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1. Tabular In-Context Learning (feat. TabPFN)
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2. Majority-class Bias of TabPFN-based Methods

- Predicts the label of a test instance by conditioning on the entire training dataset

- Posterior distribution of TabPFN:

- Majority-class bias: Predicts toward the majority class in the training dataset
- Particularly harmful when the train and test label distns differ (i.e., label shift)

- Classical classification models (A) vs. TabPFN-based models (B)

- (A): Refer to training dataset “implicitly” 

→ via Model parameters

- (B): Refer to training dataset “explicitly” 

→ via Attention mechanism

How to handle the majority-class bias in TabPFN-based models effectively, w/o retraining the model?

3. Prior works
- Limitations of prior label-shift methods:

- (1) Require additional training
- (2) Depend on estimating the test label distribution

4. Proposed Method: DistPFN

Mitigates this bias via a simple test-time adaptation method that rescales the predicted class
probabilities for each test instance using its own predicted results

Downweights the influence of the training distribution

Amplifies the impact of the observed test samples

DistPFN

DistPFN-T

Optimal strength of adjustment may vary depending on
the deviation of test-time predictions from the training prior
→ Introduces temperature scaling to control the sharpness 
of adjustment, based on the discrepancy between the 
training prior & predicted distribution

5. Experiments [1] Comparison w/ other tabular models

[2] Avg. Accuracy across degree of shifts

[3] (Per-dataset) Stronger shift yields higher gain

[4] Efficiency: Avg. pred time across 253 datasets
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