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A test-time ensemble method based on class weights and prediction
entropy minimization

SONG Hui, ZHANG Yizhe " , ZHANG Gongxuan, MENG Yuan
(School of Computer Science and Engineering, Nanjing University of Science and Technology, Nanjing 210094, Jiangsu, China)

Abstract: To address the issue of traditional ensemble learning methods overlooking the necessity for different model weights for
varied samples, a test-time ensemble approach based on class and entropy weights (CEW ) was proposed. Class weights were deter-
mined by the similarity between the model’s predictive results and the distribution of correct and incorrect probabilities for each class
on the validation set, calculated using Euclidean distance. During the entropy minimization process, the output from the linear com-
bination of model predictions was weighted by the class weight module. The linear combination corresponding to the minimum pre-
dictive entropy was identified as the entropy weight, enhancing the predictive capability of the ensemble model. Experimental results
showed that on four public medical image datasets, compared to the optimal single model, the CEW method improved the average
recall rate by 0.23% to 2.81%, and accuracy by 0.5% to 2.54%. Compared to the DS method, the CEW method improved the aver-
age recall rate by up to 1.25% and accuracy by up to 1.1%. The test-time ensemble method based on CEW proved capable of dy-
namically adjusting model weights during testing (in an unlabeled situation), achieving higher prediction accuracy than similar
methods.
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