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Abstract

In real-world data analysis, missingness distributional shifts between training and test
input datasets frequently occur, posing a significant challenge to achieving robust predic-
tion performance. In this study, we propose a novel deep learning framework designed to
address such shifts in missingness distributions. We begin by introducing a set of mutual
information-based conditions, called MI robustness conditions, which guide a prediction
model to extract label-relevant information while remaining invariant to diverse missing-
ness patterns, thereby enhancing robustness to unseen missingness scenarios at test-time. To
make these conditions practical, we propose simple yet effective techniques to derive loss
terms corresponding to each and formulate a final objective function, termed MIRRAMS
(Mutual Information Regularization for Robustness Against Missingness Shifts). As a by-
product, our analysis provides a theoretical interpretation of the principles underlying con-
sistency regularization-based semi-supervised learning methods, such as FixMatch (Sohn
et al., 2020). Extensive experiments across various benchmark datasets show that MIR-
RAMS consistently outperforms existing baselines and maintains stable performance across
diverse missingness scenarios. Moreover, our approach achieves state-of-the-art perfor-
mance even without missing data and can be naturally extended to address semi-supervised
learning tasks, highlighting MIRRAMS as a powerful, off-the-shelf framework for general-

purpose learning.

Keywords : Missing Data Distribution Shift, Deep Learning, Mutual Information
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Chapter 1

Introduction

In real-world scenarios, it is quite common for the missing data distribution to dif-
fer between the training and test datasets. This often arises due to changes in data col-
lection environments, population shifts, or operational procedures. For example, hospitals
may record patient variables differently (Gutiérrez-Sacristan-Isaac and Avillach; Zhou et al.,
2023; Stokes et al., 2025) and financial regulations can affect how information is reported
(Qian et al., 2022). In addition, survey respondent demographics may change over time
(Meterko et al., 2015), all of which can lead to shifts in the missing data distribution.

Such shifts in missing data distributions degrade model performance, as patterns learned
from the observed training data may no longer be effective in predicting the test data (Zhou
et al., 2023; Gardner et al., 2023). This issue is particularly critical in tabular data, where
each variable often carries distinct semantic meaning (Kim et al., 2023; Singh and Bedathur,
2023), making models more sensitive to missingness shifts than in unstructured domains
such as image or text. Although this is a practically important and pressing challenge, and
despite the recent development of numerous deep-learning-based architectures for tabular
data (Bahri et al., 2021; Chen et al., 2023; Wu et al., 2024), to the best of the authors’
knowledge, there has been limited research in the deep learning domain specifically aimed
at addressing this problem.

In this paper, we propose a new deep learning framework for training prediction mod-
els that are robust to shifts in missing data distributions. To this end, we introduce a set of
mutual information-based conditions, referred to as MI robustness conditions, designed to

guide the prediction model in extracting label-relevant information from inputs, regardless
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of missingness patterns in both the training and test data. However, since the missingness
distribution at test-time is unseen and mutual information is generally intractable to com-
pute, it is challenging to directly enforce the model to satisfy the MI robustness conditions.

To tackle these challenges, we introduce a couple of novel techniques that are simple
yet highly effective. First, we first impose additional masking to training data to simulate
diverse missingness scenarios and thereby better cover the potential support of the missing-
ness distribution at test-time. And to encourage that the prediction model satisfies the MI
robustness conditions, we propose alternative cross-entropy-based regularization terms. We
theoretically show that minimizing each term guarantees the satisfaction of the correspond-
ing component of the MI robustness conditions.

Interestingly, while developing the new regularization terms, we discover that one of
our proposed terms closely resembles the consistency regularization term originally in-
troduced by FixMatch (Sohn et al., 2020), one of the most widely used approaches for
addressing semi-supervised learning (SSL) tasks. Therefore, as a by-product, our deriva-
tion provides a theoretical justification for the use of FixMatch and its subsequent variants.
Moreover, this analysis offers a natural extension of our method to SSL.

By combining all the regularization terms, we formulate a new objective function and
call our method MIRRAMS (Mutual Information Regularization for Robustness Against
Missingness Shifts). While MIRRAMS is primarily designed for tabular data domains, it
can be readily extended to unstructured data types such as images and texts. We present
Figure 1 to visualize our method.

We conduct extensive experiments by analyzing various benchmark datasets includ-
ing performance comparison and ablation studies, and demonstrate that prediction models
trained with our method exhibit robust performance, compared to existing state-of-the-art
learning frameworks designed to handle missing values, across a variety of scenarios where

the missing data distributions differ between training and test datasets. Furthermore, our
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Figure 1: An illustration of the implementation of MIRRAMS on data with p = 4.

results indicate that MIRRAMS achieves superior performance even when no missing data
are present, demonstrating its effectiveness in standard supervised learning settings. In ad-
dition, as mentioned above, our method also shows strong predictive performance in SSL
settings.

The remainder of this paper is organized as follows. Section 2 provides a brief sum-
mary of recent deep learning studies related to our proposed method. Section 3 introduces
our learning framework, MIRRAMS, along with a detailed explanation of its loss function.
In Section 4, we present experimental analyses, including prediction performance compar-
isons across diverse missingness scenarios and ablation studies. Lastly, Section 5 concludes
the paper with a summary of our findings and directions for future research. The key con-

tributions of our work are:

* We propose mutual-information-based conditions, called MI robustness conditions, to
guide prediction models to output robust predictions under missingness distribution

shifts.



* We introduce a new, theoretically grounded learning framework, MIRRAMS, designed

to encourage models to satisfy the robustness conditions.

* We empirically demonstrate the superiority of MIRRAMS across various scenarios

with missingness distribution shifts, using widely used benchmark datasets.



Chapter 2

Background

Missing Data Handling To the best of the authors’ knowledge, no existing deep learning
study explicitly considers missingness distribution shifts; therefore, in this section, we focus
on related research that addresses data with missing values. Roughly, existing deep learning-
based approaches can be categorized into two groups: (1) imputing missing values and (2)
treating missing values as masks.

A major number of studies adopt the conventional imputation strategies. For exam-
ple, FT-Transformer(Gorishniy et al., 2021), SCARF (Bahri et al., 2021), ReConTab (Chen
etal., 2023), XTab (Zhu et al., 2023) and SwitchTab (Wu et al., 2024), replace missing con-
tinuous features with the mean of observed values and categorical features with the most
frequent category or encoded versions (e.g., one-hot or ordinal), and feed the fully imputed
inputs into their networks. TabPFN (Hollmann et al., 2022) applies a simple rule by re-
placing missing entries with zero, although this may introduce semantic confusion when
zero holds meaning. While widely used, such imputation techniques are considered naive,
as they distort feature relationships and ignore the underlying mechanism of missingness,
which may eventually lead to performance degradation.

In an alternative approach, a growing number of studies treat missing values as learn-
able mask tokens. Specifically, TabTransformer (Huang et al., 2020) defines a special em-
bedding token for missing categorical values, used in place of missing entries during train-
ing and testing. However, this token is often under-fitted when missingness is sparse, and

average embeddings are used instead. SAINT (Somepalli et al., 2021) extends this idea by



constructing a dedicated embedding table for missing values and learning their represen-
tations explicitly with binary missing indicators. This masking-based approach enables the
model to condition its representations on missingness itself.

Additionally, VIME (Yoon et al., 2020) and UniTabE (Yang et al., 2023) introduce
additional missingness during training by applying random masking and employing self-
supervised learning to prevent overfitting and enhance robustness to missing values at test-
time. PMAE (Kim et al., 2025) addresses missing data by imputing values using masked
autoencoders (He et al., 2022) with a proportional masking strategy. However, they do not

explicitly consider shifts in the missingness distribution between training and test data.

Mutual Information As a measure of the information shared by two random variables,
mutual information (MI) quantifies the degree of dependence between them. It is defined as
the Kullback-Leibler divergence between the joint distribution and the product of marginals:
I(X;Y) = Dk, (P(X,Y) || P(X)P(Y)). A large MI value implies that the joint distribu-
tion P(X,Y") and the product of marginals P(X)P(Y") differ substantially—i.e., X and YV’
are strongly dependent.

Many studies have leveraged MI to build high-performance prediction models. For ex-
ample, the InfoMax principle (Hjelm et al., 2018) maximizes the MI between the target and
the augmented input view to achieve strong performance. However, this approach can exces-
sively capture unnecessary information, which may degrade predictive performance when
the model encounters unseen data. To address this limitation, Tian et al. (2020) proposed the
InfoMin principle, which minimizes the MI between augmented input views while ensuring
that each view retains sufficient information about the target. This process removes noise
and redundant shared information, thereby preventing performance degradation across di-

verse data scenarios.



Chapter 3

Proposed Method

3.1 Notations and Definitions

We introduce notations and definitions frequently used throughout this paper. Let
(X,Y) € X x [K] be a pair of fully observed input and corresponding class random
variables where XX’ represents the input space composed of p variables, which may include
both continuous and categorical ones, and [K| := {1,..., K} denotes the set of class la-
bels. We denote the true joint distribution of the fully observed input-output pairs by P.
The missingness distributions for the training and test input data are denoted by M" and
M, respectively. We assume that the true data distribution P, as well as the missingness
distributions M and M, are all unknown.

The observed training dataset is given by D" := {(x;,vy;),7 = 1,...,n}, where each
pair (x;, y;) is drawn independently from M" o IP. We also define the set of training inputs
from D" as DY, i.e., DY := {x;}!_,. Similarly, we assume that each input-output pair in
the unseen test dataset is independently drawn from the distribution M o P, When the con-
text is clear, we use the one-hot encoded representation of the label, that is, y € {0, 1}K ,
interchangeably with its scalar form. In addition, for simplicity, we use the dataset notation
interchangeably with its corresponding empirical distribution whenever there is no confu-
sion.

We define an additional masking distribution as M™, where r = (rq,...,7,)7 €
(0, 1)? denotes a masking ratio vector applied to each variable. Unless otherwise specified,

we assume that M" follows a product of p independent Bernoulli distributions with a com-



mon ratio r, that is, M = Ber(r) ® - - - ® Ber(r), where a value of one indicates that the
corresponding variable is observed, and zero indicates that it is masked. An instance of a
masking vector is denoted by m € {0, 1},

For a given input * = (x1,...,2,)1, v(z) = (vo([CLS]),v1(z1),...,vp(zp))T €
R(P+1)-d i5 defined as a concatenated embedding vector, where [CLS] denotes the classifi-
cation token and vy € R? is its corresponding embedding vector. Each vj(z;) € RY, j € [p]
represents the embedding function of the j-th input variable. Following (Somepalli et al.,
2021), we implement each v; using a multilayer perceptron (MLP) when z; is a continu-
ous variable, and a learnable token embedding vector when z; is categorical. In addition,
we introduce a separate token embedding vector for each variable to explicitly represent its
missingness. All MLPs and token embeddings are learned during training.

Based on the concatenated embedding vector, we employ a transformer-based en-
coder denoted as enc : R@+1)d — RP+TDd We take the encoder output corresponding
to the classification token vy([CLS]) as the final representation of the input « for pre-
diction. We employ a prediction head g : R? — S¥ on top of the representation vec-
tor, where S denotes the K -dimensional simplex. The overall prediction model for a
given input x is then defined as f(x) := g o enc o v(x). We classify the predicted la-
bel of a given input as the index corresponding to the highest prediction score from f, i.e.,
g(x) := argmax,c (g fi(2). The confidence of the prediction is defined as the highest pre-
dicted score: &(x) := maxy¢(k)fr(). If = contains missing values with a masking instance

m, its prediction is then represented as f(m(x)).



3.2 Mutual-Information-Based Robustness Conditions

Our goal is to train a prediction model f that achieves high performance on unseen
test data corrupted with an unknown missingness distribution. To this end, we employ the
mutual information measure and introduce the following conditions—termed M1 robustness
conditions—formulated as:

[(MY(X);Y) = I (f(M"(X));Y)

(@) 5

(i)
I(f(MY(X)); f(MB(X))) (B

I(MS(X);Y) 51 (F(MS(X));Y) (i

The detailed explanation of the MI robustness conditions is as follows. The function f
should preserve information regarding each input’s label distribution under the missingness
distribution both in the training and test datasets ((i) and (ii) in (3.1)). And the prediction
function should discard unnecessary information that is not relevant to predicting the label
((iii) and (iv) in (3.1)). Together, these conditions guide the model to extract only essential
label-related information while remaining robust to various missingness patterns.

However, the above conditions in (3.1) are intractable to enforce directly, as the test-
time missingness distribution, M, is unknown—unlike M", for which we have access to
training data drawn from M"Y o IP. To tackle this issue, we construct an enlarged missingness
distribution by applying an additional masking operation M" to the training distribution
M™, resulting in M™ o M"™, and use it as a surrogate for the test-time missingness dis-
tribution. By applying this approximation to (3.1), we derive the following modified MI

robustness conditions.



I(f(M™(X)); f(M o M™(X)))

2

LMo MY(X);Y) ~ I (f(Mo MY(X));Y) (i,

(i1)
3.2)

Suppose that the support of the surrogate missingness distribution is sufficiently broad

to cover that of the unknown test missingness distribution. Under this assumption, the pre-
diction model f can ensure that satisfying conditions (ii) and (iv) in (3.2) implies the sat-
isfaction of the corresponding conditions in (3.1). This, in turn, indicates that the resulting
model is robust to distributional shifts in missingness. We also note that a careful choice of
the masking ratio 7 is crucial, as excessively high masking ratios may cause a significant
discrepancy between I (M"(X);Y) and I (M o M"(X);Y), which leads to a violation
of (3.2) and results in performance degradation. We empirically validate this observation in

Section 4.

Remark 1. The reference (Tian et al., 2020) first utilized mutual information to propose
a criterion for designing encoders that yield optimal representations for downstream pre-
diction tasks. They developed a criterion known as the InfoMin principle. Since the exact
computation of each mutual information term is intractable, the authors replace it with the
InfoNCE loss (Oord et al., 2018), which is widely used in contrastive learning tasks. This
approach leverages the fact that the InfoNCE loss provides a lower bound on the mutual in-
formation between two random variables. In contrast, we propose an entirely different and
effective approach to satisfy the mutual information-based conditions, thereby enabling ef-

ficient training of a high-performing prediction model tailored to our setting.
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3.3 Derivation of Loss Functions in MIRRAMS

In this section, we propose new loss functions to encourage the prediction model f to
satisfy the MI robustess conditions in (3.2). Assuming that I (M"(X);Y) =
I(M™o M"(X);Y) with a carefully chosen masking distribution M™, it is sufficient in-

troduce three loss terms, each corresponding to conditions (i), (ii), and (iii) in (3.2).

Conditions (i)&(ii) For the condition (i), since even approximating I (M"(X);Y) is in-
tractable, directly enforcing similarity between the two mutual information values is not
feasible. To address this, we use the conditional entropy between Y and f(M"(X)) as a

surrogate loss term, given as:
H(Y|f(M"(X))) := Ene(x)y [~ log P (Y]f(M"(X))))], (3.3)

The following proposition provides justification for using the conditional entropy to satisfy

the condition (i). The proof is deferred to the Appendix A.

Proposition 1. Consider a pair of two random variables (U, V') and a function §. Suppose

there exists a positive constant € > 0 such that
Drr (P(VIU = w)[[P(VIE(U) = &(u))) < e
forallu € supp(U), where D 1,(+||) denotes the KL divergence. Then, the following holds:
[L(U; V) = I(EU); V)| <

We now present the implication of Proposition 1. To begin with, the conditional entropy

-11-



in (3.3) is given by:

H(Y|f(M"(X))) = Enex),y [~ log P(Y|f(M"(X)))]

) P(Y|M"(X))
= Eneix)y |log PY|f(M"(X)))

—log(P(Y|M"(X)))
= Epeix) [Drcr (PY[MY(X)||P(Y|f(M"(X))))]
+ Ene(x)y [~ log(P(YIM"(X)))]
It is reformulated as:

H(Y|f(M"(X))) = Epeix) [Dicr (PYIMU(X)IPY|f(M"(X)))] + H(Y|M"(X)).

Thus, minimizing (3.3) with respect to f corresponds to finding a function f such that
the conditional distribution P(Y|f(M"(x))) closely approximates P(Y |M"(x)) for all
x € X, in terms of KL divergence. Then, by Proposition 1, such a function f satisfies the
condition (i) in (3.2). To implement (3.3) in practice, we approximate it using the empirical

average of the cross-entropy over the training dataset, formulated as:

= E % yyope [— log P (Y|f()~())>} . (3.4)

The fulfillment of the condition (ii) can be achieved in a manner similar to the condition
(i), by minimizing the conditional entropy H (Y |f(M™ o M"(X))), which can also be

approximated by the empirical average of the cross-entropy loss, given as:

O = E 5 vy B [— log P (Y\f(M,{n(X))))} . (3.5)

-12-



Condition (iii) Lastly, we focus on the condition (iii) in (3.2). We note that the right-hand

side of the condition (iii) can be decomposed as:

I(f(M(X)); f(M? o MY(X))) = H(f(M"(X))) — H (f(M"(X))|f (M 0o M"(X))) .
(3.6)

Suppose that the training procedure has sufficiently progressed such that f(M"(x))
captures nearly all the information relevant to its corresponding label, y. That implies
f(M"™(x)) becomes nearly a one-hot encoded y, and therefore the information contained in
f(M"(X)) and §(M"™(X)) becomes almost same. As a result, the mutual information in

(3.6) can be approximated by

I(f(MY(X)); f(M" o M™(X))) = H(§(M"(X))) — H (§(M"(X))|f(M;" o M"(X)))

~H(Y) — H (j(M"(X))|f (M o M"(X))) .

Therefore, using the fact that I (f(M"(X));Y)=H(Y)— H(Y|f(M"(X))), the condi-

tion (iii) in (3.2) reduces to the following condition:

H(Y) = H(Y[f(M"(X))) ~ H(Y) = H (§(M"(X))|f (M" o M"(X)))

H(Y|f(M"(X))) = H (§(M"(X))|f(M;" o M"(X))) . 3.7)

Since encouraging condition (i) leads to minimization of H (Y| f(M"(X))), the condition
in (3.7) is fulfilled when H (§(M"™(X))|f(M™ o M™(X))) is minimized as well. Conse-

quently, we define the following loss term:

L= Eg pyBarp |~ log P (§(X)IF(MP(X))) - 1e(X) 2 7)],  (38)

where I(-) denotes the indicator function and 7 € (0, 1) is a hyperparameter called confi-

dence threshold.
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Minimizing (3.8) encourages the minimization of H (g(M"(X))|f(M™ o M"(X))),
but this holds only when the overall predictions are made with high confidence. Such con-
fidence typically emerges when the model f is sufficiently trained, which is consistent with

the the assumptions under which condition in (3.7) is derived.

Final Loss function of MIRRAMS By combining the loss terms defined in (3.4), (3.5),

and (3.8), the final objective function of our proposed method is formulated as:
L= oM - oY (3.9)

where A1, Ao > 0 are hyperparameters. We estimate the parameters of the prediction model
f by minimizing the loss £ using a gradient-descent-based optimizer, such as Adam (Kingma
and Ba, 2014). In practice, the optimal combination of hyperparameters is selected using a

validation dataset.

3.4 Rethinking Consistency Regularization-Based
SSL Solvers

As a by-product, based on the derivation of loss functions in Section 3.3, we provide a
theoretical perspective on SSL methods that employ consistency regularization. Consistency
regularization is a core principle in SSL. domain, which encourages a prediction model to
produce similar predictions for the same input under different perturbations or views. One
of the most prominent approaches built on this principle is FixMatch (Sohn et al., 2020),

whose objective function is formulated as:

LFE 4 - L™,
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where

£ = By yypeFa [~ log P (Y[ F(a(X))))],

LM = ExguBot [ log P (§(a(X))| f(A(X))) - IE(a(X)) = 7)],

L" and U™ denote the empirical distributions of the labeled and unlabeled training data,
respectively, and A > 0,7 € (0,1) are two hyperparameters. Here, o and A represent
weak and strong augmentations, respectively. In FixMatch (Sohn et al., 2020), the authors
intuitively interpret minimizing this term as encouraging the model f to correctly classify
labeled data while simultaneously producing consistent predictions under strong augmen-
tations with those under weak ones, conditioned on high-confidence predictions from the
weakly augmented inputs.

Based on our study, this loss function can be interpreted as guiding the training of the
prediction model f to satisfy the following mutual information conditions:

I(Y; (X)) 5 I(Y; f(e(X))) = I(f(a(X)); fIA(X)))- (3.10)

(i7)

Condition (i) in (3.10) encourages a prediction model f to extract label-relevant informa-
tion, while condition (ii) discourages f from encoding redundant information that is not
useful for label prediction, regardless of the type of augmentation applied. According to
the theoretical analysis in Section 3.3, minimizing £°F and £ respectively promotes the
fulfillment of conditions (i) and (ii) in (3.10). Therefore, FixMatch trains a prediction model
to extract label-relevant information while suppressing redundant features that do not con-
tribute to label prediction, even under strong augmentations. This slightly different inter-

pretation offers a more theoretically grounded explanation for the practical effectiveness of
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FixMatch, as well as for subsequent SSL methods inspired by it, such as those proposed in

(Xu et al., 2021; Zhang et al., 2021; Guo and Li, 2022; Wang et al., 2023).
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Chapter 4

Experiments

We validate the effectiveness of our method under distributional shifts in missingness
patterns between training and test datasets. Additionally, we empirically demonstrate that
our method can be easily extended to SSL settings. For each experiment, we report the
average performance over three trials with different random parameter initializations. Our
implementation is based on the PyTorch framework and runs on two NVIDIA GeForce

RTX 3090 GPUs.

Dataset Description We conduct experiments on ten widely used benchmark datasets,
all of which are publicly available from either the UCI repository or AutoML benchmarks.
Each dataset is split into training, validation, and test sets with a ratio pair of (0.65,0.15,0.2).
Detailed information about the datasets is provided in the Appendix B.

To simulate distributional shifts of missingness patterns between the training and test
datasets, we use a p X p AR(1)-type covariance matrix with a correlation factor p € (0,1) (In
our experiments, we fix p = 0.7.). We then apply two different permutation operation to this
base covariance matrix to construct two multivariate Gaussian distributions with zero mean
and permuted covariance structures. These distributions are used to generate missingness
patterns for the training and test data, respectively.

For each sample, we draw a noise vector from the corresponding Gaussian multivari-
ate distribution and binarize its elements using a pre-specified a-quantile threshold of the
standard Gaussian distribution to construct the missingness pattern, such that the marginal

missing ratio for each variable is a.. We vary « across both training and test datasets, specif-
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ically setting o € {0,0.05,0.1,0.2} for the training data and o € {0,0.1,0.2,0.3} for
the test data. We note that the case of (o', a"*) = (0,0) corresponds to the standard su-
pervised learning setting, where neither the training nor the test data contain any missing
values. Obviously, we apply the same missingness patterns to the validation dataset as in

the training dataset.

Implementation Details We follow a similar architecture to that proposed by (Somepalli
et al., 2021). Specifically, for the embedding layers, we use an MLP for each continuous
variable and learnable tokenized vectors for each categorical variable. And we also adopt
the transformer architecture (Vaswani et al., 2017) for the encoder and a separate MLP
for the prediction head. Detailed descriptions of the architectures we employ are stated in
Appendix B.

Our method involves four hyperparameters: (r, A1, Ag, 7). We consider values r €
{0.0,0.1,0.2,0.3,0.4}, A1, A2 € {0,1,5,10, 15,20}, and 7 € {0.8,0.9,0.95,0.99}, and
select the best combination based on performance on the validation dataset. For training,
we use the Adam optimizer (Kingma and Ba, 2014) with a learning rate of 10™%, a mini-

batch size of 256, and up to 1,000 epochs.

4.1 Performance results

In this section, we demonstrate that our method trains prediction models that are ro-
bust to various cases of missingness distributional shifts. For comparison, we first con-
sider five classical machine learning methods: (1) logistic regression with zero-value im-
putation (LR-0), (2) vanilla MLP with zero imputation (NN-0), (3) Random Forest (RF
(Breiman, 2001)), (4) XGBoost (XGB (Chen and Guestrin, 2016)), and (5) CatBoost (CB
(Prokhorenkova et al., 2018)). And we also consider three recent deep learning-based meth-

ods: (6) SAINT (Somepalli et al., 2021), (7) TabTransformer (TabTF, (Huang et al., 2020)),
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and (8) SwitchTab (STab (Wu et al., 2024)). We implement the machine learning baselines
using official Python packages, including xgboost and scikit-1learn. For the deep
learning-based methods, we implement them based on their publicly available GitHub
repositories.

For each setting, we evaluate the averaged test AUC score of our proposed method
across ten datasets and compare it against the baseline methods. The averaged results are
summarized in Table 1, and the detailed per-dataset results, including standard deviations,
are presented in Appendix B. We observe that our method consistently and significantly out-
performs all baselines across all considered scenarios. Moreover, it yields stable AUC per-
formance even as the missingness ratio in the test dataset increases, whereas other methods
exhibit a sharp performance drop. These results highlight that our method enables prediction
models to extract label-relevant information while suppressing the influence of missingness
patterns, thereby enhancing robustness to distributional shifts in missingness.

Interestingly, our method also achieves improved performance in the standard super-
vised learning scenario where neither the training nor the test data contain missing values,
ie., (', a") = (0,0). This observation can be attributed to the fact that imposing addi-
tional masking during training serves as an implicit form of regularization, preventing the
prediction model from extracting excessive information that may lead to overfitting.

These results suggest that our approach is not only effective under distributional shifts
in missingness, but also performs well in conventional settings where no missing data are
present in either the training or test datasets. Furthermore, while other deep learning-based
methods employ auxiliary decoder networks to boost performance, our method remains

both effective and computationally efficient, as it requires only a prediction model.
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Table 1: Comparison of averaged test AUC scores (%) across 10 tabular datasets under var-
ious combinations of (a'f, a'). All results were obtained using our own implementations.
For each setting, the best result is highlighted in bold, and the second-best is underlined.

tr

o 0.05

0 0.1 0.2 0.3

0.1 | 0.2
0 01 02 03] 0 01 02 03
70.99 6849 6737 6630 | 71.39 6938 69.16 68.00

ts

o 0 0.1 0.2 0.3

LR-0 | 72.03 6843 66.65 64.86 | 71.99 69.04 67.55 66.40

NN-0 | 77.41 7452 70.87 6834 | 8203 80.61 78.05 75.69 | 79.14 78.09 77.07 7443 | 7941 78.67 76.84 76.09
RF 88.19 8643 85.15 83.12 | 87.77 8740 8671 85.28 | 87.77 87.22 86.61 8552 |87.90 87.24 8431 84.47
XGB | 9L17 8641 827 7897|9155 89.58 88.15 85.65 | 91.21 89.90 88.03 85.79 | 89.76 88.81 86.77 85.20
CB 89.84 8646 84.42 82.00 | 89.58 87.18 85.61 83.17 | 88.55 8626 84.71 82.62 | 8837 8640 84.94 83.37

SAINT | 90.03 86.15 82.84 80.01 | 89.83 87.09 84.33 81.77 | 89.68 87.72 85.65 83.47 | 89.91 89.38 87.83 86.25
TabTF | 86.83 84.75 82.79 80.36 | 86.65 84.55 82.76 80.44 | 86.59 84.27 8255 80.03 | 85.82 83.85 8227 79.97
STab 8540 81.83 79.64 7793 | 84.67 81.61 80.19 78.88 | 86.16 8298 81.66 79.17 | 8478 81.83 80.20 78.79

Ours ‘91.88 90.94 89.43 88.07 ‘ 91.77 90.80 89.30 88.03 ‘ 91.58 90.94 89.55 88.27 ‘ 91.25 90.32 89.68 88.14

90

Mean AUC

(0.05, 0.0) (0.05,0.1) (0.05,0.2) (0.05,0.3) (0.1, 0.0) (0.1,0.1) (0.1,0.2) (0.1,0.3)

Figure 2: Comparison of averaged test AUC scores (%) across 9 tabular datasets under SSL settings.
We compare three methods: (red) Ours, (blue) SAINT, and (green) SwitchTab. Only 10% of the
training data is used as labeled data, while the remaining 90% is treated as unlabeled. In each panel,
the x-axis denotes the combination of (o, o).

4.2 Extension to Semi-Supervised Learning

In the loss function in (3.9), the first and second term, LfE and LSE, are computed
using both inputs and labels, whereas the third term, EgE, is computed solely from inputs.
Thus, our approach can be naturally extended to SSL tasks by replacing the expectation
over labeled inputs in EgE with that over unlabeled inputs. In this section, we claim that the
modified MIRRAMS to SSL settings maintains strong performance even when only a small
amount labeled dataset is available.

Figure 2 presents the averaged AUC scores of our method across nine datasets, com-
pared to two recent deep learning-based approaches across several SSL settings, with vary-

ing (o', a®) combinations. We exclude arcene dataset due to its small sample size (200

-20-



(@', a*): (0.05,0.2)

o3 /\v [ =
925 92.6 p2.00 —— (a¥,a®): (0.1,0.2)

92.0 ///\\ <\ (@”,a®): (02,02
924 92.85
915

91.0

Mean AUC
©
N

©
2

02.80
90.5

©

S
©
N
o

0.0 0.1 0.2 0.3 0.4 01 5 10 15 20 01 5 10 15 20 0.80 0.90 0.95 0.99

Figure 3: (From left to right) Test AUC scores for varying values of r, A1, A2, and 7, respectively.

samples in total), and the exact AUC values are provided in Appendix B. For each dataset,
10% of training data are used as labeled data, while remaining data treated as unlabeled
data.

Our method consistently performs competitively or better than the baselines across all
scenarios.

In addition, it maintains stable AUC scores even as the missingness ratio increases,
while the performance of other methods degrades sharply. This further demonstrates the ro-
bustness of our approach under SSL settings. Together with the results in Section 4.1, these
findings demonstrate our method’s versatility across both supervised and semi-supervised
learing tasks, positioning it as an off-the-shelf solution for a wide range of applications.
Given that our extension to SSL is relatively naive and not fully explored, there remains
substantial room for improving and adapting MIRRAMS specifically for SSL tasks—an in-

triguing direction for future research.

4.3 Ablation Studies

We conduct additional experiments to investigate the impact of hyperparameter choices
on the performance of MIRRAMS. We consider three datasets—adult, htru2, and
gsar_bio-and report the averaged test AUC scores for each setting. For each dataset,
we vary a single hyperparameter while keeping the others fixed at their optimal values. A

summary of the results is presented in Figure 3, and further details, including running time
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analysis, are provided in Appendix B.

* Increasing the value of r generally enhances the performance of our method, but the

marginal gains gradually decrease as r becomes larger.

* Regarding \; and A9, our method performs well when both are set to positive val-
ues, indicating that the proposed loss terms £ and £ contribute meaningfully to
model performance. Their effects, however, exhibit slightly different trends: increas-
ing A; up to 5 leads to consistent performance gains before saturating, while setting
A2 = 5 generally yields the best results, with higher values resulting in performance

degradation.

* Performance remains similar across all considered values of 7, indicating that our

method is not sensitive to its choice as long as a reasonable value is used.
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Chapter 5

Concluding remarks

In this paper, we proposed MIRRAMS, a deep learning framework for robust predic-
tion under distributional shifts in missingness patterns. By formulating mutual-information-
based robustness conditions and the corresponding loss terms, MIRRAMS guides mod-
els to extract label-relevant information robust to unseen missingness patterns. As a by-
product, our method provides a theoretical justification for the effectiveness of consistency
regularization-based SSL methods, such as FixMatch. Extensive experiments on ten bench-
mark datasets demonstrated the robustness of MIRRAMS, outperforming recent competi-
tors designed to handle missing values across diverse missingness shift scenarios, and even
when no missing data are present in either the training or test set. Additionally, we showed
that MIRRAMS can be readily extended to address SSL tasks.

We note that our method does not employ any additional architectures, such as de-
coders, during training to improve prediction performance, whereas many recent approaches
do. Therefore, combining our framework with auxiliary architectures used in other meth-
ods could further enhance performance, which we consider a promising direction for future
research. Another meaningful avenue would be to design a version of MIRRAMS specifi-
cally tailored for SSL tasks. Moreover, our method is not limited to addressing distributional
shifts in missingness within the input data. A natural next step is to adapt it to covariate shift
scenarios (Huang et al., 2006; Gretton et al., 2009; Yu and Szepesvari, 2012) and domain
adaptation settings (Ganin et al., 2015; Tzeng et al., 2017; Xie et al., 2018), where the input
distributions differ between training and test data. Extending MIRRAMS to such scenarios

would be a promising direction for future research.
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Appendix

A. Proof of Proposition 1

It is sufficient to prove the result for the case where both U and V' are discrete ran-
dom variables. The extension to the continuous case follows straightforwardly. The mutual

information can be reformulated as:
I(U;V)=H(V)—-H\V|U) and I(c(U);V)=H(V)—H(V|c(U)),

where H (-|-) denotes the conditional entropy. By the definition of the conditional entropy,

we have

p(u)
p(u, v)

H(V|U) = Zp (u,v) - log Zp(u, v) - [—logp(v|u)], (A.1)

u,v

and similarly,

Zp u,v) - log ple(u) 2} Zp u,v) - [—logp(vlc(u))].  (A.2)
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By subtracting (A.1) from (A.2), we obtain

HU3V) - HeU):V) = HVIe(U) - HOV|D)
o [ el
=2 p(w) o8 o)
= u viu) - 10 p(v U)
= 300 Y ptol g | L0 |

= Ey [Dkr (P(V|U = w)||P(V|e(U) = c(u)))]

< €.

Hence, the proof is complete. O

B. Algorithm for MIRRAMS

Algorithm 1 MIRRMAS algorithm.

Input : Training data {(z;,y:)}i—1 ~ D", number of features p, batch size B, masking ratio r, model f,
cross-entropy loss H, weights A1, A2, threshold 7, the maximum iteration 7'

1: t <0

2: whilet < T do

3: Sample B; = {x,y; }2y ~ D"

4:  Sample mask my, ma, ..., mp ~ Bernoulli(r)®?

5:  Compute the three losses:

6 L= LY7 Hy, f(@)

7: LY = £ 300 H(ys, f(ma(a:)))

8: L8 = 5 30 (i) > 7) H(g(i), f(mi(z:)))]
9:  Combine the losses:

10: L=LY 4 L - LY

11:  update f to minimize £ through backpropagation.
12 t+t+1
13: end while
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C. Benchmark Dataset Information and Experiment
Results

C.1 Benchmark Dataset Information

We evaluate a total of 10 tabular datasets. All datasets are publicly available and can
be obtained from sources such as UCI, AutoML, or Kaggle competitions, as listed in Table
C.1.1. And Table C.1.2 provides a summary of the basic information for all datasets we

analyze.

Table C.1.1: Benchmark dataset links.

Dataset Name | URL

adult https://www.kaggle.com/lodetomasil995/income-classification

arcene https://www.openml.org/search?type=data&sort=runs&id=1458

arrhythmia | https://archive.ics.uci.edu/dataset/5/arrhythmia

bank https://archive.ics.uci.edu/ml/datasets/bank+marketing

blastChar https://www.kaggle.com/blastchar/telco-customer-churn

churn https://www.kaggle.com/shrutimechlearn/churn-modelling

htru2 https://archive.ics.uci.edu/ml/datasets/HTRU2

gsar_bio https://archive.ics.uci.edu/ml/datasets/QSAR+biodegradation

shoppers https://archive.ics.uci.edu/ml/datasets/Online+Shoppers+Purchasing+Intention+Dataset
spambase https://archive.ics.uci.edu/ml/datasets/Spambase

Table C.1.2: Description of benchmark datasets. All datasets used in our experiments are
binary classification tasks. ‘“Positive Class ratio (%)” indicates the proportion of samples
labeled as belonging to the positive class.

Dataset ‘ Dataset size # Features # Categorical # Continuous Positive class ratio (%)
adult 32561 14 8 6 24.08
arcene 200 783 0 783 44.00
arrhythmia 452 226 0 226 14.60
bank 45211 16 9 7 11.70
blastChar 7043 20 17 3 26.54
churn 10000 11 3 8 20.37
htru2 17898 8 0 8 9.16
gsar_bio 1055 41 0 41 33.74
shoppers 12330 17 2 15 15.47
Spambase 4601 57 0 57 39.40
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C.2 Architecture Description

Regarding the embedding mechanism, we employ a single-hidden-layer MLP with
100 hidden units for each continuous variable. For categorical variables, each distinct value
is treated as a token and mapped to a learnable embedding vector. Additionally, for each
variable, we introduce a separate learnable embedding vector to represent missing values.
Notably, a distinct embedding is assigned for the missing case of each variable, allowing
the model to capture variable-specific missingness.

We employed a Transformer-based architecture to model the tabular data. By default,
the Transformer encoder depth was set to 6, the number of attention heads to 8, and the em-
bedding dimension to 32. For high-dimensional datasets with more than 100 input features,
the embedding dimension was reduced to 4 and the batch size was restricted to 64. Fur-
thermore, for Arrhythmia dataset, the encoder depth was reduced to 1 to lower the risk
of overfitting, and for Arcene dataset, the depth and number of heads were respectively

adjusted to 4 and 1 in order to tailor the model capacity to the limited sample size.

C.3 Detailed Results for Supervised Learning Tasks

Table C.3.1-C.3.20 present the detailed results of the average AUC scores and their
standard deviations, computed from three independent runs of each method across all bench-

mark datasets in the supervised learning tasks.
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Table C.3.1: Comparison of averaged test AUC scores (%) on adult for various (o', a'*)
combinations.

att | 0 | 0.05 | 0.1 | 0.2

ats | 0 01 02 03| 0 01 02 03| 0 01 02 03| 0 01 02 03
LR-0 | 60.90 59.03 57.99 57.03 | 6098 59.09 5805 57.07|60.92 59.04 58.00 57.02|60.78 58.94 57.92 56.93
NN-0 | 5119 5128 5127 5120 |47.16 5045 5288 55.60|50.12 5259 5451 56.59 | 49.78 5226 5429 56.47
RF 90.84 89.22 86.95 85.08 | 90.71 89.68 88.19 87.15|90.67 89.68 87.96 86.74 | 90.58 89.65 88.06 86.89
XGB | 9279 84.83 7822 7292|9277 91.80 9040 88.78 | 9270 91.78 9047 89.01 | 9267 91.83 90.63 89.26
CB 91.14 88.14 8479 81.77 | 91.02 89.49 8755 85.68 | 90.89 89.57 87.84 86.10 | 90.55 89.41 87.90 86.25

SAINT | 91.29 88.17 8490 82.15|91.20 90.13 88.74 86.94 | 91.24 90.42 89.00 87.65 | 90.84 89.98 89.06 87.86
TabTF | 87.81 86.36 84.71 82.66 | 87.74 86.59 85.16 83.26 | 87.52 86.50 8534 83.84 | 87.75 86.77 85.68 84.20
STab 89.56 88.43 86.80 84.82 | 89.26 88.28 86.82 84.87 | 89.44 8846 8722 8525|8949 8859 87.34 8547

Ours ‘92419 91.42  90.47 88.99‘92.16 91.43 9043 88.97‘92.11 91.38 9043 89.01‘92.08 91.25 90.33 88.90

Table C.3.2: Standard deviation comparison of test AUC scores (%) on adult for various
(o', o) combinations.

0.05
0 0.1 0.2 0.3 0 0.1 0.2 0.3

\ \ 0.1 0.2
LR-0 [0.009 0.008 0.006 0.008]|0.013 0.010 0.008 0.009

0 0.1 0.2 0.3 ‘ 0 0.1 0.2 0.3
0.013 0.010 0.008 0.010 | 0.015 0.012 0.010 0.010

NN-O | 0.023 0.017 0.014 0.014 | 0.056 0.057 0.058 0.055 | 0.009 0.025 0.034 0.044 | 0.005 0.023 0.032 0.038
RF 0.002 0.003 0.008 0.007 | 0.003 0.002 0.003 0.001 | 0.003 0.002 0.005 0.002 | 0.002 0.001 0.004 0.000
XGB 0.003  0.009 0.010 0.011 | 0.002 0.001 0.003 0.005 | 0.003 0.002 0.002 0.004 | 0.003 0.002 0.002 0.005
CB 0.018 0.013 0.007 0.009 | 0.018 0.021 0.023 0.024 | 0.019 0.022 0.024 0.027 | 0.024 0.026 0.028 0.032

SAINT | 0.007 0.020 0.028 0.035 | 0.007 0.009 0.008 0.006 | 0.007 0.010 0.012 0.014 | 0.010 0.013 0.012 0.014
TabTF | 0.003 0.005 0.005 0.004 | 0.003 0.004 0.005 0.011 | 0.005 0.006 0.007 0.005 | 0.004 0.005 0.004 0.004
STab 0.003 0.004 0.001 0.005 | 0.003 0.001 0.003 0.007 | 0.003 0.003 0.003 0.005 | 0.003 0.005 0.003 0.002

Ours | 0.002 0.002 0.001 0.004 | 0.002 0.001 0.001 0.004 | 0.003 0.002 0.001 0.004 | 0.003 0.002 0.001 0.005

Table C.3.3: Comparison of averaged test AUC scores (%) on arcene for various (', a'*)
combinations.

aft | 0 | 0.05 | 0.1 | 02

a* | 0 01 02 03] 0 01 02 03] 0 01 02 03| 0 01 02 03
LRO | 6389 6443 6435 6219|6181 6157 61.50 60.26 | 60.65 62.11 6150 60.73 | 59.57 5949 60.80 59.57
NN-0 | 4931 5170 5243 5502|6794 6721 6231 5945|6173 6127 5513 5571|7469 7218 6532 6528
RF 50.66 51.00 5031 5243 | 48.61 50.12 50.62 49.69 | 47.61 49.61 47.76 47.84 | 49.46 49.42 4896 46.53
XGB | 8534 8503 8248 8457|8179 78.16 7593 72.61 | 7874 7643 7473 6863 | 7793 7569 72.80 7172
CB 84.99 8140 81.52 78.67 | 84.26 82.64 81.79 8133 | 8241 8395 8526 84.72 | 78.16 77.82 7832 79.32

SAINT | 83.68 8391 83.68 8538 |81.56 82.18 80.71 81.79 | 89.58 88.19 86.27 86.88 | 87.96 89.43 87.89 89.89
TabTF | 91.51 90.28 88.43 88.43 | 90.66 89.12 86.81 86.34 | 90.66 89.97 87.58 84.64 | 88.27 87.65 84.80 82.64
STab 8526 78.78 81.17 7932 | 84.18 78.63 7824 7546 | 80.79 79.48 8025 7623 |85.19 79.47 76.85 7523

Ours | 89.58 88.43 88.19 87.58 | 87.65 87.11 86.11 8588 | 75.54 76.08 74.69 7299 | 7485 7523 7461 72.84
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Table C.3.4: Standard deviation comparison of test AUC scores (%) on arcene for various
(a'f, &") combinations.

att | 0 | 0.05 | 0.1 | 0.2
o | 0 01 02 03] 0 01 02 03] 0 01 02 03] 0 01 02 03

LR-0 0.142 0.165 0.146 0.143 | 0.199 0.190 0.191 0.192 | 0.202 0.195 0.206 0.203 | 0.212 0.198 0.211 0.204
NN-O | 0.012 0.022 0.090 0.116 | 0.204 0.168 0.204 0.188 | 0.113 0.126 0.106 0.085 | 0.039 0.068 0.066 0.113

RF 0.176  0.180 0.138 0.154 | 0.192 0.174 0.155 0.195 | 0.175 0.168 0.158 0.123 | 0.163 0.154 0.182 0.134
XGB 0.079 0.026 0.092 0.098 | 0.103 0.088 0.092 0.094 | 0.136 0.112 0.077 0.088 | 0.026 0.038 0.048 0.096
CB 0.061 0.031 0.013 0.040 | 0.083 0.076 0.083 0.045 | 0.073 0.051 0.026 0.039 | 0.113 0.082 0.053 0.066

SAINT | 0.102 0.106 0.090 0.076 | 0.065 0.064 0.043 0.013 | 0.008 0.012 0.010 0.032 | 0.008 0.049 0.039 0.021
TabTF | 0.058 0.058 0.058 0.059 | 0.046 0.045 0.050 0.058 | 0.044 0.045 0.053 0.069 | 0.063 0.046 0.062 0.070
STab 0.094 0.095 0.092 0.042 | 0.100 0.087 0.111 0.063 | 0.096 0.066 0.103 0.121 | 0.111 0.088 0.08 0.052

Ours 0.068 0.030 0.043 0.049 | 0.057 0.041 0.051 0.045 | 0.197 0.184 0.184 0.203 | 0.188 0.181 0.183 0.202

Table C.3.5: Comparison of averaged test AUC scores (%) on arrhythmia for various
(o', o) combinations.

0.1
0 0.1 0.2 0.3

0.2
0 0.1 0.2 0.3

0 0.1 0.2 0.3 ‘ 0 0.1 0.2 0.3
6450 59.35 59.55 55.67 | 64.19 58.87 55.84 55.84

63.85 59.21 5842 58.14 | 64.16 6124 61.10 62.39
NN-O | 76.99 7532 7222 67.51 | 7897 77.58 7522 7428|8048 7624 7415 71.66 | 81.65 77.62 7450 71.81
RF 73.14 7044 69.11 73.53 | 7570 7390 69.68 73.70 | 71.65 7271 7241 7221 | 73.00 71.84 7195 6526
XGB 86.55 81.87 79.02 7584 | 83.01 79.97 81.03 77.81 | 82.59 81.24 80.42 77.30 | 81.42 8233 79.55 78.62
CB 82.64 8537 8259 7730 | 83.21 7878 7720 7505|7930 76.64 76.60 7249 |83.46 82.11 81.80 79.10

=
IW s
o

SAINT | 8391 77.13 71.59 69.40
TabTF | 81.04 70.75 5841 46.71 | 81.63 69.54 57.93 46.71 | 8248 68.17 55.12 44.06 | 80.20 63.83 52.93 39.76
STab 79.07 7044 6636 64.23 | 75.19 63.04 6224 61.20 | 80.23 70.73 71.55 68.00 | 79.93 70.68 65.63 60.25

Ours 83.52 7857 76.15 77.02 | 84.67 81.04 8039 80.34 | 84.53 84.53 81.86 80.98 | 82.59 81.72 82.05 80.96

85.82 79.66 73.08 7089 | 84.73 80.53 7854 74.68 | 87.31 84.44 8293 79.92

Table C.3.6: Standard deviation comparison of test AUC scores (%) on arrhythmia for
various (o', o) combinations.

SAINT | 0.093 0.189 0.225 0.247
TabTF | 0.069 0.056 0.060 0.105 | 0.068 0.060 0.069 0.122 | 0.073 0.068 0.059 0.122 | 0.069 0.032 0.038 0.086
STab 0.040 0.063 0.071 0.054 | 0.015 0.043 0.048 0.012 | 0.104 0.071 0.060 0.052 | 0.103 0.114 0.142 0.081

Ours ‘0.062 0.100  0.102 0.076‘0.066 0.092  0.063 0.069‘0.076 0.085 0.111 0,133‘0.101 0.120 0.125 0.129

0.054 0.136 0.187 0.222 | 0.082 0.091 0.125 0.127 | 0.056 0.055 0.068 0.075

ot | 0 | 0.05 | 0.1 | 0.2

a* | 0 o1 02 03] 0 01 02 03] 0 01 02 03| 0 01 02 03
LR-O [ 0152 0.132 0.099 0.043|0.087 0061 0062 0.052]0.121 0096 0.046 0050 | 0.142 0.116 0.109 0.092
NN-0 | 0127 0.118 0.15 0.137 | 0.105 0082 0.060 0.068 | 0.073 0.065 0.041 0089 | 0.081 0.059 0.066 0.058
RF 0.150 0.166 0.165 0.144 | 0.127 0.141 0.168 0.55 | 0.178 0.140 0.153 0.144 | 0.079 0.144 0.150 0.081
XGB | 0.068 0.106 0.126 0.158 | 0.066 0.059 0062 0.056 | 0.043 0.038 0033 0.047 | 0.126 0.110 0.113 0.103
CB 0.143  0.088 0.070 0.053 | 0.044 0.024 0032 0034 | 0.037 0.045 0044 0.040 | 0.062 0.059 0.025 0.033
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Table C.3.7: Comparison of averaged test AUC scores (%) on

bank for various (o', a'*)

combinations.

att | | 0.05 | 0.1 | 0.2

o | 0 01 02 03] 0 01 02 03] 0 01 02 03] 0 01 02 03
LR-0 | 69.12 6535 61.86 59.33|66.64 6332 60.17 5791 | 63.55 60.89 5823 5637|5563 5481 5343 5258
NN-0 | 8320 7825 73.58 69.89 | 82.77 7856 7446 7094 |82.65 78.87 7506 7172|8352 80.75 7743 7441
RF 9045 87.06 8421 8235 |90.18 88.25 86.04 83.89 | 90.00 8824 8596 8392 |89.82 88.11 8580 83.68
XGB | 93.16 8445 7815 72.81|93.05 9136 89.37 8723|9280 91.27 89.30 87.19 | 92.82 91.33 89.54 87.57
CB 9135 87.16 8340 7938 | 90.92 88.71 86.35 8390 | 90.76 8858 8630 8393|9042 8841 8627 83.95
SAINT | 92.19 8892 8529 81.64 [ 91.97 89.96 8752 8474|9200 9025 88.03 85.57 | 91.68 89.92 87.86 8559
TabTF | 88.33 8636 84.34 83.13 | 88.04 8675 8538 8421 | 87.71 86.56 8552 84.55|86.87 8571 8470 84.03
STab | 90.76 88.05 84.82 81.82 | 90.10 87.88 8520 8252 |89.74 8747 8499 8280 | 88.58 86.67 8427 8239
Ours | 9373 9245 90.73 88.77 | 93.73 9242 90.70 88.73 | 93.63 9225 9044 8845|9326 9195 90.13 8818

Table C.3.8: Standard deviation

(o', o) combinations.

comparison of test AUC scores (%) on

bank for various

oft | | 0.05 | 0.1 | 0.2

at | 0 01 02 03| 0 01 02 03] 0 01 02 03| 0 01 02 03
LR-0 | 0010 0014 0014 0014|0014 0015 0013 0013 | 0.019 0019 0016 0015|0033 0026 0019 0.016
NN-0 | 0.005 0012 0.013 0020 | 0.006 0015 0016 0.023 | 0.009 0019 0020 0.028 | 0.018 0028 0.028 0.035
RF 0.001 0011 0.017 0011 | 0.001 0.004 0.006 0.005 | 0.003 0.006 0006 0.004 | 0.004 0.007 0.009 0.011
XGB | 0.003 0005 0.006 0006 | 0.003 0.006 0.003 0003 | 0.002 0004 0004 0.004|0.002 0003 0002 0.003
CB 0.024 0028 0.021 0022 | 0.024 0034 0033 0038 | 0.023 0033 0033 0037 | 0.024 0.034 0.034 0.039
SAINT | 0.018 0018 0.011 0.006 | 0.019 0022 0022 0021|0019 0021 0018 0016|0018 0020 0019 0.021
TabTF | 0.003 0.004 0.004 0.003 | 0.003 0.003 0.005 0.009 | 0.003 0.003 0.001 0.004 | 0.001 0.004 0.003 0.009
STab | 0.001 0.005 0.002 0.003 | 0.003 0.004 0.002 0.004| 0001 0004 0002 0005 |0.009 0.004 0.006 0.003
Ours | 0.004 0.004 0.005 0.004]0.004 0004 0.005 0003|0005 0005 0006 0.005|0.006 0.005 0007 0.005
Table C.3.9: Comparison of averaged test AUC scores (%) on blastChar for various
(a'f, &") combinations.

ot | | 0.05 | 0.1 | 0.2

a* | 0 o1 02 03] 0 01 02 03] 0 01 02 03| 0 01 02 03
LRO [79.52 74.14 6941 6523|7788 7402 7033 67.04 | 7652 7409 7140 68.79 | 7479 7270 7022 67.86
NN-0 | 80.74 7586 70.68 67.08 | 83.57 8122 78.66 7554|8345 81.39 7944 76.63 | 82.67 8I.11 7942 77.23
RF 83.68 8220 80.19 7859 | 8335 82.13 80.88 79.40 | 83.10 82.04 81.07 80.07 | 8327 82.02 80.90 80.07
XGB | 8390 7932 7515 7197 | 8439 8329 8191 80.18 | 84.66 8387 82.53 81.23 | 83.85 83.07 81.99 80.93
CB 84.31 8229 80.16 7752 | 84.60 8322 81.62 79.64 | 8432 8322 81.94 79.98 | 8421 8310 8179 80.07
SAINT | 84.54 8298 81.10 7851 | 84.46 8284 81.68 79.68 | 8443 8296 81.73 79.61 | 8451 8376 82.67 81.20
TabTF | 8270 81.80 81.12 79.77 | 82.64 81.79 8126 80.11 | 8250 81.66 8124 80.20 | 82.39 81.67 81.34 8031
STab | 7843 7606 73.55 7055|7812 7654 7516 7207|7832 7691 7585 7374|7856 77.37 7631 74.63
Ours | 8523 8454 83.66 8271|8525 8447 8358 8252|8514 8448 8354 82.55|85.14 8448 83.68 8289
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Table C.3.10: Standard deviation comparison of test AUC scores (%) on blastChar for

various (o', o) combinations.

att | | 0.05 | 0.1 | 0.2

o | 0 01 02 03] 0 01 02 03] 0 01 02 03] 0 01 02 03
LR-0 [ 0014 0009 0012 0008|0011 0013 0017 0013|0015 0017 0016 0012|0024 0026 0.023 0.019
NN-0 | 0.028 0014 0020 0034|0008 0012 0016 0023|0009 0012 0015 0020|0018 0021 0022 0.030
RF 0.005 0.008 0014 0011 | 0.006 0.009 0010 0.008 | 0009 0009 0.008 0.005 | 0.007 0.008 0.009 0.002
XGB | 0011 0010 0013 0019|0007 0011 0008 0011|0009 0013 0008 0006|0012 0018 0015 0.012
CB 0017 0021 0023 0.023 | 0.013 0016 0016 0016 | 0016 0016 0.015 0.014 | 0.015 0017 0.020 0.020
SAINT | 0.003 0.002 0.001 0.000 | 0.005 0.007 0.007 0.012] 0004 0010 0015 0022 |0.003 0.005 0010 0.010
TabTF | 0.014 0012 0014 0013 | 0014 0013 0015 0015|0013 0013 0013 0015|0013 0014 0014 0017
STab | 0.014 0016 0025 0027 | 0.026 0.026 0.026 0020|0025 0024 0022 0019 | 0.021 0025 0022 0.025
Ours | 0.009 0.007 0009 0013 |0.009 0.007 0011 0016|0009 0008 0011 0016 |0.007 0008 0011 0019

Table C.3.11: Comparison of averaged test AUC scores (%) on churn for various (o', ')
combinations.

oft | | 0.05 | 0.1 | 0.2

o | 0 01 02 03] 0 01 02 03| 0 01 02 03| 0 01 02 03
LR-0 |[5392 5257 5115 5149 |51.89 5090 49.93 50.74 | 5049 49.86 49.05 50.05|48.59 4837 47.98 49.22
NN-0 | 5811 5643 5546 5377 |57.09 56.64 5557 5463|5456 53.67 53.37 5322|5148 5198 5151 5226
RF 8198 7886 75.65 7231|8229 80.16 78.08 75.18|8220 79.71 7759 7420 | 8155 79.67 7729 7440
XGB | 86.14 8034 7525 69.66 | 86.03 84.14 8209 79.42 | 8585 84.09 81.96 79.52 | 8582 8435 8224 80.04
CB 85.87 83.03 80.71 77.10 | 8527 83.11 8111 7844|8508 83.04 81.12 7856 | 8464 8290 81.13 7882
SAINT | 86.23 8349 80.93 78.83|86.04 8428 8231 79.90 | 8588 84.25 8237 80.24 | 8596 84.82 82.87 81.45
TabTF | 66.69 66.01 66.12 6534 | 6635 6564 6543 64.39 | 66.68 66.19 6583 6519 | 66.02 6560 6556 6557
STab | 63.39 62.62 6241 61.33 | 6333 6261 61.67 60.62| 6489 63.94 6281 62.04 | 6335 6284 6224 6145
Ours | 8583 84.09 8240 80.64 | 8568 84.01 8229 8047|8541 8379 8208 80.19 | 84.98 8342 8210 79.99

Table C.3.12: Standard deviation comparison of test AUC scores (%) on churn for various

(a'f, &") combinations.

ot | 0 | 0.05 | 0.1 | 0.2

a* | 0 o1 02 03] 0 01 02 03] 0 01 02 03| 0 01 02 03
LR-O [ 0020 0024 0024 0.025]0.038 0042 0037 0034|0033 0039 0034 0031|0030 0036 0032 0.031
NN-0 | 0.002 0012 0.024 0017 | 0012 0006 0.008 0013|0023 0026 0017 0010 | 0.046 0.037 0034 0.024
RF 0.021  0.029 0.033 0038 | 0.019 0.020 0028 0027 | 0.020 0.030 0027 0.042 | 0.020 0.024 0.032 0.037
XGB | 0.004 0013 0.004 0012 |0.003 0003 0.005 0.004 | 0.006 0.006 0004 0.006 | 0.005 0.005 0.004 0.009
CB 0.011 0013 0012 0013 | 0.014 0020 0019 0024 | 0.011 0019 0018 0.021 | 0.015 0.018 0017 0.022
SAINT | 0.000 0.001 0.001 0.001 | 0.000 0.001 0.001 0.001 | 0.000 0.000 0.001 0.000 | 0.001 0.000 0.000 0.001
TabTF | 0.017 0.014 0.012 0012 | 0.019 0018 0017 0019 | 0.014 0013 0015 0017 | 0.009 0011 0014 0.018
STab | 0.034 0028 0.026 0016 | 0.074 0056 0.049 0.042 | 0.069 0.054 0.048 0039 | 0.043 0.042 0033 0.028
Ours | 0.010 0011 0008 0.005]0.011 0012 0.008 0005|0012 0013 0010 0008 | 0.012 0013 0010 0.007
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Table C.3.13: Comparison of averaged test AUC scores (%) on ht ru2 for various (o', a'*)

combinations.

att | | 0.05 | 0.1 | 0.2

o | 0 01 02 03] 0 01 02 03] 0 01 02 03] 0 01 02 03
LR-0 [96.65 9279 88.63 8447|9568 9436 9256 90.53 | 9556 94.38 9274 90.86 | 9546 9439 92.87 91.03
NN-0 | 9689 93.51 89.85 86.35|96.89 9599 9451 9239|9683 9621 9500 93.43 | 9670 96.17 95.14 9386
RF 9642 96.05 9548 94.18 | 96.05 9577 9578 94.55 | 96.18 96.07 9530 94.49 | 9572 96.09 9548 94.89
XGB | 97.31 9532 9267 89.14 | 9736 9690 96.05 95.18 | 9743 97.16 96.51 95.78 | 97.40 97.27 96.74 96.17
CB 97.08 95.69 9421 9245 |97.03 9628 9543 93.80 | 9726 96.61 9593 94.90 | 97.03 9647 9589 95.13
SAINT | 98.18 9547 91.62 87.52[97.95 97.61 9697 9589|9792 9776 97.36 96.72 | 97.94 97.82 97.64 97.08
TabTF | 97.29 97.63 97.91 9852|9722 97.65 98.09 98.69 | 97.16 97.63 98.19 98.71 | 96.83 9739 97.98 98.59
STab | 97.39 92.11 87.86 83.58 | 97.32 9637 9422 9194|9729 9670 9543 94.19 | 97.11 9657 9558 94.96
Ours | 97.57 9742 96.89 96.31 | 97.58 97.36 96.74 96.19 | 97.57 9744 9690 96.29 | 97.52 97.33 9687 96.21

Table C.3.14: Standard deviation comparison of test AUC scores (%) on ht ru?2 for various
(o', o) combinations.

oft | | 0.05 | 0.1 | 0.2

o | 0 01 02 03] 0 01 02 03| 0 01 02 03| 0 01 02 03
LR-0 | 0.007 0010 0.013 0013|0007 0.006 0001 0.005|0.006 0.005 0.001 0.006|0.007 0.005 0.003 0.008
NN-0 | 0.005 0.003 0.006 0.011 |0.006 0.006 0.005 0.004|0.006 0005 0.008 0.008 | 0.007 0.005 0.006 0.005
RF 0.008 0.006 0.002 0.008 | 0.002 0.004 0.002 0.001 | 0.007 0.008 0.005 0.004 | 0.005 0.005 0.001 0.001
XGB | 0.004 0.006 0.015 0.024 | 0.004 0.003 0005 0.006 | 0.004 0.003 0.005 0.004 | 0.004 0.004 0.006 0.006
CB 0.007 0.009 0011 0.010 | 0.006 0.008 0.008 0.016 | 0.006 0.007 0.007 0.005 | 0.005 0.008 0.008 0.008
SAINT | 0.000 0.011 0.021 0.028 | 0.000 0.000 0.000 0.000 | 0.000 0.000 0.000 0.000 | 0.000 0.000 0.000 0.000
TabTF | 0.005 0.002 0.005 0.002 | 0.007 0.002 0.003 0.001 | 0.007 0.002 0.002 0.001 | 0.007 0.003 0.005 0.002
STab | 0.005 0.007 0.005 0.011 | 0.006 0.006 0.007 0.004 | 0.009 0.010 0.009 0.009 | 0.004 0.005 0.002 0.003
Ours | 0.006 0.006 0.006 0.007 | 0.005 0.05 0.007 0.008 | 0.005 0.006 0.008 0.011 | 0.005 0.006 0.006 0.006
Table C.3.15: Comparison of averaged test AUC scores (%) on gsar bio for various
(a'f, &") combinations.

o | | 0.05 | 0.1 | 02

at* | 0 01 02 03| 0 01 02 03] 0 01 02 03| 0 01 02 03
LR-0 | 8942 81.66 7647 7338 | 8690 81.72 77.52 7508 | 8831 83.63 80.01 77.38 | 85.84 81.48 78.07 75.12
NN-0 | 9227 8511 81.37 76.03 | 91.53 87.87 85.82 8325 |91.84 88.60 8692 84.28 | 90.86 88.27 86.05 83.08
RF 86.10 8449 83.92 83.07 | 84.18 83.01 81.99 79.92 | 8322 8241 81.95 80.69 | 82.74 82.10 80.63 78.80
XGB | 90.44 86.11 81.07 79.20 | 9227 90.27 88.19 8690 | 90.21 8821 86.12 84.74 | 90.25 89.10 87.67 86.53
CB 91.07 88.78 8641 8434 | 9047 88.81 86.66 84.13|90.29 89.00 87.04 8440 | 89.46 88.26 86.28 84.81
SAINT | 90.93 89.04 88.75 86.67 | 90.13 87.70 87.87 85.64 | 91.36 86.97 87.52 84.66 | 90.69 88.63 88.94 88.19
TabTF | 91.97 90.73 89.67 88.75 | 92.04 90.81 89.84 88.84 | 91.75 90.84 89.77 88.78 | 91.38 90.42 89.61 88.72
STab | 88.97 88.00 86.24 84.94 | 89.42 88.18 8629 8536 | 89.10 88.72 87.15 8520 | 88.90 87.11 86.10 84.82
Ours | 91.88 91.22 90.67 89.82 | 91.70 90.63 90.14 89.24 | 91.70 90.85 90.66 87.84 | 91.47 90.67 90.63 89.93
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Table C.3.16: Standard deviation comparison of test AUC scores (%) on gsar_bio for
various (o', o) combinations.

att | 0 | 0.05 | 0.1 | 0.2
o | 0 01 02 03] 0 01 02 03] 0 01 02 03] 0 01 02 03

LR-0 0.022 0.022 0.009 0.032 | 0.015 0.015 0.022 0.026 | 0.011 0.032 0.035 0.037 | 0.029 0.026 0.028 0.019
NN-0 | 0.012 0.017 0.012 0.017 | 0.007 0.017 0.023 0.018 | 0.004 0.010 0.023 0.016 | 0.010 0.006 0.011 0.008

RF 0.001 0.011 0.003 0.002 | 0.001 0.008 0.012 0.019 | 0.006 0.014 0.015 0.022 | 0.003 0.007 0.030 0.017
XGB 0.013  0.025 0.034 0.043 | 0.009 0.013 0.020 0.025 | 0.022 0.030 0.044 0.047 | 0.015 0.013 0.008 0.006
CB 0.019 0.025 0.021 0.020 | 0.016 0.026 0.011 0.024 | 0.021 0.035 0.028 0.032 | 0.024 0.032 0.035 0.037

SAINT | 0.001 0.000 0.001 0.004 | 0.002 0.001 0.005 0.012 | 0.058 0.008 0.011 0.005 | 0.001 0.001 0.001 0.001
TabTF | 0.009 0.016 0.008 0.016 | 0.011 0.017 0.009 0.019 | 0.009 0.017 0.011 0.020 | 0.012 0.014 0.011 0.021
STab 0.030 0.018 0.016 0.010 | 0.026 0.010 0.021 0.015 | 0.036 0.022 0.024 0.019 | 0.036 0.020 0.027 0.036

Ours 0.003 0.006 0.003 0.005 | 0.006 0.005 0.009 0.005 | 0.002 0.010 0.005 0.025 | 0.005 0.010 0.002 0.007

Table C.3.17: Comparison of averaged test AUC scores (%) on shoppers for various
(o', o) combinations.

0.05
0 0.1 0.2 0.3 0 0.1 0.2 0.3

| | 02
LR-0 57.00 5542 5481 53.37|56.10 54.78 54.10 52.90

0 0.1 0.2 0.3 ‘ 0 0.1 0.2 0.3
56.61 55.17 5443 53.17 | 55.64 5431 53.60 5247

NN-O | 9147 87.82 84.17 8025 |91.28 88.87 8594 8243|9150 89.07 86.19 83.03 | 90.38 88.11 8558 82.60
RF 91.59 87.74 8525 81.62 | 91.27 89.04 87.68 85.83 | 90.79 89.21 87.53 86.26 | 91.08 89.32 87.98 86.37
XGB 93.17 88.51 8422 80.57 | 93.03 90.89 89.16 86.33 | 93.07 9125 89.66 87.25 | 92.66 90.96 89.40 87.43
CB 92.08 88.67 85.72 82.08 | 92.30 89.93 87.79 84.65| 9232 90.13 87.96 85.05 | 92.07 89.90 87.75 84.99

SAINT | 93.39 90.46 87.16 83.02
TabTF | 82.64 84.39 86.27 87.50 | 82.83 84.35 8545 86.59 | 82.69 84.06 8503 86.43 | 82.08 83.26 84.32 85.67
STab 87.58 85.12 8235 79.75 | 87.25 8547 8333 80.11 | 86.15 84.56 8228 79.63 | 86.43 847 8189 79.57

Ours 93.17 9198 89.93 88.04 | 92.85 91.88 89.80 88.03 | 92.86 91.92 90.02 88.11 | 92.61 91.65 89.76 87.74

93.39 9192 89.57 87.07 | 93.45 92.13 89.82 86.81 | 93.08 91.97 90.05 87.17

Table C.3.18: Standard deviation comparison of test AUC scores (%) on shoppers for
various (o', o) combinations.

SAINT | 0.000 0.004 0.007 0.006
TabTF | 0.009 0.006 0.008 0.009 | 0.011 0.006 0.010 0.004 | 0.012 0.005 0.006 0.002 | 0.012 0.003 0.007 0.009
STab 0.005 0.003 0.009 0.008 | 0.004 0.007 0.006 0.009 | 0.005 0.004 0.004 0.013 | 0.003 0.002 0.003 0.009

Ours ‘0.003 0.003  0.002 0.006 ‘ 0.003  0.007 0.005 0.002 ‘ 0.002 0.006 0.005 0.002 ‘ 0.001  0.005 0.004 0.003

0.001 0.003 0.008 0.025 | 0.000 0.000 0.000 0.000 [ 0.000 0.001 0.000 0.000

ot | 0 | 0.05 | 0.1 | 0.2

a* | 0 o1 02 03] 0 01 02 03] 0 01 02 03| 0 01 02 03
LR-O [0022 0023 0018 0013|0025 0029 0025 0021|0012 0015 0010 0009 | 0.005 0.006 0012 0.012
NN-0 | 0.004 0.013 0.009 0.010|0.003 0005 0010 0012|0007 0009 0012 0014 | 0.010 0.006 0.009 0.010
RF 0.004 0.010 0.006 0.007 | 0.002 0.001 0.004 0010 | 0.002 0.001 0003 0.012|0.002 0.001 0.002 0.005
XGB | 0.005 0.007 0.010 0006 | 0.004 0.003 0006 0010 | 0.002 0.002 0003 0.011 | 0.005 0.004 0.007 0.009
CB 0.016 0012 0.016 0020 | 0.007 0.014 0.024 0029 | 0.009 0014 0023 0.029 | 0.008 0.014 0021 0.027
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Table C.3.19: Comparison of averaged test AUC scores (%) on Spambase for various
(a'f, &") combinations.

0.05
0 0.1 0.2 0.3

0.1
0 0.1 0.2 0.3

0.2
0 0.1 0.2 0.3

0 0.1 0.2 0.3

LR-0 84.44 7854 7472 7123 | 8435 78.66 7493 71.57 | 84.58 80.22 77.42 7478 | 87.06 84.04 82.15 79.78
NN-O | 97.75 9376 89.75 86.62 | 97.75 96.96 96.15 9537 | 97.73 97.03 9638 95.68 | 97.54 96.90 96.38 95.79
RF 96.47 95.16 94.10 92.61 | 9588 9530 94.51 93.34 | 95.63 95.01 9425 93.60 | 95.58 9527 9445 93.99
XGB 98.31 9338 87.73 81.22 | 98.56 98.14 97.35 96.54 | 98.42 98.09 9744 96.76 | 98.48 9822 97.71 97.11
CB 97.61 9724 96.55 9559 | 97.58 9721 96.53 95.67 | 97.49 9721 96.55 95.85 | 97.36 97.08 96.48 95.84

SAINT | 98.16 9595 92.85 90.81
TabTF | 98.19 98.55 98.69 98.76 | 98.01 9845 98.67 98.76 | 97.93 98.48 98.72 98.81 | 97.65 98.39 98.70 98.79
STab 97.22 96.61 9584 9482|9720 96.66 96.12 95.13 | 97.40 96.80 96.25 95.38 | 97.42 96.98 96.39 95.79

Ours 97.85 97.45 97.01 96.44 | 97.66 9733 96.89 96.40 | 97.71 9737 96.95 96.49 | 97.58 97.25 96.71 96.31

98.17 97.28 9590 94.11 | 97.94 97.63 96.54 9520 | 97.75 97.40 96.52 9551

Table C.3.20: Standard deviation comparison of test AUC scores (%) on Spambase for
various (o', o) combinations.

SAINT | 0.000 0.005 0.009 0.012
TabTF | 0.001 0.001 0.003 0.002 | 0.001 0.001 0.003 0.003 | 0.001 0.001 0.003 0.003 | 0.002 0.001 0.002 0.003
STab 0.004 0.005 0.008 0.007 | 0.004 0.008 0.007 0.008 | 0.004 0.004 0.006 0.006 | 0.002 0.004 0.005 0.005

Ours 0.004 0.002 0.002 0.001 | 0.004 0.003 0.003 0.003 | 0.004 0.003 0.002 0.003 | 0.004 0.003 0.002 0.002

0.006 0.014 0.006 0.006 | 0.000 0.000 0.000 0.000 | 0.000 0.000 0.000 0.000

att | 0 | 0.05 | 0.1 | 0.2

a* | 0 01 02 03] 0 01 02 03| 0 01 02 03| 0 01 02 03
LR-0 |0039 0048 0051 0057|0043 0055 0059 0067 | 0.046 0061 0066 0.075|0.041 0.056 0.059 0.072
NN-0 | 0.005 0.014 0.024 0.036 | 0.004 0.004 0.003 0003 | 0.005 0004 0.005 0.006 | 0.005 0.004 0.004 0.006
RF 0.008 0.000 0.005 0.006 | 0.005 0.003 0.005 0.006 | 0.003 0002 0.007 0.008 | 0.006 0.004 0.006 0.007
XGB | 0.003 0005 0002 0009 |0.001 0000 0.002 0.004|0.001 0001 0002 0004 |0.000 0001 0.002 0.005
CB 0.016 0.018 0.019 0019 | 0.016 0018 0020 0.020 | 0.017 0019 0021 0021 | 0.018 0019 0.022 0.022
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C.4 Semi Supervised Learning Results

Table C.4.1-C.4.9 report the average AUC scores and corresponding standard devi-
ations, obtained from three independent runs of each method on all benchmark datasets
under the semi-supervised learning setting. The arcene dataset was excluded from this

evaluation due to its limited sample size (Please refer to Table C.1.2).

Table C.4.1: Comparison of averaged test AUC scores (%) on adult for various (o, *)
combinations. Values in parentheses indicate the corresponding standard deviations.

| 0.05 | 0.1
at* |0 0.1 02 03 0 0.1 02 03

SAINT | 90.45 0.000) 86.93 0.000) 83.26 (0.002) 80.36 0.002) | 90.33 (0.001) 89.15 (0.001) 87.82 (0.004) 86.51 (0.004)
STab 88.61 (0.005) 87.38 (0.007) 85.95 (0.007) 84.05 (0.003) | 88.66 (0.003) 87.63 (0.005) 86.30 (0.003) 84.50 (0.002)

Ours \91.04(0.003) 90.24 0.002)  89.04 (0.001)  87.59 (0.003) \ 91.03 0.003)  90.21 0.001)  88.95 (0.003)  87.34 (0.008)

Table C.4.2: Comparison of averaged test AUC scores (%) on arrhythmia for various
(o, &") combinations. Values in parentheses indicate the corresponding standard devia-
tions.

ot | 0.05 | 0.1
| 0 0.1 0.2 03 | 0 0.1 0.2 0.3

SAINT | 75.11 ©0.038) 76.03 0.015) 73.95 0.005) 69.06 (0.011) | 80.03 0.031) 75.19 0.037)  73.90 0.030) 65.88 (0.043)
STab 76.76 (0.046) 65.85 (0.099) 64.98 (0.127)  60.80 (0.124) | 71.90 (0.072) 66.03 (0.050) 61.67 (0.095) 58.58 (0.072)

Ours \74.54(0432) 72.97 0.122)  73.39 (0.137) 74.18(0.131)\73.92(0.141) 72.83 (0.113)  72.60 (0.138)  73.25 (0.132)

Table C.4.3: Comparison of averaged test AUC scores (%) on bank for various (o, )
combinations. Values in parentheses indicate the corresponding standard deviations.

| 0.05 | 0.1
ats | 0 0.1 02 03 | 0 0.1 02 03

SAINT | 89.84 (0.000) 86.59 0.002) 83.52(0.003) 80.26 (0.005) | 90.20 (0.002) 87.87 (0.003) 85.52 (0.004) 83.04 (0.006)
STab 89.52 (0.001) 86.94 (0.008) 83.80 (0.003) 81.05 (0.006) | 88.34 (0.002) 86.09 0.005) 83.31 (0.003) 80.77 (0.008)

Ours \90.77 0.003)  89.43 (0.003) 87.60 (0.004) 85.51 (0.001) \ 90.51 0.002) 89.14 (0.003) 87.33 (0.002) 85.12 (0.003)
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Table C.4.4: Comparison of averaged test AUC scores (%) on blastChar for various
(o', o) combinations. Values in parentheses indicate the corresponding standard devia-
tions.

| 0.05 | 0.1
ats | 0 0.1 0.2 03 | 0 0.1 02 0.3

SAINT | 83.17 0.004)y 81.43 0.007) 79.83 (0.007) 77.16 0.008) | 83.11 (0.004) 81.47 0.005) 80.10 (0.005) 77.90 (0.003)
STab 79.10 0.029) 76.58 (0.027) 74.08 (0.023) 71.60 0.031) | 78.79 (0.035) 76.81 (0.026) 74.97 0.027) 71.95 (0.014)

Ours ‘83.28 0.013)  82.40 (0.009) 81.65 (0.012) 80.44 (0.018) ‘ 82.96 (0.012) 82.00 0.009) 81.31 (0.013) 80.19 (0.016)

Table C.4.5: Comparison of averaged test AUC scores (%) on churn for various (o, a'*)
combinations. Values in parentheses indicate the corresponding standard deviations.

atr 0.05 | 0.1

|
afs | 0 0.1 0.2 03 | 0 0.1 0.2 0.3

SAINT | 84.21 (0.002) 81.45 0.003) 79.64 (0.004) 77.34 (0.005) | 83.47 0.007) 81.11 (0.003) 79.22 (0.000) 76.97 (0.006)
STab 61.94 0.032) 61.10 0.028) 60.35 0.015 59.58 (0.020) | 63.09 (0.095) 62.10 (0.085) 61.25 (0.076) 60.09 (0.069)

Ours ‘83.38(0015) 81.49 (0.015 79.82 (0.010) 77.70(0.007)‘83.28(0.017) 81.20 (0.017)  79.47 0.014) 77.27 (0.011)

Table C.4.6: Comparison of averaged test AUC scores (%) on HTRU2 for various (o', a'*)
combinations. Values in parentheses indicate the corresponding standard deviations.

ts

att | 0.05 | 0.1
o |

0 0.1 0.2 0.3 ‘ 0 0.1 0.2 0.3

SAINT | 96.91 (0.000) 96.36 (0.000) 95.31 (0.000) 94.45 0.001) | 97.23 (0.000) 97.10 0.001) 96.49 (0.001) 95.64 (0.004)
STab 96.97 0.008) 92.34 (0.032) 88.86 (0.043) 86.00 (0.054) | 96.86 (0.008) 95.81 (0.012) 93.69 (0.016) 92.59 (0.016)

Ours ‘ 97.03 0.003) 96.61 0.004) 96.03 (0.002) 95.51 (0.003) ‘ 97.11 (0.005)  96.72 (0.004) 96.21 (0.002) 95.59 (0.002)
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Table C.4.7: Comparison of averaged test AUC scores (%) on shoppers for various
(o', o) combinations. Values in parentheses indicate the corresponding standard devia-
tions.

| 0.05 | 0.1
ats | 0 0.1 0.2 03 | 0 0.1 02 0.3

SAINT | 89.97 0.017) 88.21 (0.014) 87.84 (0.016) 85.27 (0.024) | 89.40 (0.012) 87.31 (0.007) 87.26 (0.011) 85.26 (0.008)
STab 90.51 0.011) 88.31 (0.005) 86.50 (0.010) 85.13 (0.010) | 89.41 (0.010) 88.15 (0.013) 86.99 (0.024) 85.08 (0.019)

Ours ‘89.34 0.003) 88.48 (0.002) 87.49 (0.010) 86.69 (0.003) ‘ 89.07 0.004) 88.20 (0.003) 87.75 (0.015) 86.67 (0.008)

Table C.4.8: Comparison of averaged test AUC scores (%) on gsar bio for various
('™, a®) combinations. Values in parentheses indicate the corresponding standard devi-
ations.

ot | 0.05 | 0.1
ts | 0 0.1 0.2 03 | 0 0.1 0.2 0.3

«
SAINT | 90.06 ©0.017) 87.45 0.016) 84.89 (0.019) 81.96 (0.017) | 89.77 0.011) 85.64 (0.010) 82.73 (0.019)  79.63 (0.024)
STab 85.92 0.007) 83.39 (0.002) 81.03 (0.008) 78.26 (0.015) | 84.59 0.011) 83.04 (0.009) 80.63 (0.015) 78.04 (0.024)

Ours \90.82 0.005)  89.65(0.005)  87.87 (0.006) 86.24 (0.009) \ 90.41 0.007)  89.22 (0.009) 87.58 (0.007)  85.78 (0.010)

Table C.4.9: Comparison of averaged test AUC scores (%) on Spambase for various
(o', o) combinations. Values in parentheses indicate the corresponding standard devia-
tions.

| 0.05 | 0.1
ats | 0 0.1 0.2 03 | 0 0.1 0.2 0.3

SAINT | 95.81 0.000) 94.41 0.002) 92.33 (0.003) 90.81 (0.004) | 95.63 (0.002) 94.44 (0.006) 92.57 0.007) 91.02 (0.008)
STab 96.62 0.011)  96.09 0.010)  95.35 0.013)  94.19 (0.011) | 96.26 (0.011)  96.01 (0.009) 95.22 (0.012)  94.40 (0.009)

Ours ‘95.68(0.012) 95.17 0.009)  94.35 0.009)  93.56 (0.006) ‘ 95.57 0.014) 9491 0.o11) 94.11 0.012) 93.18 (0.011)
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C.5 Ablation studies

Optimal Masking Ratio Selection Positive values of r generally lead to improved per-
formance of our method. That indicates that our method is not sensitive to the value of r
in practice, as long as it is chosen reasonably. This result is somewhat in contrast to our
initial claim that a careful selection of r is critical to ensure the condition I (M"(X);Y) ~
I(MM™oM"™(X);Y) is satisfied, thereby allowing us to focus solely on conditions (i)
through (iii) of our MI robustness conditions. We conjecture that this outcome may be at-
tributed to the fact that our experiments were conducted under the MCAR (Missing Com-
pletely At Random) assumption. Exploring more complex missingness settings—such as
MAR (missing at random) or MNAR (missing not at random)-would be a valuable exten-

sion of our study.

Table C.5.1: Averaged results of test AUC scores with various values of 7.

(a®r,a®s) | (0.05,0.2) | 0.1,0.2) | 0.2,0.2)

r | o 01 02 03 04 ] 0 01 02 03 04 ] 0 01 02 03 04
adult 88.91 90.13 9038 90.54 90.62 | 89.46 90.07 9036 90.53 90.60 | 89.68 90.03 90.30 90.34 90.46
htru2 9590 96.82 97.32 97.52 9738 | 9692 9691 9752 97.59 9742|9701 97.12 97.23 9757 97.70

gsar_bio | 85.17 90.93 90.50 91.10 90.88 | 86.53 90.77 90.63 91.30 90.76 | 88.14 90.76 90.49 90.80 90.66

Loss Term Analysis With respect to the hyperparameters A\; and A2, which control the
weights of the proposed loss components L) and £, we observe that the method per-
forms best when both values are set to be positive. This indicates that these MI-based reg-
ularization terms contribute meaningfully to model learning. We note that £} and £}
appear to play a similar role at first glance, as both encourage the prediction model to main-
tain correct predictions even under additional masking operations. However, the third term,
LM functions as a loss only for inputs on which the model exhibits high confidence. As
aresult, LY places greater loss weight on high-confidence examples, effectively propagat-

ing reliable information to more challenging instances and thereby enhancing the overall
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learning process.

Table C.5.2: Averaged results of test AUC scores with various values of ;.

(atr,at) | (0.05,0.2) | 0.1,0.2) | 0.2,0.2)

M | o 1 5 0 15 2 | 0 1 5 0 15 20 | 0 1 5 10 15 20
adult 89.71 90.26 90.34 90.38 90.37 90.39 | 89.72 9023 9035 9036 9039 90.37 | 89.82 90.16 90.25 90.30 90.29 90.29
htru2 96.05 9695 9731 9732 9732 9732|9607 97.36 97.49 97.52 9749 97.52 | 96.83 9721 9724 9723 9723 9722

gsarbio | 89.34 90.07 90.52 90.50 90.51 90.59 | 88.43 90.43 90.56 90.63 90.58 90.59 | 88.85 90.34 90.45 90.49 90.51 90.51

Table C.5.3: Averaged results of test AUC scores with various values of \so.

(afr,ats) | (0.05,0.2) | (0.1,0.2) | (0.2,0.2)

A2 | o 1 5 10 15 20 | 0 1 5 10 15 20 | 0 1 5 10 15 20
adult 90.37 90.38 90.41 90.44 9044 90.44 | 9038 90.36 9042 90.41 90.42 90.41 | 9029 9030 90.31 9033 90.32 90.31
htru2 97.30 97.32 97.40 97.42 97.39 97.40 | 9750 97.52 97.50 97.53 97.53 97.51 | 97.23 97.23 97.23 97.23 97.22 97.20

gsarbio | 9047 90.50 90.64 91.12 90.40 90.32 | 90.62 90.63 90.57 90.54 90.52 90.31 | 90.45 90.49 90.59 90.63 90.86 90.99

Optimal Confidence Threshold Selection Lastly, we find that the method is relatively

insensitive to the choice of the temperature parameter 7 across the range of values we con-

sidered. This robustness indicates that the effect of £Y!-namely, propagating reliable in-

formation to more challenging instances—remains effective as long as 7 is set within a rea-

sonable range. In addition, our method does not require fine-tuning of 7 to achieve strong

performance, which improves usability in practical settings.

Table C.5.4: Averaged results of test AUC scores with various values of 7.

(a'r,at®) | (0.05,0.2) | (0.1,02) | 0.2,02)
T | 08 09 095 09 | 08 09 095 099 | 08 09 095 099

adult 90.40 90.38 90.40 90.37 | 90.37 90.39 90.37 90.36 | 90.30 90.29 90.30 90.28
htru2 9731 97.30 97.30 97.17 | 97.51 9749 9749 9750|9723 9723 97.23 97.23
gsar-bio | 91.03 90.93 91.03 91.05 | 90.71 90.71 90.71 90.73 | 90.79 90.85 90.89 90.89

Running Time Analysis Although our method requires two forward passes per update—

one for the original training data and another for the additionally masked version—it main-

tains faster running time compared to other deep learning—based methods, in a case exceed-

ing a three times speedup. This efficiency is largely due to the fact that our approach does
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not employ any auxiliary architectures such as decoders, while other competitors do. There-
fore, this result highlights our method as an efficient learning framework in terms of both
memory usage and computational cost.

Table C.5.5: Comparison of running times. All results are reported as the average running

time per epoch across the benchmark datasets, rescaled such that the running time of our
method is normalized to one.

Method ‘MIRRAMS SwitchTab SAINT TabTransformer
Time(ratio) ‘ 1 1.3365 2.5837 3.7881
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