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Abstract

Masked autoencoders (MAEs) have recently demonstrated
effectiveness in tabular data imputation. However, due to
the inherent heterogeneity of tabular data, the uniform ran-
dom masking strategy commonly used in MAEs can disrupt
the distribution of missingness, leading to suboptimal perfor-
mance. To address this, we propose a proportional masking
strategy for MAEs. Specifically, we first compute the statis-
tics of missingness based on the observed proportions in the
dataset, and then generate masks that align with these statis-
tics, ensuring that the distribution of missingness is preserved
after masking. Furthermore, we argue that simple MLP-based
token mixing offers competitive or often superior perfor-
mance compared to attention mechanisms while being more
computationally efficient, especially in the tabular domain
with the inherent heterogeneity. Experimental results validate
the effectiveness of the proposed proportional masking strat-
egy across various missing data patterns in tabular datasets.

Introduction

Tabular data often contain missing values in real-world sce-
narios, posing significant challenges for the deployment of
machine learning algorithms (Donders et al. 2006). Inspired
by the recent success of masked autoencoders (MAEs) in
representation learning across domains such as computer vi-
sion (CV) (He et al. 2022) and natural language processing
(NLP) (Devlin et al. 2018), Du, Melis, and Wang (2024) pro-
posed adapting MAEs for tabular data imputation. However,
we argue that naively applying the uniform random mask-
ing strategy from MAE:s to tabular data results in subopti-
mal performance due to the intrinsic heterogeneity of tabular
data. Unlike images or word tokens, which are relatively ho-
mogeneous and semantically invariant to spatial shifts, tab-
ular data are inherently heterogeneous. That is, each column
contains distinct information, making spatial shifts mean-
ingless. Such heterogeneity also extends to the distribution
of missing values, which can vary across columns. Thus,
uniform random masking can unintentionally disrupt these
distributions by omitting critical variables that are essential
for predicting others (Wilms et al. 2021), thereby leading to
suboptimal performance (Wu et al. 2024). These challenges

*Co-corresponding authors
Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

17886

underscore the need for a masking strategy specifically de-
signed to account for the heterogeneity of tabular data.

Regarding the architecture of MAEs, while Transform-
ers (Vaswani et al. 2017) have shown strong performance,
their self-attention mechanisms typically focus globally on
all columns, which can hinder their ability to effectively cap-
ture the local group interactions that are often characteris-
tics of tabular data (Yan et al. 2023). This limitation makes
Transformers less suited for capturing the complex relation-
ships between columns, particularly in the presence of miss-
ing values. In contrast, we argue that MLP-Mixers (Tol-
stikhin et al. 2021) are better suited for the tabular do-
main, as their fully-connected layers equipped with activa-
tion functions are inherently more capable of capturing such
multiple group interactions.

We also address the challenge of evaluating imputation
performance using a single metric. Tabular data typically
consists of discrete categorical variables and continuous nu-
merical variables, each requiring distinct evaluation metrics.
However, recent studies (Du, Melis, and Wang 2024) often
rely solely on the root mean square error (RMSE) across all
column types, which fails to adequately assess categorical
variables. Specifically, categorical variables are encoded as
uniformly distributed values between O and 1, despite lack-
ing inherent relative similarities. For example, if a categori-
cal variable is encoded as 0, 0.5, and 1, predicting 0 as 0.5 or
1 is equally incorrect, yet RMSE penalizes the latter more,
leading to skewed evaluations. This underscores the need for
a more intuitive and appropriate evaluation metric to accu-
rately assess imputation performance in tabular data. While
accuracy is commonly used for categorical variables, it is
not directly comparable to RMSE because it is not normal-
ized. To overcome this, we propose a unified evaluation met-
ric that combines accuracy for categorical variables and the
coefficient of determination (R?) for numerical variables.

The main contributions of our work are as follows:

* We propose an MAE with a novel masking strategy based
on observed proportions, coined Proportionally Masked
AutoEncoder (PMAE), specifically designed to address
the challenge of tabular data imputation.

* We reveal the effectiveness of MLP-Mixers over Trans-
formers in tabular data imputation tasks through exten-
sive experimental studies.



General

Monotone Quasi-Monotone

Figure 1: The simplest missing pattern is Monotone, where
some columns are fully observed, common in longitudinal
studies. As the missing pattern becomes General (with all
columns prone to missing with varying ratios) imputation
becomes more challenging. Practitioners need strategies to
address these patterns, which are currently under explored.

* We demonstrate the efficacy of the proposed PMAE
across various missing data distributions and patterns that
practitioners commonly encounter. Our experimental re-
sults indicate that PMAE outperforms the state-of-the-art
method (Du, Melis, and Wang 2024) by up to 34.1% in
the most challenging General pattern (see Figure 1 for an
illustration of missing patterns).

Related Work

Imputation Methods Simple imputation (Hawthorne and
Elliott 2005) replaces missing data using summary statistics
or KNN-based averages (Troyanskaya et al. 2001). Iterative
approaches, such as Expectation-Maximization (Dempster,
Laird, and Rubin 1977), MICE (Shah et al. 2014), Miss-
Forest (Stekhoven and Biihlmann 2012), MIRACLE (Ky-
ono et al. 2021), and Hyperimpute (Jarrett et al. 2022), itera-
tively refine estimates conditioned on observed data, relying
on distributional assumptions. Optimal transport-based ap-
proaches, such as TDM (Zhao et al. 2023), impute data in the
latent space by matching similar incomplete data batches but
may fail to handle categorical data effectively. Generative
methods, such as GAIN (Yoon, Jordon, and Schaar 2018)
and MIWAE (Mattei and Frellsen 2019), require fully ob-
served data for initialization, potentially introducing bias.
Graph-based approaches, such as IGRM (Zhong, Gui, and
Ye 2023), impute data by modeling sample-wise relation-
ship but do not scale effectively with large sample sizes. Re-
Masker (Du, Melis, and Wang 2024), which is closely re-
lated to our approach, adapts MAE for imputation tasks but
applies uniform masking across all columns. This strategy
may be less effective for handling complex missing patterns,
such as non-monotone missing patterns (Sun et al. 2018).

Propensity Score Weighting Approaches Our masking
function design is inspired by the inverse propensity score
weighting method, originally introduced in causal inference
(Rosenbaum and Rubin 1983) and later adapted for address-
ing missing data problems. This approach aims to produce
unbiased estimates by using only observed data, assigning
higher weights to underrepresented samples (Seaman and
White 2013). However, inaccurate estimation of the propen-
sity score can result in high variance and increased general-
ization errors (Guo et al. 2021; Li et al. 2023). While Li et al.
(2022) proposed a stabilized approach to mitigate these is-
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sues, it requires the joint learning of separate models and ex-
tensive parameter tuning, which complicates the optimiza-
tion process.

Deep Learning Architectures for Tabular Data
Transformer-based architectures have been widely studied
for tabular domain (Huang et al. 2020; Gorishniy et al.
2021; Somepealli et al. 2021; Zhang et al. 2023). However,
as Yan et al. (2023) noted, interactions in tabular data often
exist within discrete groups, making soft combinations in
self-attention less efficient. Motivated by the effectiveness
of the approach proposed by Tolstikhin et al. (2021), we
investigate an alternative design to address this issue.

Preliminaries

Incomplete Data Let x; = (z41,...,2:q0)7 € R be the
i-th tabular data with d columns, sampled from a data dis-
tribution f(x). Without loss of generality on the order of
columns, let X; = (Xobs, Xmis )i be a decomposition, where
Xobs and Xp,is represent the observed and missing columns
of the data, respectively. For each scalar entry x;;, let §;; :=
I(z;; is observed) be its associated missing indicator. Then,
an incomplete data and its corresponding observed mask are
defined as follows:

1. The scalar entry of an incomplete data is expressed as
Zij =45 - I(6;; =1) +nan-I(6;; =0). (1)

2. The observed mask m; € R is the realization of a ran-
dom missing indicator §;.

Missing Mechanism Three types of missing mechanisms
commonly occur in the real world (Little and Rubin 2019):

1. Missing Completely At Random (MCAR) occurs when
the missingness does not depend on the data, i.e., Vx,
P(d|x) = P(9).

. Missing At Random (MAR) occurs when the missing-
ness depends only on the observed data, i.e., P(d]x)
P(8]Xobs)-

. Missing Not At Random (MNAR) occurs when the miss-
ingness does not depend only on the observed data, i.e.,
P(6|X) G P(6|x0bs)-

Missing Patterns We propose a categorization of missing
data patterns commonly encountered in practice, as illus-
trated in Figure 1. When a value z;; is missing for a par-
ticular variable 7, the pattern can be classified as follows: (i)
Monotone, when there is a rearrangement of columns such
that all subsequent variables x;; for £ > j are also miss-
ing for the same observation ¢ (Molenberghs et al. 1998),
(i) Quasi-Monotone, which is similar to Monotone, but al-
lowing a few exceptions instead of requiring strict equality
in the sequence of missing data, and (iii) General, when no
specific structure exists.

Imputation Task Given an incomplete dataset D
{(%i,m;)}i=1,... n, Wwe aim to obtain plausible estimates for
inputs X; by learning an imputation function f(x;, m;; )
that can best approximate the true value of missing data:

2y = f(Xi,m;0) - I(655 = 0) = 45 - (055 = 0).



Motivation

In this section, we formalize the application of MAEs in the
tabular domain.

Masking Function Suppose an additional missing mask
is applied to the raw data. After this additional masking, the
observed mask m; can be expressed as

m; = mJr +m,, )
where m;r is an indicator vector representing the parts that
remain observed after applying the additional mask, with en-
tries set to 1 for observed parts, and m; is an indicator vec-
tor with entries set to 1 for additionally masked parts (see
Fig 2). The process of additional masking is as follows:

¢ Draw a uniform random variable u;; ~ U(0, 1),
* Given that §;; = 1, mask according to the following:

L {1 1fu” <Mj(‘),

0 otherwise,
where M;(-) € R denotes the masking function applied to
the column 7, indicating the extent to which the additional
parts of data is masked.

my;

3

MAE A masked autoencoder, h = d o g, is an encoder-
decoder architecture designed to predict the entries with the
additional missing mask, m; , applied to the raw data. It op-
erates on partial input information, x; = x; ® mj', which is
provided due to masking.

Tabular MAE Loss While typical MAE in CV/NLP focus
on prediction tasks, reconstruction is also important in the
tabular domain as they are semantically complex and non-
redundant (Du, Melis, and Wang 2024). We formally define
the general loss for the standard MAE of tabular data for a
sample ¢ in an arbitrary batch B of the j-th column as:

lij = (A% ©mf); — wij) - mij)?
D ien Mij

where the j-th column of X; is masked or unmasked based

on the value of m -in (3).

Since randomness exists in the encoder input through m;"
over all j, we begin our analysis by fixing all but column j.
Then, along with m;r, we focus on the randomness in the
7-th entry of the following expression:

0

; “

m; = m+ m;;e], (@)
X 0 s . 2
where e; is the one-hot vector. Let [; := W
1€EB 1]
. Ay
be a prediction loss and I w be the re-
i€B ¥
construction counterpart. Then (4) can be re-written as:
) 0 +7+
lij = mgli; + m L 6)
Note that the MAE will solve for prediction task if m;; =1

. = (. Now, since the random—
ness only exists for m,; (or equlvalently for m  =1-—m,
where observed mask m” =1,if §;; = 1), we can compute
the expectation of the loss for column j defined in (6):

M; ()l + (1= M ()5

and reconstruction task if m

N
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The Impact of Uniform Random Masking Applying
uniform random masking at a constant ratio (i.e., M;(-) Y
0.5) in (7) essentially assigns equal prediction importance to
all columns. However, since tabular data are heterogeneous
and exhibit complex relationships between columns, such
equal weighting may not be ideal. Moreover, this approach
may mask fully observed columns just as likely as partially
observed ones. If the inadvertently masked entries are crit-
ical for predicting values in other columns, this could lead
to omitted variable bias (Wilms et al. 2021), leading to sub-
optimal model performance (Wu et al. 2024). For columns
without any missing data, it may be more effective to avoid
masking entirely and, consequently, refrain from predicting
values that are already fully observed.

Balancing with Inverse Propensities Moreover, naively
computing the loss over only the complete cases may lead
to biased estimation. Let us focus on the randomness in the
missingness of x; recall that the random variable J;;, indi-
cates whether x;; is observed. Consider the naive empirical

- ﬁ ZieB di; - lij. Then,

loss for the j-th column, [?aive :

s 1] = E‘s[wu;j”_ b1
:Z;—Ea[%z:(l—aij)-zij]. (8)

i€B
Since § is a random variable that may depend on x, the sec-
ond term in the last equahty generally depends on x unless

0 )L x. Consequently, [naive may be a biased estimator of [}
due to the second term in (8).

However, if we have access to the probability of an en-
try being observed given the realized data, or the propen-
sity score function, m;;(X;;¢) = P(6;; = 1|x:;¢), we
can balance the loss, using only the complete cases. Let
fIPS B B‘ Y icB p— ;lé,) ) be the empirical loss weighted

by the inverse propensity score. Then,

Es 1] = \B\ Z Ln] (i 6 *J s
5

i€B

)

Intuitively, this approach assigns higher importance to less
frequently observed samples to balance the overall loss (Sea-
man and White 2013; Kim and Shao 2021). This ensures that
the model adequately accounts for underrepresented sam-
ples, which might otherwise have a minimal impact on the
overall loss.

However, the practical application of this approach re-
lies on accurately estimating the propensity score function,
m;j(xi; ¢). Incorrect estimation could result in unbounded
loss values, compromising model performance (Li et al.
2023). To address this challenge, we propose a more implicit
masking strategy guided by the following core principles: (i)
the design of the masking function determines which sam-
ples are assigned higher prediction loss, (ii) masks should



Observed Proportions

Pobs = [0.8,0.4,1,0.6,0.8]

Incomplete Dataset

Observed Mask (m) Incomplete Data (X)
1{of1|0]|1 32 nan 12 nan F
1{1|1]|0]0 48 Private 23 nan nan
o1 (|1]1(1 nan| Federal-gov | 29 Wife F
1{o0f1|1]1 17 nan [} Unmarried M
1{0f1|1]1 28 nan 31 | Not-in-family | F

observed (1) missing (0)

Proportional Masking Function
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Figure 2: PMAE. Given the observed mask m, we calculate the observed proportions and apply an additional mask, m™, where
the extra masking probabilities are inversely proportional to the observed proportions.

Observed

Uniform  Proportional
Mask (m)

Masking Masking (Ours)

(b) Comparison of m™ after masking

Masking Function
- Proportional (Ours)
Uniform

m
[ Observed (1)
Il Missing (0)

ST

0.0 02 04 06 08 1.0
pobs,j

(a) Proportional masking

Figure 3: Masking data inversely to observed proportions,
prioritizing prediction when data is sparse and reconstruc-
tion when more data is observed (the last column of (b)).

be applied in proportions that align with the statistical char-
acteristics of the dataset to avoid omitted variable bias, and
(iii) as shown in (9), the loss can be balanced by assigning
weights inversely to the observed proportions.

Method
Proportional Masking

We propose to guide MAEs to emphasize prediction or
reconstruction in specific columns using a well-designed
masking scheme by leveraging the observed proportions of
columns as prior information, defined as:

Zmi S Rd.

i€B

1
= — 10
Pob |B‘ ( )

Since d;; ~ Ber(m;;), (10) serves as an MLE estimate for
the column-wise average of the unknown propensity score
function, i.e., pobs ; ~ Ex[m.;(x; ¢)].

Our proposed masking function takes the logit-
transformed value of (10), where we verify the effectiveness
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of this design choice in Table 3:
1- Dobs,j

MM (Pons 55 a,b) 1= alog( : ) +b, (1)
Dobs,j

where we clip the output to [0, 1] to prevent undefined be-
havior as pops,; approaches 0 or 1, and a and b are hyperpa-
rameters. Note that this mask is not applied to columns that
are fully observed across all rows, i.e., when pops ; = 1.
We aim to achieve two objectives with this design: (i) to
provide neural networks with signals corresponding to the
average propensity score function within the batch, which
implicitly serve as inductive biases; and (ii) to emphasize
samples inversely proportional to their observed propor-
tions. Intuitively, a controls the sensitivity to changes in the
observed proportion pey, ; (or the logit), and b determines
the base masking ratio regardless of py,s ;. While the param-
eters could be learnable, we fix themata = 0.05and b = 0.5
(behavior shown in Fig. 3 (a)), as our grid search across val-
idation datasets indicates these values perform well (Fig. 6).

Parameter Choice We layout the following design prin-
ciples for selecting parameters in the masking function:

1. (Choice of a):

 Sign. Ensure a > 0 to emphasize samples inversely to
their observed proportions.

* Magnitude. The value of a should be carefully bal-
anced: (i) If a is too small, it leads to uniform random
masking, and (ii) if a is foo large, it enforces a hard
decision rule where the model always predicts when
Dobs,; is smaller than b, and always reconstructs other-
wise.

(Choice of b): b represents a prior weight that determines

the baseline importance of prediction. In the absence of

prior knowledge, setting b = 0.5 is recommended for an
equal balance between prediction and reconstruction.

Architecture: MLP-Mixers vs. Transformers

Transformer-based architectures have been prevalent in
many MAE designs in the CV/NLP domains, where stacks



of Self-Attention (SA) and feed-forward blocks are utilized
for learning intricate pairwise (and higher-order) relation-
ships between different columns. Nonetheless, as discussed
by Yan et al. (2023), interactions may exist in multiple
groups, and we postulate that this makes the imputation
problem harder to solve; learning such relations in a pair-
wise manner may be inefficient. Thus, we propose to uti-
lize the MLP-Mixer architecture (Tolstikhin et al. 2021),
where token-mixing MLPs with L? regularization can dis-
connect combinations of columns through activation func-
tions. Given the tokenized data (positional information and
[CLS] token appended: x = g (X © mT) € R®*(d+1)xc),
we feed it to encoder-decoder architecture (h), where the
following basic blocks are stacked in multiple layers:

¢ Transformer Blocks

x + x + LN(x + SA4(LN(x))),

X  x + LN(x + MLP.(LN(x))). (12)
* Mixer Blocks

x < x + LN(x + MLP4(LN(x))),

X < x + LN(x + MLP.(LN(x))). (13)

The subscript in SA/MLP denotes the dimension in which
attention/mixing is applied. Only the token-mixing part (in
the d dimension) differs where the MLP replaces SA.

Experiments
Experimental Setup

Semi-synthetic Missing Pattern Generation Given a
complete dataset, we specify missing patterns as follows:

1. Monotone Missing

¢ Generate M™ with p°°! € {0.3,0.6}.
» Generate missing entries with a fixed probability of 0.5
(i.e., P(6;; = 1) = 0.5 for all j).
2. Quasi-Monotone Missing
e Set p©! = 0.6 for M{, and let M3 := (M)e.
* Vj e M{,p; ~U(0.95,0.99), P(6;; = 1) = p;.
* Vj e M3, p; ~U(0.2,0.8), and P(6;; = 1) = p,.
3. General Missing (or Non-Monotone Missing)

* Set p! = 1 for MB.
* Vje M8, p; ~U(0.2,0.8),and P(d;; =1) = p;.

Note that M := {j|P(j € M) = p!} denotes the col-
umn indices that will have missing data, with the missing
proportion p°!. The propensity score function 7; (X @) =
P(6;; = 1|x;) is specified with the missing mechanism and
the generated p;. In all settings, we apply the most challeng-
ing MNAR. Details are provided in the Appendix.

Datasets We evaluate PMAE along with the baselines us-
ing a semi-synthetic setup on nine real-world benchmark
datasets (Asuncion, Newman et al. 2007).
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Dataset # Samples # Categorical # Numerical
Diabetes 442 1 9
Wine 1,599 11 0
Obesity 2,111 8 8
Bike 8,760 3 9
Shoppers 12,330 8 10
Letter 20,000 16 0
Default 30,000 3 9
News 39,644 2 46
Adult 48,842 9 6

Table 1: Benchmark tabular datasets of varying sizes and
data types across different domains.

Baselines and Evaluation

Baseline Methods We compare our model with the fol-
lowing baselines: Naive (numerical:mean and categori-
cal:mode), KNN (Troyanskaya et al. 2001) EM (Demp-
ster, Laird, and Rubin 1977), MissForest (Stekhoven and
Biihlmann 2012), MiceForest (Shah et al. 2014), MI-
WAE (Mattei and Frellsen 2019), GAIN (Yoon, Jordon, and
Schaar 2018), MIRACLE (Kyono et al. 2021), HyperIm-
pute (Jarrett et al. 2022), TDM (Zhao et al. 2023), and Re-
Masker (Du, Melis, and Wang 2024).

Parameter Setting Our implementation mostly follows
ReMasker with the same optimization procedures, but in-
troduces (i) a new loss formulation in (4) and (ii) a novel
masking function MJPM (Pobs,j; 0.05,0.5), which are applied
to (iii) Transformer and MLP-Mixer architecture.

Imputation Accuracy Instead of the widely used RMSE,
we evaluate imputation performance using a metric we call
Imputation Accuracy, a weighted average of Accuracy (for
categorical columns) and R? (for numerical columns):

Diepms I(Zij = ij)

Acej = T : (14)
|15

R 1 Piermis (Tij — wi)® s

! Zie]}“‘is (fij - xij)27
Imp. Ace = oo ) (Ace; - 1(j € D)
| D] e
jeD
2 . mi

+R;-1(j ¢ D)), (16)

where D™ and I;-nis denote missing categorical column in-
dices and missing row indices for column j respectively.
Since the values are adapted to each data type and normal-
ized to 1, this evaluation serves as an intuitive and holistic
measure of imputation performance for tabular data.

Other Measures While not the primary focus of this
study, we also evaluate the following:



Imp. Acc. (1) R* (1) Ace. (1)

RMSE (]) DT (cls)(T) DT (reg)(T)

Method Avg. Rank Avg. Rank Avg.

Rank

Avg. Rank Avg. Rank Avg. Rank

Naive 132+34 12.1 00+00 12.1 36.4+89
KNN 383+6.0 45 265+77 50 548+75
EM 36.1+£51 54 266%+61 48 49.1+65
MissForest 33.7+50 6.6 234+60 62 495=%+58
MiceForest 33.1+6.6 7.1 203+87 80 539+76
MIWAE 245+44 93 93+41 9.6 488+72
GAIN 172+38 114 48+43 11.1 396+73
MIRACLE 268+70 86 144+74 89 429+82
HyperImpute 36.9+68 5.1 262+£93 5.2 53.6+82
TDM 225442 95 77+40 92 452+83
ReMasker 34.7+6.1 6.1 254+94 55 50.6+72

11.1
4.6
6.8
7.3
5.5
8.6
10.6
8.0
54
9.2
6.4

279+45 105 883+27 81 234+18 79
208+22 58 885+22 6.6 241+24 74
20.8+20 5.1 89.1+x20 6.0 247+22 54
21.0+23 5.7 88521 7.1 245+£13 59
237+25 92 874+24 93 224+32 93
258+30 94 857+31 106 21.8+39 7.8
29.6+27 107 88.1+x19 7.6 234+28 8.0
29.0+£37 102 88.5+£29 74 218+19 9.6
213+25 6.2 88.1+x20 64 239+16 6.8
228+25 73 88.1+x24 8.1 245%21 6.1
19.8+22 43 89.1+20 57 243+30 64

PMAE-trf 43.1+58 23 346+74 22 56.1+83
PMAE-mix 442+59 18 36.0+77 1.7 56.4+84

34
2.8

18.6+21 2.8 90.1+13 32 252+23 4.5
184+19 25 90.1+12 3.6 248+18 5.2

Table 2: Summary result of 13 state-of-the-art methods on 9 datasets, three different missing patterns, applied with MNAR
mechanism, repeated 10 times; Avg. are average of 9 (dataset) x 3 (pattern) x 10 (seed) = 270 runs, and Rank are average of
270 ranked values. For better readability, Avg. values are scaled (x 100). Details for each datasets can be found in the Appendix.
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70 ReMasker I MIRACLE MiceForest
60

50
40

30
20
10

0 ° o

KNN
Naive

Monotone Quasi Monotone General

Average Ranking (1)

12 _ Monotone i by
— Quasi
10 — General }

N N (o)}
e
=4
—
-
——
]
—

2t 5 g Wz 2 3 oz z
Er 223522 <8 ¢3¢z %
T W 8 F 2 % 5 2 5 o ~
wo g £ S o o z
<§§ £ = > T v
En.& s = 2 2

= =3 S =

T

(a) Imputation Accuracy (average). Every point in each boxplot corresponds to  (b) Imputation Accuracy (rank). PMAE outperforms

the average value across datasets. Mean value are indicated with (A).

all other state-of-the-art methods across all patterns.

Figure 4: Imputation accuracy of state-of-the-art methods across 9 benchmark datasets on missing patterns (Monotone, Quasi
Monotone, and General) under NMAR mechanism. Methods are arranged such that the most recent is on the left.

* Downstream Task (DT) Performance: The utility of im-
puted data measured by evaluating the supervised learn-
ing performance; we report the average of test set perfor-
mances of XGBoost and Linear model (regression, reg:
R?, classification, cls: AUROC).

* RMSE as in Du, Melis, and Wang (2024) for comparison.

Experimental Results

Performance Comparison Table 2 presents the average
values and ranks of imputation methods, while Figure 4 (a)
shows performance variability across datasets/patterns, and
Figure 4 (b) compares the methods’ relative performances
across patterns. We summarize key empirical findings:
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PMAE-mix achieves the highest imputation accuracy,
improving by at least 17.5% (38.3 — 44.2).

With our novel masking function, we observed an overall
improvement of 27.3% (34.7 — 43.1) compared to the
ReMasker counterpart overall (at least 7.4% on shoppers,
up to 82.3% on news dataset).

Across different missing data patterns, PMAE outper-
forms ReMasker by 25.1% on Monotone up to 34.1% for
General pattern.

Although the performance of all methods declines as the
pattern moves from Monotone to General, ours maintain
consistent relative rankings (as seen in Figure 4 (b)).

Across data types, we improved R? by at least 37.6%



SA(before mix) SA(after mix, blk1) SA(after mix, blk2)

S

/'

MLP(before mix) MLP(after mix, blk1) MLP(after mix, blk2)

Figure 5: Magnitude comparison of representations after to-
ken mixing via. Self-Attention vs. MLP on Shoppers dataset.
Absolute value is applied for the sake of analysis.

(26.6 — 36.0), and Accuracy by at least 2.9% with 11.4%
gain for ReMasker (50.6—56.4).

With RMSE as the main metric, the relative rank of
PMAE are superior and consistent; however, the average
rank for different methods shift, placing ReMasker as the
second best (6.1 — 4.3).

Our methods (PMAE-trf, PMAE-mix) have superior DT
performances over all baselines. Also, Transformer ar-
chitecture is more suitable than MLP-Mixer architecture
for these tasks; perhaps, MLPs, being more flexible, gen-
erate overfitted predictions compared to SAs.

Impact of MLPs on Token Mixing Figure 5 illustrates
the representation vector of SA-based and MLP-based mix-
ing on shoppers, highlighting changes in relative magnitudes
before and after each mixing block. This shows that MLPs,
with activation functions, offer more flexible token mixing
compared to SAs, potentially capturing discrete group inter-
actions between columns more effectively.

Ablation Study: Masking Function Design The results
in Table 3 support our initial motivations: (i) model perfor-
mance declines without balancing reconstruction and pre-
diction tasks (No recon./pred.); (ii) masking more observed
data reduces performance (Reversed); (iii) increasing pre-
diction weights for less observed data is beneficial (Piece-
wise); (iv) the concavity of the masking function is crit-
ical as performance improves with a convex function for
Dobs,j < 0.5 and concave function for p,ps ; > 0.5, but
worsens if concavities are reversed (Sigmoid-like vs. Logit).

Ablation Study: Loss, M;(-), Architecture ReMasker
uses the following loss in their implementation ZRe
(h(xi©Om]));—wi;)* m}, I ((h(x;iom)));—zi;)*-
2iep™ + 2ieB Mi;
equivalent to m; lo +m; L after multlplylng by some con-
stant. Then, unhke our fzormulatlon in (6) prediction loss
lO is weighted by the unmasked parts m . Moreover, Re-
Masker applies M(-) = 0.5,V Table 4 shows perfor-

Pobs,
mance gains from adjusting the main loss masking function,

and encoder/decoder blocks.

, which is
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Description | M;(+) |Perf. Gain (%)
Const. 0.5-I(pobs,j < 1) 334 0
No recon. 1.0 7.7 -76.9

No pred. 0.0 86 -743
Linear 1 — Pobs,j 34.8 4.09
Reversed Dobs, j 319 4.6
. . (]- — Pobs j) . I(pobsj < 05)

P - | ’ . .
iece-wise 4 0.5 I(papsy > 0.5) 33.6 0.69
Sigmoid-like|  ———gos o7y (337 078
Logit (Ours)| 0.05 - log (1’77) 4105|354 583

Table 3: Masking function design. Results of other mask-
ing functions averaged on Shoppers, Wine, and Diabetes.

S soc1 | 3343 | 3346 [l 3012 | 3237 | 3106

g- 3436 3522  34.69 S. 3342 3340 33.41
© O

803432 | 3543 | 3440 SWEIEN 3354 3328

o O

m] 32.62 [BEFREMN 33.42 Tl 3262 33.46 [EESL

0.3 0.5 0.7 0.3 0.5 0.7
b b

(a) MLP-Mixer (b) Transformer

Figure 6: Grid search results. Imputation accuracy across
different a, b averaged on Shoppers, Wine, and Diabetes.

Method Changes Perf. A(%)
ReMasker - 34.7 0.0
ReMasker Loss: lf}e — (6) 36.2 +4.3
PMAE-trf M;(-): 0.5 —=(11) 43.1  +20.0
PMAE-mix Architecture: trf — mix 44.2  +3.0

Table 4: Ablations on loss, M (+), and architecture.

Conclusion

Tabular data is inherently heterogeneous, with each column
having distinct characteristics and often exhibiting complex
patterns of missing values. To address this challenge, we
propose PMAE, a simple yet effective strategy that employs
a logit-based masking function. This method preserves the
distribution of missingness while prioritizing data inversely
to their observed proportions. When tested across diverse
set of missing patterns, PMAE demonstrated robust perfor-
mance, consistently surpassing state-of-the-art methods

Limitations and Future Work This study does not exam-
ine the relationship between a dataset’s covariance structure
and the proportional masking scheme, which could provide
deeper understanding and broader applicability. Capturing
covariance in the presence of missing data, however, remains
a challenge. Addressing these issues may enable application
of PMAE to high-dimensional tasks like image inpainting.
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