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Background | Zero-shot prediction

Pre-trained VLMs (e.g., CLIP) enable Zero-shot prediction by computing the
similarity between the extracted image feature and textual representation.
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Background | Test-time adaptation

Test-time adaptation (TTA) allows models to be fine-tuned based on new
data encountered during inference.
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Method | Motivation

Does the fixed low-entropy selection beneficially affect adaptation on all data?
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Overfitting on atypical feature: Only learning on confident samples can induce
unexpected overfitting (as decreasing entropy values) on misclassified samples.
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Method | Motivation

Does the fixed low-entropy selection beneficially affect adaptation on all data?
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Incompatibility of fixed selection ratio: Optimal performance is achieved at
different low-entropy selection ratios for each dataset.



Method | Regularization
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Atypical feature: Both the indiscriminability of high-entropy samples and the
misclassification of some low-entropy samples stem from noise information

Entropy change during TTA: The increase in entropy of high-entropy samples also
triggers the increase in entropy of low-entropy misclassified samples.
/



Method | Standardization
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Within the same dataset, samples exhibit similar entropy across these different

optimal ratios.

A linear relationship between the initial entropy 7' and the number of categories K:
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Method | Framework

Data Selection
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Appropriate sample selection ratio is estimated according to the output entropy and
number of categories. High-entropy samples will be used for unlearning to avoid
overfitting. Low-entropy samples will be used for learning core representations.

Optimization ObjeCt: Llearning + ALunIearning



Experiment | Main Resulis

Table 1: Comparison of TTA mean accuracy (%) across different corruption types, using two
different CLIP models. A highlighted the improvement in green over the top-performing baseline.
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Figure 5: t-SNE plots of image features from BITTA and zero-shot ViT-B-16. The results indicate
that our method produces more discriminative features that are more tightly clustered. -l O



Experiment | Main Resulis

Table 2: Comparison of BITTA combined with different TTA methods over CIFAR-10-C using
ViT-B-16. A highlighted the improvement in green over the original method without BITTA.
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Experiment | More Analysis

Table 7: The comparison of expected calibration error (ECE |). A highlighted the decline ratio in

green over the original method without BITTA.
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Experiment | More Analysis
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Summary

v' Conceptually, we reveal two critical phenomenons in TTA with VLMs from new
perspective, i.e., the fixed previous low-entropy selection criteria causes unexpected
overfitting on atypical features, and cannot adapt to different data distribution.

v' Empirically, we recognize high-entropy samples can function as auxiliary set to effectively
offset the atypical features memorized during the adaptation process and the entropy
values can serve as standardized signals to indicate optimal selection ratio.

v' Technically, we propose BITTA, which innovatively selects bilateral information with
dynamic ratio and simultaneously implement learning on low-entropy samples to fit core
representations and unlearning on high-entropy samples to avoid overfitting.

v' Experimentally, we conduct extensive explorations to verify the effectiveness of BITTA
under different scenarios, including the significant improvement on various datasets,
compatibility with diverse methods and model architectures, etc.



