GMC. 

• Unlike GMC only focuses on the prediction of a single sample, MEC takes a global perspective. 

     It estimates the marginal class distribution and uses this estimation to calibrate the gradients. 

• This allows the model to reduce its excessive preference for certain easy-to-learn classes and 

ensuring the final output distribution aligns more closely with the true label distribution.

AdaDEM

The forum of AdaDEM t is the iteration index



In Single-domain & Continual Test-Time Adaptation (TTA) tasks, AdaDEM delivered outstanding performance, 

outperforming the EM and its upper-bound variant, DEM*, significantly less sensitive to the learning rate.

Experiments



Experiments
Ø Semi-Supervised Learning (SSL)

Ø Unsupervised Domain Adaptation (UDA) for Semantic Segmentation



Experiments
Ø Class-Imbalanced / Long-Tail (LT) Classification

Ø Reinforcement Learning (RL)



Thank You

More interesting analyses in the paper ! Code available on Github !

Get the performance upgrade with just one line of code.


