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

"HE%" &S (M +SB) $,HS)-/S] %.,).,%S/I&0IYL(.,0# "), ++ 28" HIHSBE™ (J(*S($8&+, +--"# ( *+$" $&(/H#+/0$&+A0$3
"#$5%&'()*+ , : Covariate distribution and label "#$%&'()*+ -: "#$%&'()*+

Typical augmentation used 1n .. Adaptation 1s sensitive to both

distribution shifts 1n tabular data hinder the test-time adaptation 1s ineffective for tabular data. tasks and models 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.
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Optimize model predictions using the equation:
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where !, 1s training label distribution and !+ 1s
estimated label distribution at timestamp #

1. Biased estimation "% is computed 7 _ ST [Batwopy (fo (xi)) <% (&
on low-entropy samples: S22 [Entropy (o, (z:)) < ¢

2. Debias using covariate matrix, Y.|2T|argmax; fo, (w:); = k| - fo, (@)
where the $-th row is defined as: SIPe [arg max; fo, (z:); = k}

3. Estimated ", is tracked smoothly .
. P; = Norm
Qhroughout the whole time:
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Experiments
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A Table 5: Ablation study. The performance of the FTAT approach A Figure 4: The performance of LAME, ODS, and FTAT

A Table 4: Performance of FTAT approach and comparison methods on 6 datasets using MLP. using MLP backbone when removing different components. in estimating label distribution.

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).

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

v' This research was supported by the NSFC (Grant No. 624B2068, 62176118, and 62306133), the Key Program of Jiangsu Science

Foundation (BK20243012), and the Fundamental Research Funds for the Central Universities (022114380023).




