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J )} ) 2§ We design a fully test-time adaptation for tabular data that addresses covariate and label distribution shifts.

Learning And Mining from DatA

Problem Setting

Distribution shifts in testing data render tabular models ineffective. Test-time adaptation offers a potential solution, but ...

Observation 1: Covarniate distribution and label
distribution shifts 1n tabular data hinder the
performance of FTTA methods.

Observation 4: Adaptation 1s sensitive to both
tasks and models for tabular data.

Observation 2: Typical augmentation used 1n
test-time adaptation 1s meffective for tabular data.
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A Figure 1: The label and covariate distribution shifts between training
and testing in tabular data degrade the model performance. The shift
degree 1s taken logarithm for aesthetic purposes.

A Figure 2: The performance of FTAT with different learning rates. The
optimal value differs across backbones and tasks. A red star marks the
highest point of each line.

A Table 2: Performance of the non-adaptation baseline and two
representative FTTA methods using an MLP backbone model. Degraded
performance 1s underlined.

FTAT Method

Confident Distribution Optimizer
Optimize model predictions using the equation:
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Experiments
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A Table 4: Performance of FTAT approach and comparison methods on 6 datasets using MLP.

v' If you are interested in this paper, feel free to contact Zhi Zhou and Kun-Yang Yu (zhouz@lamda.nju.edu.cn, yuky@lamda.nju.edu.cn).

A Table 5: Ablation study. The performance of the FTAT approach A Figure 4: The performance of LAME, ODS, and FTAT
using MLP backbone when removing different components.

v" To obtain more details of our paper, please visit the project homepage (https://wnjxyk.github.io/FTTA).
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in estimating label distribution.




