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ABSTRACT

Tabular data with varying missing values are imputed using an arbitrary imputa-
tion strategy for machine learning, which often compromises the data quality and
reliability of data-driven outcomes. This article proposes imputation-free incremen-
tal attention learning (IFIAL) to streamline tabular data in a transformer without
requiring initialization, imputation, or complete representation of missing values.
A pair of attention masks are derived and retrofitted to the transformer, which
incrementally learns small partitions of overlapping feature sets to enhance the
efficiency and performance of learning representations. The average classification
performance rank across 17 diverse tabular data sets shows the superiority of IFIAL
over 11 state-of-the-art learning methods with or without missing value imputations.
Further experiments substantiate the robustness of IFIAL against the varying types
and rates of missing values. The proposed method is one of the first solutions
to enable deep attention learning of tabular data without requiring missing-value
imputation or learning a complete data representation for classification. The source
code for this paper is available at

1 INTRODUCTION

Missing values at varying rates and types are ubiquitous in countless application domains, especially
in electronic health records (EHR). The handling of missing values remains critical for data quality
and data-driven outcomes. Unfortunately, state-of-the-art machine and deep learning (DL) methods
are not designed to learn directly from tabular data with missing values. Therefore, a complete data
representation is obtained to enable the learning of tabular data using one of the three strategies: 1)
excluding missing samples and features, 2) imputing missing entries with model-generated synthetic
values, and 3) end-to-end learning of a complete data representation after initializing the missing
values. Synthetic values generated by the model inevitably alter feature importance, data statistics and
correlations between the features, dampening the predictive ability of the data Arifeen & Petrovski
(2022)). It is not trivial to identify the statistical type of missing values to select the optimal imputation
strategy. Therefore, there is no best imputation method for all data sets or missing value types |Pay-
rovnaziri et al.[(2021)); Ribeiro & Freitas|(2021); [Samad et al.| (2022). This paper aims to bypass the
requirement and limitations of imputing missing values before learning representations and address
data quality concerns by proposing a new Imputation-free Incremental Attention Learning (IFIAL)
strategy. IFIAL engineers a set of attention masks in a transformer to directly learn tabular data in
small feature partitions without initializing or imputing missing values.

The remainder of this paper is organized as follows. Section |2 reviews the relevant literature on
incremental learning and representation learning of tabular data with missing values to motivate
the contributions of our work in Section [3] Section [] introduces the proposed NAIL strategy,
integrating attention mask engineering and a new incremental learning strategy. Section [5]discusses
the experimental setup, data sets, missingness scenarios and baselines, and the evaluation method.
Section [ compares the performance of IFIAL with the state-of-the-art baselines, including robustness
and ablation studies. Section[7] summarizes the key findings, provides insight into the results, and
highlights the limitations of the proposed method. Finally, Section[§]concludes the paper.
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2 RELATED WORK

Feature incremental learning (FIL) is one of the cornerstones of deep learning (DL), which is not
viable in traditional ML. Although highly successful with homogeneous image features |Li et al.
(2022)), incremental learning is challenging in the heterogeneous feature space of tabular data|[Liu
et al.| (2023). Moreover, the superiority of traditional ML in tabular data over deep learning is
well documented in the literature Borisov et al.| (2022). Some recent work has achieved FIL on
tabular data [Liu et al.| (2023)); ] Ahamed & Cheng| (2024); [Kim et al.| (2024); Wang & Sun| (2024)).
A common approach to FIL trains multiple models separately to accommodate new features and
aggregate model predictions through a weighting mechanism Kim et al.[|(2024); [Liu et al.| (2023)).
Alternatively, mamba [Ahamed & Cheng| (2024) and the transformer-based method Wang & Sun
(2024) use a single model to train on additional features incrementally as they become available.
However, the efficacy of FIL has not been investigated in learning tabular data with missing values,
especially in handling missing values. The state-of-the-art methods for handling missing values
are broadly categorized into traditional and deep imputations of missing values before learning
representations. Traditional methods, such as MICE Beesley et al.| (2021), missForest Stekhoven &
Biihlmann| (2011)), and MLP in multiple imputations |Samad et al.| (2022))), use regression models
to estimate and impute missing values from the relationship between features. Deep imputation
methods include Generative Adversarial Imputation Nets (GAIN) [Yoon et al.| (2018)), diffusion-
based imputation (Diffputer) Zhang et al.| (2025)), variational autoencoders Hong & Hao|(2023)), and
denoising autoencoders Shang et al.|(2017). Sun et al. [Sun et al.| (2023) report that GAIN has limited
performance when missing values are not at random (MNAR), where MICE often outperforms GAIN.
However, generative adversarial networks (GANS) can be unstable during optimization, particularly
in terms of model convergence Jarrett et al. (2022). Diffusion models use a simplified assumption
about feature distributions (e.g., a Gaussian distribution), which may not be accurate for all features.
Chen et al.|Chen et al.| (2024) report the superiority of GAIN over its diffusion counterparts, such as
MissDiff|Ouyang et al.|(2023) and CSDI_T Zheng & Charoenphakdee| (2022)). These data-centric
assumptions and limitations of the imputation methods explain why no single imputation method is
ideal for all data sets and missing-value types. Many researchers are reluctant to use DL imputation
methods to prepare data due to high computational costs, lack of trust, and interpretability |Bansal
et al.[(2021)); Kamal et al.| (2020). In fact, several DL. methods have been proposed to directly learn
data with missing values without using a standalone imputation step |Le Morvan et al.|(2020). Similar
methods first initialize missing values to subsequently learn a complete data representation during an
end-to-end supervised learning task, such as classification and regression. Although the contribution
of missing values to learning the complete data representation is masked out, these strategies do
not enable a classifier to directly learn from data with missing values. Moreover, an observed zero
value is not distinguished from zeros representing missing entries in a feature. On the other hand,
decision tree-based ML models such as Random Forest and XGBoost/Chen & Guestrin (2016) use
“Missing Incorporated in Attributes” (MIA)Twala et al.|(2008)) to directly learn data with missing
values. However, traditional ML methods can be prone to overfitting high-dimensional feature spaces
when incremental feature learning is not viable.

3  MOTIVATION AND CONTRIBUTIONS

A standalone data imputation method can compromise data quality when statistics of missing value
type are unknown. Moreover, tabular data with mixed feature types require separate classifier and
regressor models to impute numerical and categorical features, respectively. When the entire data set
is imputed using observed values, similar to|Du et al.| (2024); [Lall & Robinson|(2022), the test data
fold in the subsequent classification is likely to contain information leaked from the training data
folds. Alternatively, the joint imputation and classification methods He et al.|(2024) impute data (X)
to fit the classification targets (y), as X<—f(y), in contrast to a classification task, y < f(X). Therefore,
joint imputation and classification can leak information from class labels to data values (X). On the
other hand, without complete data representation, tabular data would consist of features with varying
missing rates, which can impact representation learning based on between-feature relationships. In
this context, sequential learning of data in small feature partitions, starting from the partition with
the lowest missing rates, can mitigate the effect of varying missing rates and improve computational
efficiency.
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This paper makes four key contributions to address the challenges in learning tabular data with
missing values. First, we present one of the first studies to streamline tabular data with missing
values in a deep attention learning framework without requiring imputation or even initialization
of missing values. Second, the proposed method derives and retrofits two attention masks to a
feature-tokenized transformer to exclude missing entries from attention scoring. Third, we propose
a new incremental learning strategy to mitigate the effect of varying missing rates in the feature
space and allow efficient attention learning of O (n?), which otherwise results in an out-of-memory
problem with large feature spaces/Rabbani et al.|(2024). Fourth, the entire deep attention framework
is designed to be computationally efficient and performance-wise superior to state-of-the-art baselines,
both with and without missing value imputations.

4 METHODOLOGY

This section presents the new attention mask design and the incremental feature learning strategy
used to develop the proposed IFIAL method for learning tabular data with missing values.

4.1 PRELIMINARIES

A tabular data set X € %% = { X ps, Xpniss } With 7% missing values is composed of observed
(Xobs) and missing (X,,;s5) values. An imputation model first initializes X,,;ss using mean or

median values as (X,,;ss). The model then iteratively refines the initial estimates of missing values

as X 1 using Xops and X7 ;. estimates from the previous iteration. An imputation model makes
the assumption that X, is predictive of X,,;ss, which may not always be true depending on the
predictive model, data statistics, and missing value types. This assumption can be entirely waived
when a data set can be learned using X,;s alone without estimating the X,,;ss portion. A data
set with missing values can be learned through FIL using X ;s alone. FIL updates an ML model
when additional features become available in a multiphase data collection scenario. An ML model
trained on the data set X; € RV1*% can be updated by a data set collected in the second phase
X, € RN2x(ditd2) with additional dy features, and so on. Without FIL, the conventional approach
combines the two tabular data sets X; and X5 to train the ML model from scratch, where samples of
X would have values missing for additional ds features. Unfortunately, traditional ML is not usually
designed to learn directly from data with missing values. In this context, we repurpose FIL to learn
data with missing values directly, eliminating the need for data imputation or exclusion, as discussed
in subsequent sections.

4.2 PROPOSED IFIAL ALGORITHM

The proposed Imputation-free Incremental Attention Learning (IFIAL) completely avoids imputation
or initialization of missing values X,,;ss. Suppose a labeled tabular data set with missing values
D = {X,y} has n samples and d features. First, we sort the features f1, fa2,. .., f;, in ascending
order of missing rates. The sorted features are partitioned into subsets of k features with s = ceil(g)
overlaps, as shown in Figure[I] The overlap between two consecutive feature subsets facilitates
incremental learning using P partitions of features, as follows.

d—k
K= TR/

These P partitions are used to achieve incremental learning using a feature-tokenized transformer
(FTT) [Wang & Sun| (2024)); [Huang et al.| (2020); Schambach et al.| (2023) as follows. An FTT
classifier model (F'T'T7) is trained using the first partition Py = X{ f1, ..., fx } of k features. The next
incremental learning session uses the second partition P, = X{fs, ..., fx+s} to train the previous
FT'T1 model to F'TT5. Incremental learning continues until the F'T'Tp model is obtained using the
last feature partition, as illustrated in Figure[I] The trained F'T'T’» model directly classifies a separate
test data fold with missing values. Notably, FTT tokenizes features and uses a pre-trained language
model to obtain embeddings for feature names and categorical features.In contrast, numerical values
are passed through a linear projection layer to obtain corresponding embeddings. The tabular
data representation is initialized by aggregating the embeddings of feature names and numerical
and categorical feature values, which are subsequently fine-tuned for classification using a gated

P=1+] (1)
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Figure 1: Imputation-free Incremental Attention Learning (IFIAL) method uses P fixed-sized over-
lapping feature partitions to incrementally train a Feature-Tokenized Transformer (FTT). Attention
masks: M operates as the attention column mask and M, as the attention row mask to filter missing
feature values from attention scoring.

Algorithm 1 THE IFIAL ALGORITHM

Input: Tabular data with missing values, {X € RNV*< y}
Parameters: k: number of features in partitions.

Output: Trained classifier model, M (#)

Procedure:

{XObS, Xmiss} — {X, y}

Missing rate of f; feature, r; %

{f1, f2, oy fa} < {r1 <72 < ... <rg},sorting f;.
{Pl, P27 } — {Xl(fl, f2),X2(f27 fg), }, when k=2.
for R € {Pl,PQ,...} do

{ngbstimiss} « P,

m < XM Missing mask vector

My < m, Eq

My — mTm

M(0) « {(Xi, My, Ms),y;}, Eq.[]
end for

transformer. The proposed IFIAL algorithm is presented in Algorithm 1. Missing values (X ™%%) of
X are excluded from attention scoring using attention masks designed as follows.

A binary vector m € R'*? uses 1s to identify features with missing values and Os otherwise. An
outer product between a column vector of 1s and m yields a (d, d) binary matrix (M7) with columns
of 1s corresponding to the features with missing values. These columns of Is are replaced with
large negative values in Equation[2] An exponential function transforms large negative values in M,
representing missing features to zeros, as shown in Equation 3]

My, = —o0®(11m) 2

0, ifMi(:)=—o0

exp(My) = B 3
p(M1) {17 if My(:) =0 )
M filters the attention columns corresponding to the features with missing values using the softmax
function in Equation 4] The attention rows correspondmg to features with missing values are
eliminated using another binary mask, M. Here, M, = m”m obtained from the complement of m
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(™) includes Os in rows and columns that correspond to missing features and 1s otherwise.

T
Attention = softmax( N + M) ®© Mo )
QK"
exp (== + M)
= ( Vi © My)

> exp (% + M)

QKT M
_ exp(\/ﬁ)*exp( 1) oM )

T 2

> exp (L0=) x exp (M))

Combining Equations[3|and[3] a d x h attention head in Equation 6 yields a h dimensional embedding
for each of the d features. The query (@), key (K), and value (V') matrices obtain the attention head
in Equation 6]

(6)

Head (O*Idxh)*v, ifM1(Z)=—OO,M2(:):O
= softmax(Qj%T)V, if My(:) =0, Ma(:) = 1

M7 uses —oo to mask the attention columns with missing features. The remaining rows of attention
with missing features are masked by Os of M,. Otherwise, M; and M5 retain the attention scores of
all observed feature pairs using Os and 1s, respectively.

5 EXPERIMENTS

We perform experiments on three types of missing values: 1) missing completely at random (MCAR),
2) missing not at random (MNAR), and 3) missing values that occur naturally in data sets. Here,
MCAR and MNAR types are simulated at a missing rate ranging from 10% to 50% at 10% intervals.

5.1 TABULAR DATA SETS

Table[d]in Appendix [A.T|summarizes the tabular data sets used in this article. For better generalizabil-
ity, we have selected 17 diverse data sets of varying sizes and a mix of numerical and categorical
features from the OpenML repository Bischl et al.|(2021). Tabular data sets with large sample sizes
(>10,000) are often selected to facilitate deep learning [Caruso et al.| (2024); Gorishniy et al.| (2021).
However, most tabular data sets in practice have relatively small sample sizes (<1000) Rabbani et al.
(2025)), which are more challenging data sets for deep learning methods. Therefore, the sample sizes
of these data sets range from 155 to 72983, while the feature dimension ranges from 7 to 39. The first
13 data sets are available in complete form and are used to simulate MCAR and MNAR-type missing
values at varying rates. The other four data sets with IDs 55, 6332, 41162, and 41440 have natural
missing values at the rate of 48.8%, 48.7%, 30.2%, and 20.6%, respectively.

5.2 MODEL IMPLEMENTATION AND EVALUATION

The FTT classifier, adopted from Wang & Sun| (2024), consists of a transformer with two encoder
layers. The encoder layers transform numerical and categorical features into 128-dimensional
embeddings. Each transformer layer includes eight attention heads and a feedforward network with a
2048-dimensional hidden layer, ReLU activation functions, and a dropout rate of 0.3. We have used
the Adam optimizer with a fixed learning rate of 1 x 10~° and no weight decay. The model is trained
for up to 300 epochs using a batch size of 128. Early stopping is used with a patience of 50 epochs,
terminating training when the validation loss ceases to improve for 50 consecutive epochs.

A five-fold cross-validation results in the average area under the receiver operating characteristic
curves (AUC). The average rank of each method is reported based on AUC scoresBorisov et al.| (2022)
for individual missing value types. Similarly to|Tokar & Sanner| (2024), we use a win matrix to show
the percentage of experimental scenarios in which one method outperforms the other. Furthermore,
the resilience of a method to varying missing rates is evaluated by comparing the corresponding
AUC scores with the reference AUC score of the complete data. We primarily evaluate the proposed
incremental learning method for three partition sizes, k = 2, 3, and 4. Our analysis in Figure [3|in
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Table 1: Average performance rank of the proposed (IFIAL) and baselines for 13 data sets with
MCAR type missing values.

Method Imputation 10% 20% 30% 40% 50% Avg. Rank  Overall Rank
Median-GBT Yes 7.8(0.05)  7.4(0.05)  7.5(0.04)  8.3(0.06) 7.2(0.05)  7.7(0.05) 7
Median-FTT Yes 8.7(0.07)  8.7(0.07)  8.9(0.06)  9.0(0.06)  9.8(0.07)  9.0(0.07) 12
MICE-GBT Yes 6.5(0.05)  6.8(0.05)  8.3(0.05)  8.2(0.05)  7.8(0.06)  7.5(0.05) 6
MICE-FTT Yes 8.0(0.05)  7.6(0.05)  6.9(0.04)  6.8(0.04)  7.2(0.05)  7.3(0.05) 5
GAIN-GBT Yes 10.0(0.05)  9.2(0.05)  7.4(0.05)  7.1(0.06)  6.6(0.04)  8.0(0.05) 8
GAIN-FTT Yes 7.8(0.06)  6.6(0.06)  6.8(0.06)  7.1(0.07)  6.8(0.06)  7.0(0.06) 4
Diffputer-GBT Yes 9.1(0.06)  9.1(0.06)  10.2(0.06) 11.9(0.06) 9.7(0.06)  10.0(0.06) 14
Diffputer-FTT Yes 8.7(0.06)  9.7(0.06)  10.0(0.06) 9.3(0.06) 10.1(0.06)  9.5(0.06) 13
MIA-Xgboost No 9.1(0.05)  8.9(0.05)  8.4(0.05) 8.9(0.05) 8.2(0.05)  8.7(0.05) 11
MIA-LightGBM No 8.5(0.04)  9.2(0.04)  9.0(0.05)  9.5(0.05)  7.2(0.05)  8.7(0.05) 10
AM-FTT No 9.3(0.06)  10.5(0.06) 10.8(0.06) 10.3(0.07) 11.5(0.07) 10.5(0.06) 15
IFIAL (K =2) No 8.2(0.04)  8.2(0.05)  7.6(0.04)  7.8(0.05)  8.5(0.06)  8.0(0.05) 9
IFIAL (K =3) No 6.7(0.05)  6.0(0.04)  5.9(0.04)  5.9(0.04) 6.2(0.05)  6.1(0.05) 2
IFIAL (K =4) No 6.4(0.04)  6.0(0.04)  6.5(0.05)  5.2(0.04)  7.0(0.05)  6.2(0.05) 3
IFIAL (K =d/2) No 5.5(0.05)  6.1(0.05)  5.8(0.05)  4.8(0.04)  6.2(0.05)  5.7(0.05) 1

Appendix [A.Zkuggests that incremental learning using feature partitions is computationally more
efficient than learning the entire feature space (d features) when k is less than [d/2]. Therefore, the
performance of our model is reported for partitions when k = g.
5.3 BASELINE METHODS

The baseline methods are of two types: one type requires imputation before classification, and
the other can directly classify data without a standalone imputation. The imputation requirement
before classification is satisfied by median value imputation, MICE Beesley et al.| (2021), GAN-based
imputation method GAIN |Yoon et al.|(2018), and diffusion-based imputation method, Diffputer|Zhang
et al.|(2025)). Unlike mean values, median values are robust to outliers and are recommended for low
missing rates. The subsequent classification of imputed data sets is achieved using two state-of-the-art
models for tabular data, gradient boosting trees (GBTs), and FTT |Wang & Sun| (2024)). On the
other hand, XGBoost|Chen & Guestrin (2016) and LightGBM [Ke et al.|(2017) can use the Missing
Incorporated in Attributes (MIA) strategy [Twala et al.|(2008])), as mentioned in Section to directly
classify data with missing values. XGBoost and LightGBM treat missing values as distinct categories
during decision tree splits. The FTT classifier can filter missing values using an attention mask (AM)
presented in Equation E} Therefore, an AM-FTT framework, similar to |Caruso et al.| (2024), is
considered a baseline. The 11 baseline methods are 1) median - GBT, 2) median - FTT, 3) MICE -
GBT, 4) MICE - FTT, 5) GAIN - GBT, 6) GAIN - FTT, 7) Diffputer - GBT, 8) Diffputer - FTT, 9)
AM - FTT, 10) MIA - XGBoost, and 11) MIA - LightGBM.

6 RESULTS

All results are obtained using an Ubuntu 22.04 machine with an Intel(R) Xeon(R) W-2265 CPU
(24 logical cores) running at 3.70GHz, 64GB of RAM, and a Quadro RTX A4000 GPU with 16GB
of video memory. The performance of the proposed IFIAL method is compared with the baseline
methods using 1) the average rank based on AUC scores, 2) the win matrix for the pairwise method
comparison, and 3) the robustness of the performance to increasing missing rates. Appendix
presents the AUC scores specific to data sets of type MCAR in Table[6]and of type MNAR in Table |/}

6.1 AVERAGE PERFORMANCE RANK

Table[T]compares the proposed IFIAL method with 11 baselines for MCAR-type data. In single value
imputation, median imputation is better with the GBT classifier than FTT, regardless of missing rates.
MICE outperforms the median value imputation. The GAN-based imputation method (GAIN) with
the FTT classifier outperforms MICE imputation for all missing rates. In contrast, the diffusion-based
imputation method performs the worst among all imputation techniques. Among the methods without
imputation, the MIA-based models (MIA-XGBoost and MIA-LightGBM) outperform AM-FTT. The
average performance rank shows that the proposed IFIAL (K = d / 2) outperforms the 11 baselines.
IFIAL with other feature partition sizes, including IFIAL (K = 3) and IFIAL (K = 4), also rank among
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Table 2: Average performance rank of the proposed (IFIAL) and baselines for 13 data sets with
MNAR-type missing values.

Method Imputation 10% 20% 30% 40% 50% Avg. Rank  Overall Rank
Median-GBT Yes 7.2(0.05)  7.3(0.06)  7.3(0.06)  8.5(0.05)  5.8(0.06)  7.2(0.06) 6
Median-FTT Yes 7.4(0.05)  7.2(0.05)  6.5(0.06)  7.7(0.06)  8.8(0.06)  7.5(0.06) 9
MICE-GBT Yes 9.1(0.05)  8.0(0.04)  7.0(0.06)  7.2(0.06)  5.8(0.05)  7.4(0.05) 8
MICE-FTT Yes 11.1(0.05) ~ 9.5(0.06)  10.1(0.06) ~ 9.5(0.06)  10.0(0.07)  10.0(0.06) 13
GAIN-GBT Yes 8.5(0.04)  8.8(0.05) 9.9(0.04)  8.6(0.04) 8.8(0.04)  8.9(0.04) 12
GAIN-FTT Yes 11.5(0.07)  11.9(0.08)  11.2(0.06) 12.3(0.06) 12.9(0.06)  12.0(0.06) 15
Diffputer-GBT Yes 9.2(0.06)  10.5(0.07) 10.9(0.06) 10.0(0.05)  9.8(0.06)  10.1(0.06) 14
Diffputer-FTT Yes 8.4(0.07)  7.5(0.06)  8.8(0.07)  8.0(0.06) 10.1(0.06)  8.6(0.06) 11
MIA-Xgboost No 5.5(0.05)  6.8(0.05)  7.5(0.05)  8.5(0.05)  7.2(0.06)  7.1(0.05) 5
MIA-LightGBM No 6.5(0.05)  7.7(0.04)  7.2(0.05)  7.0(0.05)  7.9(0.06)  7.3(0.05) 7
AM-FTT No 9.9(0.06)  7.5(0.06)  8.2(0.05)  8.9(0.05)  82(0.06)  8.6(0.06) 10
IFIAL (K =2) No 7.2(0.05)  7.1(0.06)  6.3(0.06)  6.4(0.05) 5.7(0.06)  6.5(0.06) 4
IFIAL (K =3) No 6.6(0.05)  6.2(0.06)  6.8(0.07)  5.9(0.05) 6.2(0.06)  6.3(0.06) 2
IFIAL (K =4) No 6.2(0.05)  7.2(0.06)  6.3(0.06)  5.7(0.05)  6.4(0.06)  6.4(0.06) 3
IFIAL (K =d/2) No 5.8(0.04)  6.7(0.07)  6.1(0.06)  5.7(0.06)  6.4(0.06)  6.1(0.06) 1

Table 3: Mean AUC scores for four data sets with natural missing values: data set ID: 55 with 48.8%,
ID: 6332 with 48.7%, ID: 41162 with 30.2%, and ID: 41440 with 20.6% missing values.

ID Median- Median- MICE- MICE- GAIN- GAIN- Diffputer- Diffputer- MIA- MIA- AM- IFIAL
GBT FTT GBT FTT GBT FTT GBT T Xgboost LightGBM  FTT (K=d/2)

55 0.806 (0.08)  0.809 (0.04)  0.790 (0.09) 0.840 (0.04) 0.779 (0.12)  0.837(0.05) 0.788 (0.10) 0.805 (0.06) 0.757 (0.06) 0.782(0.07) 0.806 (0.04) 0.846 (0.04)
6332 0.867(0.02) 0.743(0.01) 0.868(0.02) 0.796 (0.04) 0.739 (0.07) 0.808 (0.03) 0.838 (0.03) 0.781(0.05) 0.912(0.01) 0.757 (0.06) 0.814 (0.03) 0.861 (0.03)
41162 0.737(0.02) 0.738 (0.01) 0.738(0.01) 0.739 (0.01) 0.737(0.01) 0.739(0.01) 0.740 (0.01) 0.738 (0.01) 0.736 (0.02) 0.740 (0.01) 0.739 (0.01)  0.741 (0.01)
41440 0.681 (0.01) 0.654 (0.02) 0.684 (0.01) 0.671 (0.01) 0.648 (0.03) 0.649 (0.02) 0.679 (0.01) 0.653(0.03) 0.662 (0.01) 0.679 (0.01) 0.670(0.01) 0.675(0.01)

Avg.
Rank

4.2 (0.03) 7.5 (0.02) 4.2 (0.04) 5.0 (0.04) 10.0 (0.05)  5.2(0.02) 7.2 (0.04) 7.0 (0.03) 8.2(0.02) 6.2 (0.04) 5.2(0.02) 2.5(0.02)

the top three. Even at low missing rates (10%—30%), IFIAL (K = d/2) maintains a strong performance
rank, while at higher rates it shows clear superiority. These results confirm the robustness and
consistent performance of the proposed IFIAL method for MCAR-type data.

Table [2| presents the average classification performance ranks for MNAR-type data. Imputation
methods that present competitive performance for MCAR-type data (GAIN-FTT and MICE-FTT)
show a substantial performance drop for the MNAR type, ranking 15th and 13th, respectively. In
contrast, MIA-based models (MIA-XGBoost and MIA-LightGBM) perform better on MNAR data
than MCAR data. This observation is consistent with previous findings [Van Ness et al.| (2023)
suggesting the MIA method performs better when the missingness is informative, such as MNAR.
At lower missing rates (10% and 20%), the average ranks suggest that MIA methods outperform
all methods that require an imputation step. However, median-GBT consistently outperforms MIA
and other imputation methods for a missing rate greater than 20%. On the other hand, IFIAL with
other partition sizes (K = 2, 3 and 4) is among the top four best methods, while (K = d /2) is the best
performing method overall. These results suggest that the proposed IFIAL method is not affected
by missing value types, unlike other imputation-based methods. Table [3] presents the performance
of four data sets with natural missing values. The proposed IFIAL method (K = d/2) achieves the
best average performance rank (2.5 (0.02)), while the second-best method is the median imputed
data with a GBT classifier (average rank (4.2 (0.03)). Interestingly, MIA-Xgboost performs the best
on a data set (ID 6332) with limited samples but relatively large feature space. For data sets with
large sample sizes, the differences in model performance are not substantial, which does not pose a
challenge in learning from small data sets.

6.2  WIN MATRIX, COMPUTATIONAL TIME, AND ROBUSTNESS

There are 65 experimental scenarios for each missing value type using 13 data sets and five missing
value rates. Figure[2](a) for the MCAR-type data shows that the proposed IFIAL method is superior
to the baselines in more than 50% of the experimental scenarios. In the best case, IFIAL outperforms
Diffputer-FTT in 82% of the scenarios. Figure [2| (b) for the MNAR-type data shows that IFIAL
is always superior to the baselines for more than 50% of the experimental scenarios. In the best
case, IFIAL outperforms GAIN-FTT in 83% of the scenarios, which is 55% for MCAR-type data.
Table[5]in Appendix [5]presents the run time for the imputation and classification steps of the baseline
methods. As expected, methods faster than IFIAL include GAIN-GBT, Diffputer-GBT, AM-FTT,
MIA-Xgboost, and MIA-LightGBM, mainly due to the fast GBT classifier model. However, the
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Figure 2: Win matrix. Values are the fraction of experimental scenarios in which the row methods
outperform the methods in the columns.

classification performance rank of these methods is worse than that of IFIAL. One computational
benefit of IFIAL is that it saves the time required for imputation. Appendix [A-4] Figure [5| shows
the effect of varying the missing rates on the performance of five top-performing methods. The
reference AUC scores for the robustness analysis are obtained by classifying complete data sets
with 0% missing values. The AUC score decreases relative to the reference AUC as the missing
rate increases. Figure [5(a)]for the MCAR-type data shows the robustness of the proposed method
at missing rates higher than 30%. GAIN-FTT is the most robust method for up to a 20% missing
rate. In contrast, Figure [5(b)] for MNAR-type data shows that the robustness of the proposed IFIAL
method to high missing rates is better than all other baselines.

6.3 ABLATION STUDIES

In an ablation study, we vary the feature partition size (k) for three representative data sets: Kc2 (ID
1063), Diabetes (ID 37), and Dresses sales (ID 23381). Figure d]in Appendix [A3]shows the k values
that yield the best AUC scores for individual data sets. In general, incremental learning of features
is superior to learning with all features at once (that is, without incremental learning, k = d). The
best average AUCs are obtained for the data sets Kc2 (d = 21) at k=10, Diabetes (d = 8) at k=6,
and Dresses sales (d = 12) at k = 6. Therefore, the value of k can be chosen as half of the feature
dimension for the best classification performance. This observation aligns with the computational
cost analysis presented in Figurein Appendix where k < 521 is computationally more efficient
than using the entire feature space (d).IFIAL outperforms all or most of the baselines at k = 3, which
can be further improved by increasing the partition size to %.

7 DISCUSSIONS

The paper proposes incremental attention learning of tabular data as a novel mechanism to bypass
the requirements of initializing, imputing, or completing the data. The findings of the paper can be
summarized as follows. First, the proposed IFIAL method outperforms all baseline methods with and
without data imputation, regardless of the missing value types. Second, state-of-the-art imputation
methods are sensitive to missing value types, especially when missing values are not at random
(MNAR). The proposed IFIAL method entirely avoids the imputation of missing values and, therefore,
is a superior choice when the missing value type is unknown or complex. Third, while retrofitting a
pair of attention masks enables imputation-free learning of tabular data representations, incremental
learning of feature partitions is essential for overall efficiency and performance. In comparison, the
performance of AM-FTT suggests that attention masks and the FTT model are insufficient to achieve
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optimal performance. Fourth, the IFIAL method offers the best performance and computational time
trade-off with better resilience to missing value rates than baselines. In general, our proposed method
renders existing missing value imputation methods unnecessary from both computational efficiency
and performance standpoints.

In contrast, the literature continues to propose novel methods for imputing missing values under
varying constraints and assumptions. A recent survey reports that deep generative models (e.g., GAIN,
VAE) require a large sample size (n > 30, 000); otherwise, traditional and statistical imputation
methods (e.g., MICE) perform better Sun et al.|(2023). This may explain why MICE is superior
to GAIN in our results for data with a decent sample size. The requirement of a large sample
size does not apply to IFIAL. Furthermore, the recent diffusion-based method, Diffputer Zhang
et al.[(2025) provided a comprehensive benchmarking against multiple advanced baselines, including
diffusion-based methods (MissDiff|Ouyang et al.[(2023)), TabCSDI|Zheng & Charoenphakdee|(2022)),
generative adversarial methods (GAIN [Yoon et al.| (2018), MIWAE Mattei & Frellsen| (2019)),
iterative imputation (MICEResche-Rigon & White|(2018), EM, HyperImpute Jarrett et al.[(2022)),
and graph neural network-based approaches (MIRACLE |Kyono et al.| (2021)), GRAPE |You et al.
(2020)). Diffputer demonstrates better performance than these baselines, particularly highlighting its
suitability for large data sets (n > 10,000). Our results suggest that the performance of Diffputer
may not generalize well across different data sets, missing value rates, and types, unlike our proposed
imputation-free representation learning method.

The proposed method has several advantages over existing methods for handling missing values.
First, an imputation method effective for MCAR-type data may not be optimal for MNAR-type data
or data with natural missing values. Imputation errors and data quality compromise can be avoided by
allowing for imputation-free representation learning of data with missing values. Deep representation
learning of observed values without imputing missing values is valuable in medical research, where
synthetic values generated by models are often considered unreliable and can compromise the
credibility of data-driven outcomes|Zhou et al.|(2023). Second, tabular data imputation with mixed
data types (e.g., numerical, categorical) requires separate regression and classification models for
imputations and train-test data splits for the same process. The proposed method is free from the
computational steps and data splits required for imputation. Imputation methods learn missing values
from their relationship with observed values. However, as the missing rate increases, the estimation
of missing values from fewer observed values impacts imputation accuracy and data quality. The
impact of a high missing rate is more pronounced for data with limited samples when fewer observed
values are corrupted by the presence of imputed values with high errors. Therefore, recent studies
often evaluate imputation methods up to a 30% missing rate Lee & Kim|(2023); |Wu et al.[(2020).
Our proposed method mitigates the impact of a higher imputation error in the data resulting from
higher missing value rates.

7.1 LIMITATIONS

Although deep representation learning without imputation or completion of missing values is a
significant contribution, the proposed method has several limitations. Classification performance
on an imputed data set or data with missing values is an indirect measure of data quality, which is
impacted by the sample size. When the missing value rate is low (< 10%) and completely random,
imputing missing values can result in better performance than our proposed imputation-free method.
Several traditional imputation and classification models are computationally more efficient than the
proposed imputation-free classification. The performance gain of the proposed method over other
methods diminishes when the sample size is very large, particularly at a low missing rate.

8 CONCLUSIONS

This paper introduces IFIAL, a novel imputation-free representation learning of tabular data with
missing values. The combination of attention mask and incremental learning using feature partitions
in IFIAL is computationally effective, performance-wise superior, and robust to missing value rates
and types. The proposed IFIAL algorithm outperforms state-of-the-art deep imputation methods in
downstream classification, offering the benefits of retaining data quality and efficiently learning high-
dimensional feature space incrementally. Future work should aim at investigating imputation-free
solutions for other deep learning methods.
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A APPENDIX

A.1 SUMMARY OF TABULAR DATA SETS

Table 4: Summary of the benchmark tabular data sets with heterogeneous data types and structures.

Type OpenML Id  Data set Samples Features Numerical Categorical Classes
13 Breast-cancer 286 9 0 9 2
31 Credit-g 1000 20 7 13 2
37 Diabetes 768 8 8 0 2
181 Yeast 1484 9 9 0 10
Complete 334 Monks-problems-2 601 7 0 7 2
Data sets 463 Backache 180 31 5 26 2
(Missing 1063 Kc2 522 21 21 0 2
Values 1067 Kcl 2109 21 21 0 2
Simulated) 1071 Mwl 403 37 37 0 2
1480 Ilpd 583 10 9 1 2
1498 SA-heart 462 9 8 1 2
23381 Dresses-sales 500 12 1 11 2
40691 Wine-quality-red 1599 11 11 0 6
Natural 55 Hepatitis 155 19 6 13 2
Missing 6332 Cylmder—bands 540 39 18 21 2
Values 41162 Kick . 72983 10 4 6 2
41440 Okcupid-stem 50789 10 9 1 3

A.2 NUMBER OF OPERATIONS AND COMPUTATIONAL COST

2.00 A

1.754

— k%P
dZ

1.50 4

1.254

1.00 +

0.75 A

0.50 ~

0.25 +

Relative operations

10 20 30 40 50
Partition size, k

0.00 4—1 - : i :
0

Figure 3: Effects of feature partition size (k) on the computational cost of incremental learning
compared to learning the complete feature space (d) at a time. The vertical dotted lines mark the
feature partition size when its computational cost equals that of learning the complete feature space
or the relative operation ratio is 1.0).
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A.3 EFFECT OF PARTITION SIZE
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Figure 4: Effects of partition size (k) on average AUC scores obtained across varying missing value
rates. The total number of features (d) for three data sets are: the Kc2 data set (d = 21), Diabetes
data set (d = 8), and Dresses Sales data set (d = 12).

A.4 COMPUTATIONAL TIME AND ROBUSTNESS TO MISSING RATES

) I
g 100 -t Diffputer-FTT
w GAIN-GBT
g 98 L
i - ~-f-- MICE-FTT
g . ‘ ) - IFIAL(K=d/2)
c Tl
g o4 h
: N
o
o
g 92
8
g 90
‘v -
: Y
o 88- )
jo))
E
2 86 i
) ; . 0 50
Percentage of values missing
<
S 7
§ i S
N a
£ 80 E—
g Tl
2 [ Froe o
o7 o -
L I T--- -
E — ?
5 1
<
Q70
Q
()]
o
265
) ) . 0 50

Percentage of values missing
(b) MNAR type
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15



Under review as a conference paper at ICLR 2026

Table 5: Computational runtime in seconds for imputation (training and imputing) and classification
(training and inference) steps using the credit-g data set with 50% MCAR type missing values.

Method Imputation  Classification ~ Total Classification  Classification
runtime runtime runtime Rank (MCAR) Rank (MNAR)
MICE - GBT 417 2 419 6 7
MICE - FTT 417 190 607 5 13
GAIN - GBT 51 2 54 8 11
GAIN - FTT 51 190 241 3 15
Diffputer - GBT 8 1 9 13 14
Diffputer - FTT 8 190 198 12 10
AM-FTT N/A 21 21 15 12
MIA - Xgboost N/A 1 1 10 6
MIA - LightGBM N/A 1 1 9 8
IFIAL (k= $) N/A 163 163 1 1

A.5 DATA SET-SPECIFIC AUC CLASSIFICATION SCORES
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