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Abstract

Tabular data plays a vital role in various real-world scenarios
and finds extensive applications. Although recent deep tabu-
lar models have shown remarkable success, they still strug-
gle to handle data distribution shifts, leading to performance
degradation when testing distributions change. To remedy
this, a robust tabular model must adapt to generalize to un-
known distributions during testing. In this paper, we investi-
gate the problem of fully test-time adaptation (FTTA) for tab-
ular data, where the model is adapted using only the testing
data. We identify three key challenges: the existence of la-
bel and covariate distribution shifts, the lack of effective data
augmentation, and the sensitivity of adaptation, which render
existing FTTA methods ineffective for tabular data. To this
end, we propose the Fully Test-time Adaptation for Tabular
data, namely FTAT, which enables FTTA methods to robustly
optimize the label distribution of predictions, adapt to shifted
covariate distributions, and suit a variety of tasks and mod-
els effectively. We conduct comprehensive experiments on six
benchmark datasets, which are evaluated using three metrics.
The experimental results demonstrate that FTAT outperforms
state-of-the-art methods by a margin.

Project Homepage — https://wnjxyk.github.io/FTTA
Extended Version — https://arxiv.org/abs/2412.10871

1 Introduction
Tabular data (Altman and Krzywinski 2017) plays a
vital role in numerous practical applications, including
economics (Salehpour and Samadzamini 2024), health-
care (Ching et al. 2018), finance (Ozbayoglu, Gudelek, and
Sezer 2020), and manufacturing (Hein et al. 2017). Deep
neural networks (DNNs) have recently shown remarkable
success in handling tabular data, often surpassing tradi-
tional statistical methods when training and test data share
the same distribution (Arik and Pfister 2021; Gorishniy
et al. 2021). However, real-world applications often expe-
rience shifts in data distributions during testing, leading
to significant performance degradation in existing meth-
ods (Kolesnikov 2023).
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To address distribution shifts during testing, fully test-
time adaptation (FTTA) algorithms have emerged, enhanc-
ing the performance of pre-trained DNNs using only testing
data. These methods are particularly designed to deal with
covariate distribution shift (Wang et al. 2021), label distribu-
tion shift (Wu et al. 2021), or both (Zhou et al. 2023a), adapt-
ing the model parameters (Wang et al. 2022) or optimiz-
ing the predictions (Boudiaf et al. 2022). However, they are
primarily designed for image tasks and heavily rely on im-
age augmentation strategies (Wang et al. 2022) and image-
specific data assumptions (Boudiaf et al. 2022; Zhou et al.
2023a), rendering them less effective for tabular data. As a
result, fully test-time adaptation for tabular data remains un-
derexplored, despite its significance in real applications.

To this end, we study the fully test-time adaptation prob-
lem setting for tabular data, namely AdaTab, which holds
significant practical value (Altman and Krzywinski 2017).
For example, in financial applications (Kritzman, Page, and
Turkington 2012), the non-stationary financial market en-
vironment can cause significant changes in the data dis-
tribution between training and testing. For instance, shifts
in the stock market can significantly affect market behav-
ior and investor sentiment. These distribution shifts de-
grade the model performance and seriously affect invest-
ment decision-making and risk management, thereby lead-
ing to financial losses (Guo, Hu, and Yang 2023). The goal
of the AdaTab problem setting is to adapt the trained deep
tabular model to unknown distributions using only testing
data, preventing the performance degradation caused by dis-
tribution shifts in downstream tabular applications.

In this paper, we conduct an in-depth investigation into
the AdaTab problem. Our four observations reveal three key
challenges in designing FTTA methods for tabular data:
(a) Covariate and label distribution shifts exist in tabular
data, but they cannot be effectively addressed by existing
FTTA methods; (b) Typical augmentation for test-time adap-
tation is often ineffective for tabular data, limiting the abil-
ity of FTTA methods to compute consistency; (c) Adapta-
tion is sensitive to both tasks and models for tabular data.
To address these challenges, we propose a novel FTTA ap-
proach, FTAT. It comprises three essential modules: Confi-
dent Distribution Optimizer, Local Consistent Weighter, and
Dynamic Model Ensembler, which robustly track and opti-
mize the label distribution of predictions, adapt the model
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Figure 1: Label and covariate distribution shifts between
training and testing in tabular data degrade model perfor-
mance. Shift degree is taken logarithm for aesthetics.

to shifted covariate distribution, and dynamically adapt the
model for various tasks and models. To summarize, the con-
tributions of this paper are threefold:

(1) We investigate fully test-time adaptation for tabular
data, identifying three key challenges: the existence of
label and covariate distribution shifts, the lack of effec-
tive data augmentation, and the sensitivity of adaptation.

(2) We propose a novel approach, FTAT, which incorporates
the Confident Distribution Optimizer, Local Consistent
Weighter, and Dynamic Model Ensembler to address the
challenges of shifted label distribution, shifted covariate
distribution, and sensitivity, respectively.

(3) We evaluate the FTAT approach on six tabular bench-
marks with real distribution shifts using three backbone
models, demonstrating that the proposed approach sig-
nificantly outperforms state-of-the-art FTTA methods.

2 Problem and Analysis
In this section, we first introduce the AdaTab problem set-
ting, including the notations and problem formulation. We
then present four observations of AdaTab, which highlight
three main challenges and underscore the necessity of de-
signing FTTA methods specifically for tabular data.

2.1 Problem Formulation

We consider the fully test-time adaptation problem setting
for tabular classification problem, namely, AdaTab. The in-
put space is X ∈ Rd, where d is the number of features.
Each feature can be a continuous or discrete value. The label
space is Y ∈ {0, 1}K , where the K is the number of classes.
In this setting, we are given a well-trained source tabular
model fθ0 : X 7→ Y with the initial parameters θ0. During
the testing phase, the model is solely adapted based on the
unlabeled batched testing data Dt at each timestamp t, up-
dating its parameters from θt to θt+1. The goal of AdaTab
problem is to adapt the initial given model fθ0 during the
testing phase, so that the adapted model fθt can generalize
better on the test data Dt at each timestamp t.
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Figure 2: The performance of FTAT with different learning
rates. The optimal value differs across backbones and tasks.
The highest point of each line is marked by a red star.

2.2 Problem Analysis
In the context of the AdaTab problem, we have identified
four observations that also serve as key challenges hinder-
ing FTTA methods from effectively working with tabular
data, in contrast to the standard fully test-time adaptation
designed for image tasks.

Observation 1: Covariate distribution and label distribu-
tion shifts in tabular data hinder performance of FTTA
methods. Our first observation reveals that both covari-
ate distribution and label distribution shifts exist in tabu-
lar data, and both contribute to performance degradation.
To estimate the distribution shifts between the training and
testing datasets, we use the optimal transport dataset dis-
tance with Gaussian approximation (Alvarez-Melis and Fusi
2020) to measure covariate distribution shifts and the L2 dis-
tance (Gardner, Popovic, and Schmidt 2023) to assess la-
bel distribution shifts. As shown in Fig. 1, both increases in
label distribution shift (DIABETE→HELOC) and covariate
distribution shift (HELOC→ASSIST) degrade performance
on the testing data with distribution shifts. However, as our
experimental results reveal, existing robust FTTA methods,
such as ODS (Zhou et al. 2023a), designed to address covari-
ate and label distribution shifts in tabular data, do not per-
form well in practice. This observation highlights the chal-
lenges faced by FTTA methods designed for tabular data in
addressing both covariate and label distribution shifts simul-
taneously.

Observation 2: Typical Augmentation used in test-
time adaptation is ineffective for tabular data. Exist-
ing FTTA methods, such as CoTTA (Wang et al. 2022) and
AdaContrast (Chen et al. 2022), rely heavily on data aug-
mentation. However, augmentation for tabular data is not
as effective as it is for images. We conduct experiments
based on CoTTA methods with perturb augmentation (Fang
et al. 2022) with different perturbation strengths controlled
by σ. As shown in Table 1, the performance of CoTTA de-
grades as the augmentation strength increases, and it fails
to surpasses the non-adapted source model. This observa-
tion highlights the challenges of FTTA methods designed
for tabular data, particularly their inability to rely on data
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DIABETE HELOC ASSIST

σ = 0.2 60.46± 0.20 46.40± 3.08 54.89± 1.88
σ = 0.4 59.18± 0.42 43.36± 0.25 54.86± 3.00
σ = 0.6 57.73± 0.64 43.06± 0.07 54.51± 2.26
σ = 0.8 56.19± 0.83 43.07± 0.03 53.79± 3.80
σ = 1.0 54.74± 0.77 43.09± 0.01 54.23± 3.56
Source 60.82± 0.22 54.37± 5.35 55.86± 3.81

Table 1: Performance of CoTTA method with different aug-
mentation strengths σ and the non-adapted source model us-
ing the MLP model. The best performance is in bold.

Method DIABETE HELOC ASSIST

Source 60.82± 0.22 54.37± 5.35 55.86± 3.81
Opt. Parameters 61.34± 0.33 54.35± 5.38 50.87± 0.32
Opt. Predictions 61.47± 0.35 43.10± 0.00 45.12± 0.18

Table 2: Performance of the non-adapted source model and
two representative FTTA methods using an MLP backbone
model. Degraded performance is underlined.

augmentation method when dealing with tabular data.

Observation 3: Adaptation is sensitive to both tasks and
models for tabular data. Unlike images, which exhibit
strong transferability (He, Girshick, and Dollár 2019) and
similar structure (Torralba and Oliva 2003), tabular data
from different tasks differs significantly. Moreover, different
backbone models (Gorishniy et al. 2021; Huang et al. 2020)
are designed to address distinct tasks. Therefore, for specific
tabular tasks and the backbone models used, FTTA methods
require tuning for optimal performance. As shown in Fig. 2,
the optimal learning rates for different backbone models on
the same task and same backbone model on different tasks
varies. This observation indicates that the AdaTab problem
requires a model capable of dynamically tuning the learning
rates, rather than relying on a fixed learning rate.

Observation 4: Existing FTTA methods degradates when
dealing with tabular data. Observations 1, 2, and 3 also
serve as key challenges in designing FTTA methods for
tabular data, causing existing FTTA methods to fail to im-
prove performance compared to the source model. As shown
in Tab. 2, we compare performance of non-adapted source
model with two representative FTTA methods which re-
spectively optimize model parameters and predictions, i.e.,
TENT (Wang et al. 2021) and LAME (Boudiaf et al. 2022).
As the covariate distribution and label distribution shifts be-
come more severe (DIABETE→HELOC→ASSIST), both
types of FTTA methods fail to surpass the non-adapted
source model. This observation highlights the significance
of developing FTTA methods specifically designed for tab-
ular data which addressing three challenges simultaneously.

3 Methodology
In this section, we introduce our FTAT approach for AdaTab
problem setting. As discussed in the analysis section, the

AdaTab problem encompasses three challenges:

(a) Covariate and label distribution shifts exist in tabular
data, but cannot be effectively addressed by existing
FTTA methods;

(b) Typical augmentation used for test-time adaptation is not
very effective for tabular data, limiting the ability of
FTTA methods to adopt consistency;

(c) Adaptation is sensitive to both tasks and models for tab-
ular data.

To address the above challenges, we introduce three mod-
ules specifically designed for AdaTab problem, i.e., Confi-
dent Distribution Optimizer, Local Consistent Weighter, and
Dynamic Model Ensembler. Specifically, the Confident Dis-
tribution Optimizer optimizes the original model predictions
fθt(x) to f̂θt(x) for a data point x at timestamp t. The Local
Consistent Weighter affects the adaptation objective:

θt+1 = argmin
θ

Dt∑
i=1

W(xi, Dt, θt) · Loss
(
f̂θt(xi)

)
(1)

using a weighting function W , where Loss(·) represents the
unsupervised loss for test-time adaptation, and we employ
entropy loss in accordance with classical methods. The Dy-
namic Model Ensembler maintains multiple models and en-
sembles their predictions in an online manner. We will intro-
duce them in detail.

3.1 Confident Distribution Optimizer
First, we aim to optimize the model predictions to align
with the current shifted label distribution. The existing so-
lution (Zhou et al. 2023a) fails because the challenging na-
ture of tabular data prevents the model from making accurate
predictions, which in turn hinders the estimation of the label
distribution. Therefore, the key challenge is how to robustly
track the shifted label distribution P̂t at each timestamp t.
With original label distribution P0 and esitmated label dis-
tribution P̂t, the optimized model prediction f̂θt+1

(xk) for
next timestamp on data point xk is

f̂θt+1
(xk) =

fθt+1
(xk) ◦ P̂t

P0
(2)

Motivated by our observations, we recognize that we can
estimate the label distribution P̃t with bias from model f̂θt
at each timestamp t using only data with low-entropy pre-
dictions (i.e., data with confident predictions):

P̃t =

∑|Dt|
i=1 I

[
Entropy

(
f̂θt(xi)

)
< ϵ

]
· f̂θt(xi)∑|Dt|

i=1 I
[
Entropy

(
f̂θt(xi)

)
< ϵ

] (3)

where Dt is current data batch, ϵ is a threshold, and
Entropy(·) is the function for computing entropy of predic-
tions. Note that there exists bias in esitmated P̃t as the model
predictions may contains errors. To address this issue, we
compute the covariate matrix Ĉt at the current timestamp t,
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Figure 3: The overall illustation of FTAT approach.

where its k-th row is equal to∑|Dt|
i=1 I

[
argmaxj f̂θt(xi)j = k

]
· f̂θt(xi)∑|Dt|

i=1 I
[
argmaxj f̂θt(xi)j = k

] (4)

Then, the unbiased label distribution is Ĉ−1
t P̃t. We addi-

tionally adopt a temperal ensemble method (Laine and Aila
2017) to robustly track estimated label distribution smoothly
with a factor α and previous estimated shift P̂t−1:

P̂t = Norm
(
P̂t−1 − α · Ĉ−1

t P̃t

)
(5)

where Norm(·) normalizes the distribution to sum to one,
and we use the Softmax function for this purpose.

3.2 Local Consistent Weighter
Second, to mitigate the adverse effects of shifted covari-
ate distribution, we propose filtering testing data with low-
quality predictions to ensure robust test-time adaptation
and avoiding error accumulation. However, for tabular data,
computing consistency through data augmentation is non-
trivial because our observation indicates that augmentation
for tabular data is not as reliable as it is for image data.

To address this issue, we propose replacing the consis-
tency between a data point and its augmentations with the
consistency between a data point and its neighborhood, un-
der the inspiration of one existing tablar study (Gorishniy
et al. 2024). Specifically, we define the neighborhood set
N(xk, Dt) of each data point xk in current batch Dt mea-
sured by one distance function Dist(·, ·):

N(xk, Dt) =
{
x|Dist(x, xk) < Distt, x ∈ Dt

}
(6)

where Distt = 2
|Dt|(|Dt|−1)

∑|Dt|
i=1

∑|Dt|
j=i+1 Dist(xi, xj) is

the average pair-wise distance in Dt and we adopt L2 dis-
tance as the distance function. Next, we define the predic-
tion of one data point xk is consistent if its soft pseudo-label
vector is close to the average soft pseudo-label vectors in
its neighborhood N(xk, Dt). Then, we define the indication
function I(xk, Dt, θt) to decide whether one data point xk

in current batch Dt is consistent:

I(xk, Dt, θt) =

{
1,

∥∥∥fθt(xk)−
∑

x∈N(xk,Dt)
fθt (x)

|N(xk,Dt)|

∥∥∥ < β,

0, Otherwise.
(7)

where θt is the parameters of model at timestamp t, fθt(·)
predicts pseudo-label of data point, and β is a hyperparam-
eter to control the degree of consistency. To additionally en-
sure the robustness of adaptation, we compute the uncer-
tainty of each data point using margin of prediction (Helton
and Johnson 2011) as max f̂θt(xk) − min f̂θt(xk). Finally,
our proposed local consistent weighter W(xk, Dt, θt) is for-
mulated as follows:[

max f̂θt(xk)−min f̂θt(xk)
]
· I(xk, Dt, θt) (8)

3.3 Dynamic Model Ensembler
Third, to address the sensitivity issue of adaptation, we em-
ploy the online ensemble learning paradigm (Bai et al. 2022)
to optimize multiple models with different learning rates and
ensemble their outputs through weighted averaging to obtain
the overall robust prediction. Specifically, we maintain M
models using different learning rates during the testing, de-

noted as the set of base models
{
f̂θi

t

}M

i=1
. Then, model pre-

dictions are weighted according to corresponding loss val-
ues wi ∝ 1−Ri

t(Dt), where Ri
t(Dt) is the loss value of i-th

model f̂θi
t

evaluated on current batched data Dt and satis-

fies the constraint
∑M

i=1 wi = 1. The final prediction of the
FTAT approach is obtained by weighted ensemble for a data
point x, that is,

∑M
i=1 wi · f̂θi

t
(x).

4 Experiments
In this section, we first introduce the experimental setup.
Next, we present our empirical results, comparing our FTAT
approach with existing FTTA methods across four bench-
mark datasets. Finally, we conduct an ablation study and
provide further analysis for our proposed method.

4.1 Experimental Setup
Evaluation Protocol. In our experiments on tabular tasks,
we follow the fully test-time adaptation setting, where the
source model is trained on training data and adapted to
shifted test data without any access to the source training
data. Specifically, we train the source model on training data
and select the best model based on the validation set fol-
lowing the TableShift benchmark (Gardner, Popovic, and
Schmidt 2023). Then, FTAT approach and existing FTTA
methods are evaluated on the shifted test set. We select six
common tabular benchmark datasets from the TableShift
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Method MLP TabTransformer FT-Transformer

Acc BAcc F1 Acc BAcc F1 Acc BAcc F1

Source 62.5 64.6 60.6 60.9 63.1 58.3 59.7 62.5 54.3
TENT 58.4 61.6 51.0 58.3 61.4 51.7 51.6 55.4 36.3
EATA 61.4 63.7 60.1 60.3 62.4 60.1 56.0 59.0 44.6
LAME 59.5 62.3 58.5 59.2 62.5 58.4 58.9 62.0 51.9
CoTTA 61.6 63.8 60.6 60.4 62.8 59.8 59.6 62.4 53.4
ODS 59.2 62.2 57.8 59.2 62.0 58.5 59.1 61.7 51.4
SAR 61.2 63.5 59.2 60.3 62.8 59.7 59.3 62.1 57.0
FTAT 66.8 65.0 72.0 66.1 64.4 69.0 64.0 62.5 69.6

Table 3: The average performance of FTAT approach and
comparison methods using three backbone models. The best
performance is in bold. Our FTAT approach achieves the
best performance across all three backbone models.

benchmark, which exhibit significant performance gaps un-
der distribution shifts. Therfore, these datasets contains sam-
ples from 10K to 5M and features from 26 to 365, which can
cover a wide range of tabular scenarios under distribution
shifts. All experiments are repeated with different random
seeds, and the mean and standard deviation are reported.

Comparison Methods. We first compare our approach
with the non-adapted source model, referred to as Source.
To compare our FTAT apporach with various FTTA meth-
ods, including typical FTTA methods (i.e., TENT (Wang
et al. 2021) and EATA (Niu et al. 2022)), continual FTTA
methods (i.e., CoTTA (Wang et al. 2022)), and recently pro-
posed robust FTTA methods (i.e., SAR (Niu et al. 2023),
LAME (Boudiaf et al. 2022), and ODS (Zhou et al. 2023a)).

4.2 Main Results
To evaluate the effectiveness of FTAT, we report the detailed
experimental results using three backbone models in Tab. 3.
The performance are measured by three metrics including
accuracy, balanced accuracy, and F1 score. The experimen-
tal results show our FTAT approach outperforms existing
methods by a margin on all metrics.

Moreover, we report the detailed results on each dataset
using MLP backbone model in Tab. 4. FTAT achieves the
best performance on major cases and give competitive per-
formance on the resting cases, demonstrating the effective-
ness of FTAT on various tabular datasets with different back-
bone models. ODS (Zhou et al. 2023a) addresses both the
covariate and label distribution shifts, however, it under-
performs FTAT on most cases, demonstrating the effective-
ness of FTAT in handling distribution shifts for tabular data.
The detailed results using FT-Transformer (Gorishniy et al.
2021) and TabTransformer (Huang et al. 2020) are included
in our supplementary material due to the space limits.

Our experimental results confirm our last observation,
showing that existing FTTA methods face performance
degradation on tabular data with distribution shifts, thereby
demonstrating the necessity to study the AdaTab problem.
Our FTAT approach consistently outperforms non-adapted
baseline and existing FTTA methods in most cases, offering
insights into this challenging problem.
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Figure 4: The performance of LAME, ODS, and FTAT in
estimating label distribution evaluated using KL divergence.

4.3 Further Analysis
Ablation Study. We analyze the effectiveness of the Con-
fident Distribution Optimizer (denoted as CDO) and the Lo-
cal Consistent Weighter (denoted as LCW) in Tab. 5 on
DIABETE and HELOC datasets using the MLP backbone
model. The experimental results of FTAT apporach with-
out CDO and LCW are reported measured by three met-
rics. Without CDO, the performance of FTAT approach im-
proves marginally, which indicates that the label distribution
shift hinders the performance and CDO addressing the label
distribution shift plays a more important role in the FTAT
approach. Without LCW, the performance of FTAT cannot
achieve the optimal level, demonstrating the essential role
of LCW to robustly update the model. Overall, our FTAT ap-
proach achieves the best performance when both CDO and
LCW are employed, demonstrating their effectiveness in ad-
dressing challenges of FTTA for tabular data.

Estimation of Label Distribution. We compare the per-
formance in estimating label distribution on the DIABETE
dataset using the MLP backbone model. We adopt KL di-
vergence to measure the distance between the ground-truth
label distribution and its estimation. As shown in Fig. 4, the
LAME method cannot accurately estimate the label distribu-
tion. While the ODS method can robustly track the label dis-
tribution, it requires several iterations to converge to an ac-
curate estimation. In contrast, our FTAT approach achieves
accurate label distribution estimation at a much faster speed.
This result demonstrates the superiority of FTAT approach.

Effects of Dynamic Model Ensembler. To validate the ef-
fectiveness of Dynamic Model Ensembler, we conduct ex-
periments running with base models with different learn-
ing rates, ensemble baseline, and FTAT approach. Here, we
compare with four base models with different learning rates
{1e− 3, 1e− 4, 5e− 4, 1e− 5}. The ensemble baseline are
the direct ensemble of these base models. 6 presents the av-
erage performance using MLP model on DIABETE dataset.
The results show that our Dynamic Model Ensembler mod-
ule consistently outperforms the average ensemble baseline,
demonstrating the its effectiveness. Moreover, the FTAT ap-
proach can achieve the best performance or competitive per-
formance when compared to base learners with the optimal
learning rate without requiring tuning, indicating the advan-
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Method HELOC ANES Health Ins.

Acc BAcc F1 Acc BAcc F1 Acc BAcc F1

Source 54.4± 5.4 58.3± 3.6 40.0± 16.8 79.1± 0.3 75.7± 0.5 84.2± 0.2 65.8± 0.6 70.7± 0.4 66.2± 0.9
TENT 54.4± 5.4 58.2± 3.6 40.0± 16.9 78.1± 0.4 74.1± 0.7 83.8± 0.1 64.3± 0.7 69.8± 0.5 63.9± 1.1
EATA 54.4± 5.4 58.3± 3.6 40.0± 16.8 78.1± 0.3 74.2± 0.6 83.8± 0.1 65.8± 0.6 70.7± 0.4 66.2± 0.9
LAME 43.1± 0.0 50.0± 0.0 30.1± 0.0 63.5± 0.0 54.6± 0.0 46.8± 0.0 63.4± 1.7 69.1± 1.1 62.6± 2.7
CoTTA 54.4± 5.4 58.3± 3.6 40.0± 16.8 78.1± 0.3 74.2± 0.6 83.8± 0.1 65.8± 0.6 70.7± 0.4 66.2± 0.9
ODS 43.1± 0.0 50.0± 0.0 30.1± 0.0 63.5± 0.0 54.6± 0.0 46.8± 0.0 63.5± 1.7 69.1± 1.1 62.6± 2.7
SAR 52.3± 6.1 56.7± 4.0 33.2± 19.0 78.1± 0.3 74.2± 0.6 83.8± 0.1 65.8± 0.6 70.7± 0.4 66.2± 0.9
FTAT 64.1± 1.1 63.6± 0.9 67.8± 2.7 80.1± 0.2 79.1± 0.2 83.4± 0.3 72.4± 0.2 65.3± 0.6 80.8± 0.2

Method ASSIST DIABETE Hypertension

Acc BAcc F1 Acc BAcc F1 Acc BAcc F1

Source 55.9± 3.8 60.8± 3.4 66.4± 1.9 60.8± 0.2 60.6± 0.2 51.2± 1.7 58.8± 1.7 61.7± 1.0 55.5± 4.0
TENT 50.9± 0.3 56.4± 0.3 64.0± 0.2 61.3± 0.3 61.2± 0.3 53.8± 1.0 41.7± 0.1 50.1± 0.1 0.5± 0.4
EATA 55.9± 0.2 60.8± 0.2 66.4± 0.1 61.4± 0.3 61.2± 0.3 53.7± 1.1 57.8± 2.3 61.2± 1.4 52.9± 5.8
LAME 45.1± 0.2 51.3± 0.2 61.4± 0.2 61.5± 0.4 61.3± 0.4 54.7± 1.5 58.6± 1.6 61.6± 0.9 55.1± 3.8
CoTTA 55.9± 0.2 60.8± 0.2 66.4± 0.1 61.4± 0.3 61.2± 0.3 53.8± 1.1 58.8± 1.7 61.7± 1.0 55.5± 4.0
ODS 45.1± 0.2 51.3± 0.2 61.4± 0.2 61.5± 0.4 61.3± 0.4 54.7± 1.4 57.1± 1.5 60.8± 0.9 51.4± 3.4
SAR 55.9± 0.2 60.8± 0.2 66.4± 0.1 61.4± 0.3 61.2± 0.3 54.0± 0.9 58.2± 1.5 61.5± 0.8 53.8± 4.1
FTAT 60.2± 2.9 63.8± 2.2 66.9± 1.2 61.7± 0.3 61.5± 0.3 59.3± 1.0 62.2± 0.9 56.4± 1.6 73.8± 0.1

Table 4: Performance of FTAT approach and comparison methods on 6 datasets using MLP. The best performance is in bold.

DIABETE
Method Acc BAcc F1

Source 60.8± 0.2 60.6± 0.2 51.2± 1.7
FTAT w/o CDO 60.9± 0.2 60.6± 0.2 51.3± 1.7
FTAT w/o LCW 61.4± 0.2 61.3± 0.2 55.6± 1.7
FTAT 61.7± 0.3 61.5± 0.3 59.3± 1.0

HELOC
Method Acc BAcc F1

Source 54.4± 5.4 58.3± 3.6 40.0± 16.8
FTAT w/o CDO 62.7± 0.2 62.6± 0.5 66.5± 0.9
FTAT w/o LCW 62.5± 0.9 61.7± 1.1 67.0± 1.2
FTAT 64.1± 1.1 63.6± 0.9 67.8± 2.7

Table 5: Ablation study of FTAT approach on DIABETE
dataset using MLP backbone model. The best performance
is in bold. The results show that both Confident Distribu-
tion Optimizer (denoted as CDO) and the Local Consistent
Weighter (denoted as LCW) are essential for FTAT approach.

tage of our Dynamic Model Ensembler module.

Robustness of Batch Size. In the main experiments, the
batch size of the data stream is set to 512 due to the large
quantity of testing data. A natural question that arises is
how the batch size affects the performance of the proposed
method. We conduct experiments on the DIABETE dataset
using an MLP backbone model, with batch sizes set to
{64, 128, 256, 512, 1024}. As shown in Fig. 5, the results
indicate that the accuracy and balanced accuracy metrics are

Method Acc BAcc F1

Lr=1e-3 61.49± 0.46 61.47± 0.42 60.39± 0.73
Lr=1e-4 61.58± 0.30 61.53± 0.26 59.37± 0.95
Lr=5e-4 61.56± 0.33 61.53± 0.30 59.93± 0.90
Lr=1e-5 61.58± 0.30 61.52± 0.26 59.23± 0.97
Avg. Ens. 61.57± 0.31 61.51± 0.27 59.24± 0.95
FTAT 61.60± 0.31 61.53± 0.27 59.27± 0.96

Table 6: Performance of base models with different learn-
ing rates, directly ensemble of base models, and the FTAT
approach on DIABETE dataset using the MLP backbone
model. The best performance is in bold.

robust across different batch sizes. Regarding the F1 score,
it decreases as the batch size increases. Nevertheless, FTAT
consistently outperforms existing methods by a margin.

Robustness of Hyperparameters. To validate whether
our proposed FTAT approach is robust to the choices of hy-
perparameters, we conduct hyperparameter robustness ex-
periments on DIABETE dataset evaluated by three metrics
using MLP backbone model. Specifically, FTAT contains
three hyperparameters, i.e., ϵ, α and β. The hyperparameter
α controls the rate at which the estimated label distribution
is updated, enhancing the robustness of the FTAT to estima-
tion errors in certain batches. The hyperparameter ϵ governs
the entropy-based confident samples selection to accurately
estimate the label distribution. β determines the construc-
tion of the neighbor set for entropy minimization, contribut-
ing to robust model adaptation. We conducted three runs
of experiments for each set of hyperparameters with α in
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Figure 5: Robustness of batch size and hyperparameters α, ϵ, β on DIABETE dataset using MLP backbone model. The results
indicate that minor perturbations to the hyperparameters of FTAT do not significantly affect its performance, demonstrating the
practical robustness of FTAT.

{0.08, 0.09, 0.10, 0.11, 0.15, 0.20}, ϵ = Entropy([p, 1 − p])
where p was set to {0.72, 0.71, 0.70, 0.69, 0.65, 0.60}, and β
in {0.28, 0.29, 0.30, 0.31, 0.40, 0.50}. Fig. 5 reports the av-
erage performance of each hyperparameter evaluated using
three metrics on DIABETE dataset. The results demonstrate
that FTAT is robust to slight changes in all hyperparameters.

5 Related Work
In this section, we mainly discuss two lines of related work,
including test-time adaptation and deep tabular learning.

Test-time Adaptation. Test-time adaptation (Wang et al.
2021; Zhou et al. 2023b; Zhang, Zhou, and Li 2024) aims
to adapt a source model to the distribution shift in test-
ing data without using any source data. Previously, test-
time training studies, such as TTT (Sun et al. 2020) and
TTT+ (Liu et al. 2021), manipulated the model in both the
training and testing phases. However, when training data
is inaccessible and model training cannot be controlled,
test-time training paradigms become ineffective. Fully test-
time adaptation aims to tackle this limitation by adapt-
ing the model without assumptions on the source model.
Tent (Wang et al. 2021) updates the parameters of the
BN layer at test time using entropy minimization (Li and
Liang 2019). EATA (Niu et al. 2022) additionally conducts
active sample selection and weighting strategies for effi-
ciency. Other studies (Gong et al. 2022; Goyal et al. 2022)
also propose diverse methods to adapt the BN layer to the
test data distribution to ensure performance. In practice,
SAR (Niu et al. 2023) introduces a flat minimum optimiza-
tion method to ensure generalization performance when the
test batch size varies. CoTTA (Wang et al. 2022) works on
continually non-i.i.d. scenarios using weight-averaged mod-
els, augmentation-averaged predictions, and stochastically
restoring. LAME (Boudiaf et al. 2022) proposes a conser-
vative approach to revise the model’s predictions instead of
model parameters. ODS (Zhou et al. 2023a) focuses on test-
time adaptation settings where covariate and label distribu-
tions change together. Recent TTA studies mainly focus on
images and natural language, paying little attention to tabu-
lar data. AdapTable (Kim et al. 2024) studies test-time adap-
tation for tabular data, effectively designing a graph-based
module to address label shifts and providing insightful the-
oretical analyses. TabLog (Ren et al. 2024) is the first to

examine the structure of invariant rules for tabular data in
the context of test-time adaptation. However, these stduies
require the training data to be available, which cannot be
applied in our AdaTab problem setting and is not practical
in real-world scenarios. Therefore, our paper focuses on the
fully test-time adaptation problem for tabular data, an area
that remains underexplored.

Deep Tabular Learning. Deep Tabular Learning aims to
model tabular data for tasks such as classification and regres-
sion through deep learning methods. Unlike image and lan-
guage data, the heterogeneity and high dimensionality make
it difficult for models to extract spatial and semantic infor-
mation. Recently, attention-based architectures have been
introduced to the tabular data domain. FT-Transformer (Gor-
ishniy et al. 2021) applies a feature tokenizer to heteroge-
neous feature columns and learns an optimal representation
in embedding space. Additionally, TabTransformer (Huang
et al. 2020), TabNet (Arik and Pfister 2021), and other deep
tabular models (Badirli et al. 2020; Klambauer et al. 2017;
Gorishniy, Rubachev, and Babenko 2022; Grinsztajn, Oy-
allon, and Varoquaux 2022) are proposed for better repre-
sentation of tabular data. However, these methods typically
works well in an i.i.d. setting, and may suffer from perfor-
mance degradation when the test data distribution shifts.

6 Conclusion
In this paper, we investigate the problem of fully test-time
adaptation for tabular data (AdaTab), an important and prac-
tically valuable issue that remains underexplored. Our obser-
vations highlight three key challenges in the AdaTab prob-
lem: the existence of label and covariate distribution shifts,
the lack of effective data augmentation, and the sensitiv-
ity of model adaptation. To address these challenges, we
propose the FTAT approach, which includes three novel
modules: Confident Distribution Optimizer, Local Consis-
tent Weighter, and Dynamic Model Ensembler. Our experi-
mental results demonstrate that the FTAT approach outper-
forms existing FTTA methods, demonstrating its effective-
ness in addressing tabular tasks.

One limitation of this paper is that the design of FTAT
approach lacks deep theoretical understanding and we will
explore in this direction in the future to provide deep insights
for the following researchers.
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