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Abstract

Missing data presents a widespread challenge in real-world
data collection. In this paper, our goal is to impute missing
entries while accurately reflecting the uncertainty associated
with them. We introduce U-VAE, a method that employs a
non-parametric distributional learning strategy to parameter-
ize the likelihood of missing values. To address the infeasi-
bility of directly estimating the underlying conditional distri-
butions due to data incompleteness, we incorporate stochas-
tic re-masking and un-masking techniques during training.
Specifically, we replace the conventional reconstruction loss
with the continuous ranked probability score (CRPS), a
strictly proper scoring rule, and theoretically demonstrate that
the discrepancy between the underlying conditional distribu-
tion and our imputer is upper-bounded. We evaluate the per-
formance of U-VAE on 11 real-world datasets, showing its
effectiveness in both single and multiple imputations, while
also enhancing post-imputation performance and supporting
valid statistical inference.

Code — https://github.com/Optim-Lab/U-VAE
Appendix — https://github.com/Optim-Lab/U-
VAE/blob/main/Appendix(U- VAE).pdf

1 Introduction

Incomplete tabular data is a widespread issue in real-world
data collection. For instance, in the social sciences, miss-
ing entries often occur when participants skip questions or
choose not to respond (Little 1988), while in the medical
domain, patient records frequently contain gaps due to in-
complete documentation or unperformed tests (Barnard and
Meng 1999). In this context, substantial progress has been
made in the theory, methodology, and software for handling
missing data over the past decades (van Buuren 2012).
Missing values are unknown and inherently uncertain. As
a result, point estimation tasks, such as inferring the popula-
tion mean, are not statistically valid when incomplete data is
given (Rubin 1975; Gibson, Little, and Rubin 1989; Manski
2003). Although single imputation methods are simple and
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Q: Parameterization of uncertainty?

None | Additive noise | Non-parametric
M VAEAC
kl\?;‘} MIWAE
. not-MIWAE U-VAE (ours)
missForest
Softlmpute GAIN
P ReMasker

Table 1: Categorization of imputation methods by their pa-
rameterization of uncertainty. Our proposed method, U-
VAE, models uncertainty non-parametrically.

have practical advantages, they fail to account for this uncer-
tainty and are thus inadequate for such statistical inference
tasks (Troyanskaya et al. 2001; Stekhoven and Biihlmann
2012; Khan and Hoque 2020).

To mitigate this limitation in the presence of missing data,
Rubin and Schenker (1986) introduced multiple imputation,
a framework that generates several plausible values to reflect
uncertainty. It enables, beyond point estimation, valid statis-
tical inference of evaluating bias, coverage rate, and con-
fidence intervals (Rubin 1989; van Buuren and Groothuis-
Oudshoorn 2011; Murray 2018).

Supporting multiple imputation necessitates estimating
the underlying distribution, conditioned on arbitrary pat-
terns of observed entries (van Buuren 2012; Ivanov, Fig-
urnov, and Vetrov 2019; Nazébal et al. 2020). Deep gen-
erative models, such as Generative Adversarial Networks
(GANSs), Variational Autoencoders (VAEs), and diffusion
models, have been adopted to estimate the conditional distri-
bution of incomplete tabular data and to support multiple im-
putation (Mattei and Frellsen 2019; Jarrett et al. 2022; Wen
et al. 2024). Recently, masked autoencoder (MAE) frame-
works have shown promise in imputation performance (He
et al. 2022; Du, Melis, and Wang 2024; Kim, Lee, and Park
2024). Specifically, ReMasker (Du, Melis, and Wang 2024)
leverages the self-attention mechanism of Transformers to
capture inter-feature dependencies.

However, a key limitation of these methods is that their
imputation models capture only a partial aspect of the
inherent uncertainty associated with missingness. For in-
stance, VAE-based imputation methods (Ivanov, Figurnov,



and Vetrov 2019; Mattei and Frellsen 2019; Nazabal et al.
2020) typically assume Gaussianity and estimate only the
conditional expectation of missing values. MAE-based im-
putation methods (Du, Melis, and Wang 2024; Kim, Lee,
and Park 2024) rely on point-wise reconstruction of masked
features given the observed ones in a deterministic manner.

Therefore, we propose U-VAE (Uncertainty-VAE), an
uncertainty-aware VAE-based imputation method capable
of estimating the conditional distribution of missing en-
tries given observed values. Our main contribution is that
the uncertainty of the imputed values is modeled non-
parametrically beyond additive noise, and this is theo-
retically supported by showing that the KL divergence
between our imputation distribution and the underly-
ing conditional distribution can be upper bounded. To
achieve this, we adopt the continuous ranked probability
score (CRPS), a strictly proper scoring rule (Matheson and
Winkler 1976; Gneiting and Raftery 2007) for our recon-
struction loss. Moreover, to account for the partial observ-
ability of real-world datasets—where the true values of the
missing entries are inherently unknown—we incorporate
stochastic re-masking and unmasking during training. This
enables the model to learn from diverse conditioning set-
target combinations.

We substantiate the effectiveness of our proposed method
by evaluating its performance in both single and multiple im-
putations across 11 real-world tabular datasets. Furthermore,
we include the metrics of bias, coverage, and confidence in-
terval width to evaluate whether the imputation model sup-
ports valid statistical inference (van Buuren 2012; Lee and
Huber 2021; Zhang et al. 2023).

Notations We assume that the incomplete dataset consists
of n i.i.d. samples {(x(*), r(")}2_ . where the missingness
pattern of an observation is described by a binary indica-
tor vector r € {0,1}?, where r; = 0 indicates that the jth
variable x; is missing. It indicates that x is a p-dimensional
observation vector including missing entries, where each el-
ement x; denotes either a continuous or a categorical vari-
able. We define the multi-delta distribution as p*(x,) =
LS 0(xe — X,(pl)), where §(-) indicates the Dirac delta
function and x\ == x( © r® (® is the element-wise mul-
tiplication and missing entries are replaced with zero). Let
I and Ip be index sets for continuous and categorical vari-
ables, respectively, such that Ic U Ip = {1,---,p}. For
each categorical variable x; with j € Ip, let C'; denote the
number of categories.

2 Proposal
2.1 Modeling of Uncertainty

Distributional learning The ultimate goal for faithful
multiple imputation that captures uncertainty is to find the
imputer such that minimizing the following distributional
learning objective (Rubin 1996):

nélinn D(p*(xlfr | Xr) Hp(xlfr | Xr§9,77))7 (1)

where p(x1_r | Xr;60,m) is an imputer and D is a well-
defined divergence between two distributions (in this paper,
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we use the KL-divergence for D).
To achieve this, under the variational inference (Kingma
and Welling 2014), our proposed objective is given by

Eop (0 )p* (x1 e lxe) [ £ (X2, X123 6,1, )], (2)

min
0,m,¢

where

ﬁ*(Xlefr?e»n?(b)
1
~ Eq[z (e
CRPS

JjElc:
+ 8- Dxv (q(z | Xe,X1-1; 9)[|P(2 | %237)) -

r;=1
Here, E, denotes the expectation with respect to g(z |
Xry X1—r; ¢)’ pv(u) = U(U - ]I(U < 0))’ and Qj('v ER) 9) :
[0,1] x R? x RP + R, which is a neural network parame-
terized with 0. p(z | x,;7) and ¢(z | Xy, X1-r; ¢) denote the
conditional prior and posterior, respectively, both of which
are assumed to be multivariate normal distributions.

In (2), our reconstruction loss is the continuous ranked
probability score (CRPS), which is a strictly proper scoring
rule (Gneiting and Raftery 2007; An and Jeon 2023). This
implies that we adopt a non-parametric approach (i.e.,
the quantile function estimation) for parameterizing un-
certainty, i.e., the likelihood of the missing entries. More-
over, (2) can be derived from the upper bound of (1), by
utilizing an infinite mixture of asymmetric Laplace distribu-
tions (see Appendix for a detailed derivation).

(a,z,xr;ﬁj))da]

Theoretical rationale To ensure the well-posedness of
the inverse mapping, we impose Assumption 1 on the con-
ditional quantile function. In addition, Assumption 2 is
adopted, which states that the dependencies among missing
entries can be captured in a low-dimensional latent space.

Assumption 1. For all j € Ic, z € R? and x € R?,
Q;(-,2,x;0;) is invertible and differentiable.

Assumption 2. {x; : r; = 0} are conditionally indepen-
dent given the latent variable z and the other observed vari-
ables {x; :r; = 1}.

Proposition 1 (Validity of imputer). For any
e > 0, suppose that there exist ¢ and n such that:
D1, (q(z 1 xe;0) || p(z | Xe5m)) < €. Given such ¢ and n,
we define 0 as the minimizer of the objective function in (2).
Then, under Assumptions 1 and 2, we have

Dy (p* (x1—r | %) || p(x1-r | Xr§é,77)) <e.

Proposition 1 states that if the learned prior distribution
p(z | x,;7m) is sufficiently close to the aggregate posterior
q(z | Xy;¢), then the estimated conditional distribution,

i.e., our imputer p(x;_, | X, 6,7) can closely approximate
the ground-truth conditional distribution p*(x1_, | X).
Note that the second KL divergence in Proposition 1 cor-
responds to the ultimate objective in (1), while the KL di-
vergence term in our objective (2) serves as an upper bound
of Dkr, (¢(z | X¢;0) || p(z | X¢; 7)), and is minimized dur-
ing training.



Therefore, our imputer not only captures uncertainty
of missing entries through a non-parametric quantile
function (see Table 1) but is also theoretically justi-
fied by Proposition 1.

In practice, we parameterize (); using a linear spline
quantile function, which yields a closed-form loss (Gasthaus
etal. 2019) and satisfies Assumption 1*. The detailed formu-
lation is provided in the Appendix.

Remark 1. In existing VAE-based imputation meth-
ods (Ivanov, Figurnov, and Vetrov 2019; Nazdbal et al. 2020;
Mattei and Frellsen 2019; Ipsen, Mattei, and Frellsen 2021 ),
the decoder is typically modeled as a parametric distribu-
tion, most commonly a Gaussian. This limits the modeling
capacity to capture uncertainty in the form of additive noise.
In contrast, we shift to full distribution estimation, allowing
for a more accurate approximation of the inherent uncer-
tainty in the incomplete data.

Un- and re-masking However, because the given incom-
plete dataset contains missing values, it is not feasible to di-
rectly estimate (2) from observed data. In other words, the
underlying conditional distribution p*(x1_, | X,) is un-
known. To address this, following (Ivanov, Figurnov, and
Vetrov 2019; Du, Melis, and Wang 2024), we adopt a re-
masking and un-masking strategy that explicitly accounts for
incompleteness of the dataset during distributional learning.

Let m € {0,1}? be a binary vector indicating which
observed variables are artificially masked during training.
Specifically, m; = 0 represents that the jth column is
masked (i.e., treated as missing), while m; = 1 indicates
that it is unmasked and used as input. Given a masking vec-
tor m € {0,1}?, the un-masking and re-masking observa-
tions are defined as

* (Un-masking) X, = Xy @ (m Ar)

* (Re-masking) X1 = X, © ((1 —m) Ar),
where © denotes element-wise multiplication and A denotes
the element-wise minimum operation.

This transformation introduces a new challenge: to learn
the conditional distribution for imputation, distributional
learning must be performed that can cover nearly all possible
conditioning set-target combinations induced by the given
missing entries. To achieve this, we introduce sufficient vari-
ability in the masking patterns applied to the observed data,
where the sampling scheme for the masking vector m is for-
mally defined in Definition 1. Note that the combination of
X1_m and X, reconstructs the full observed vector x,.
Definition 1 (Masking distribution). Let u ~ U(0,1) be a
random variable of the masking probability. The masking
distribution p(m) is defined as:

P
p(m) =By oy [ u™ 1 —w)t—™
j=1

“The linear isotonic spline is non-differentiable only at a fi-
nite number of points, where the underlying measure has no point
masses.
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R1-m)j = Qj(@, 2, Xpm; 6;)
T

X1-m

Reconstruction loss
(CRPS)

Dg1(q 11 p)

Imputation X
X 1-m
r z~p(z| X, ;1)
a~U(0,1)

®1-n)j = Qj(a,z,x; 6))

—> : Training
-->: Imputation

Figure 1: Overall procedure of U-VAE.

Az | X, X1-m; ®)

Our modified practical objective function incorporating
the masking strategy is given by:

Ep+ (xe)p(m) [£(%e, m; 60,17, )],

min
0,n,¢

3)

where

E(Xr, ma 9) T]7 ¢)

iezizi /01 o ((Xl_m)j — Q0 2,Xm; @))da]

m;=0
+ 8- Dkr (q(Z | vaxlfmﬂb)Hp(Z ‘ Xm;n)) :

In our objective (3), the expectation with respect to
p*(X¢)p*(X1-r | Xr) is replaced by the expectation with
respect to p* (%, )p(m).

Minimizing the log-likelihood only for the entries that
are both observed and re-masked serves as a valid proxy
for learning the ideal objective in (2). This is because,
by the definition of p(m)—which has full support over
{0, 1}? (Ivanov, Figurnov, and Vetrov 2019; Du, Melis, and
Wang 2024)—the model is exposed to all possible condi-
tioning—target configurations. In other words, there can exist
a mask vector m such that r¥ = m A r(), allowing the
model to learn the conditional distribution given r() using
the missingness pattern of the jth observation. E, ) is ap-
proximated using Monte Carlo and ancestral sampling.

=E,

Proposition 2 ((An et al. 2024)). Assume that the missing-
ness mechanism in x follows the MAR. Then, sincer 1l m |
x and m L x by Definition 1, the joint behavior of r and
m depends only on the observed components Xy.:

(rym) 1L x1_p | Xp.

Proposition 2 demonstrates that the missingness pattern
in X, inherits the MAR property of x,. Therefore, this re-
sult allows us to perform distributional learning using only
observed and re-masked entries in a theoretically valid man-
ner (Ivanov, Figurnov, and Vetrov 2019; Du, Melis, and
Wang 2024). However, as shown in Section 4, our model
also demonstrates strong empirical performance even in
cases where the MAR assumption does not strictly hold.



Algorithm 1: Missing data imputation

Input: Incomplete observation: (x,r)
Output: Imputed observation: X

I % =[0,0,---,0]
20 2~ p(z | Xe57)

3: forj=1,2,--- ;pdo
4: if j € I then > inverse transform sampling
5: X Qj(0,2,%:30;),0 ~ U(0,1)

# Uniform sampling of quantile level
6: if j € Ip then > Gumbel-Max sampling
7: Gl, Gg, ey Gc. ~ig.d. Gumbel(O, 1)
8: X;  arg max{ﬁog Tjc(z,%r;0;) + G}

e=1,-,C;

9: X+ xOr+x0(1-r)

2.2 Imputation with Uncertainty

Indicator method The definition of the un-masked and
re-masked observations can be seen as the zero imputation
technique (Mattei and Frellsen 2019; Nazébal et al. 2020;
Ipsen, Mattei, and Frellsen 2021). However, when we in-
put X, or X, in the neural networks, the masked (miss-
ing) values cannot be discriminated from actual zero val-
ues. Therefore, to distinguish between actual 0 values and
masked (missing) values, we further input additional infor-
mation as follows:
_ r} ;

where [:] is concatenate operation. Note that this approach
can be seen as the indicator method (or missing indicator),
which is shown to be beneficial in downstream task (Stene
and Miettinen 1987; Barata et al. 2019; Morvan and Varo-
quaux 2025).

Incorporating categorical variables Thus far, we have
focused on the scenario in which the observations consist
solely of continuous random variables, in order to stream-
line the explanation of our proposed model. However, in-
corporating categorical variables into the learning process
is straightforward. To handle categorical columns, we add
a cross-entropy loss (i.e., a classification loss) to the recon-
struction loss term in (3). The corresponding reconstruction
loss is given by:

> /01 Pa ((lem)j — Qj(, 2, Xm; 9j)>d04

J€lc:
m :()A,I']‘ =1

Xm — [xmzl—(m/\r)]7 Xy — [xrzl

Cj
Z ZH(X]' =c) -10g(7;c(2,Xm; 0;)),

Jj€lp:
m;=0,r;=1

c=1

where (-, 0) : RY x RP — A%~!is a neural net-
work parameterized with 6, where A%~ is the (C; — 1)-
dimensional simplex, and the subscript c refers to the cth
element of the output 7;.

Missing Data Imputation Our imputation procedure, out-
lined in Algorithm 1, addresses the uncertainty of deciding
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which value to impute for both continuous columns and cat-
egorical columns as follows:

1. (continuous) sampling a quantile level « from a contin-
uous uniform distribution (line 6 of Algorithm 1), which
serves as the input for the inverse transform sampling

method, and

. (categorical) Gumbel-Max sampling (line 11 of Algo-
rithm 1) (Gumbel 1954).

Although Algorithm 1 is based on single imputation, it’s im-
portant to note that our imputation algorithm can be read-
ily extended to a multiple imputation approach. This can be
achieved by sampling several quantile levels and performing
multiple Gumbel-Max samplings.

3 Related Works

Classical imputation methods include statistical heuris-
tics such as mean imputation (Farhangfar, Kurgan,
and Pedrycz 2007), k-nearest neighbors imputation
(kNNI) (Altman 1992), and missForest (Stekhoven and
Biihlmann 2012), as well as iterative approaches such as
Expectation-Maximization (Dempster, Laird, and Rubin
1977), MICE (van Buuren and Groothuis-Oudshoorn 2011),
and MIRACLE (Kyono et al. 2021).

In the realm of deep generative model-based imputa-
tion methods, they have been proposed to learn joint or
conditional distributions for imputation. GAIN (Yoon, Jor-
don, and van der Schaar 2018) employs adversarial training,
while VAE-based methods such as VAEAC (Ivanov, Fig-
urnov, and Vetrov 2019) and MIWAE (Mattei and Frellsen
2019), which is similar to our approach, leverage variational
inference with random masking. Additionally, methods such
as ReMasker (Du, Melis, and Wang 2024) and PMAE (Kim,
Lee, and Park 2024) employ the MAE framework for impu-
tation tasks. However, these methods formulate reconstruc-
tion loss using MSE, which fails to properly capture the in-
herent uncertainty in the imputed values (Schulz et al. 2024).

4 Experiments
4.1 Overview

We empirically evaluate U-VAE under diverse missing data
mechanisms across a range of benchmark datasets. Our ex-
periments’ are designed to address the following key re-
search questions®:

RQ1. Does U-VAE achieve state-of-the-art performance in
single imputation tasks?

RQ2. Can U-VAE support statistically valid multiple impu-
tation by capturing uncertainty in the imputed values?

RQ3. How robust is U-VAE to varying missingness rates
and patterns in sensitivity analyses?

Al experiments are conducted on an NVIDIA RTX A6000
GPU using implementations in PyTorch and scikit-learn.

*We conduct an additional experiment to evaluate the conge-
niality of U-VAE in Subsection 4.3.
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Figure 2: Imputation fidelity at 0.3 missingness rate. The corresponding missingness mechanism is indicated below the figure.
The red dashed line indicates the performance of U-VAE under each missingness mechanism. The means across 11 datasets
and 5 random seeds are reported. | denotes that lower is better.

Datasets Similar to several recent studies (Ipsen, Mat-
tei, and Frellsen 2021; Mattei and Frellsen 2019; Nazabal
et al. 2020; Muzellec et al. 2020; Zhao et al. 2023; Jarrett
et al. 2022), we evaluate our model on 11 real-world tabu-
lar datasets from UCI and Kaggle repositories®, covering a
wide range of sizes and variable types. Each dataset is ran-
domly split into 80% training and 20% testing sets. Detailed
statistics are summarized in the Appendix.

In addition, following prior work (Muzellec et al. 2020;
Jarrett et al. 2022; Zhao et al. 2023), we simulate missing-
ness using four common mechanisms: MCAR, MAR, MNARL,
and MNARQ. The detailed procedures for generating miss-
ing values under each mechanism are described in the Ap-
pendix.

Baselines In this experiment, we investigate our proposed
model, U-VAE, and 10 imputation methods.

e Single imputation: Mean (Little and Rubin 2002), kNNI
(Troyanskaya et al. 2001), missForest (Stekhoven and
Biihlmann 2012), MIRACLE (Kyono et al. 2021), and
ReMasker (Du, Melis, and Wang 2024).

* Multiple imputation: MICE (van Buuren and Groothuis-
Oudshoorn 2011), and GAIN (Yoon, Jordon, and
van der Schaar 2018), VAEAC (Ivanov, Figurnov, and
Vetrov 2019), MIWAE (Mattei and Frellsen 2019), not-
MIWAE (Ipsen, Mattei, and Frellsen 2021).

4.2 Evaluation Metrics

RQ1 Similar to recent works (Mattei and Frellsen 2019;
Nazabal et al. 2020; Muzellec et al. 2020; Ipsen, Mattei,
and Frellsen 2021; Jarrett et al. 2022; Zhao et al. 2023; Du,
Melis, and Wang 2024), we evaluate the quality of impu-
tation from two complementary perspectives: imputation fi-
delity and imputation utility.

$https://archive.ics.uci.edu/, https://www.kaggle.com/datasets/
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For imputation fidelity, we evaluate how well the imputed
values recover the ground-truth data using two metrics: root
mean square error (RMSE), which measures point-wise ac-
curacy, and Wasserstein distance (WD), which assesses dis-
tributional similarity to the true data.

For imputation utility, we assess how well the imputed
data support downstream tasks. Specifically, we use sym-
metric mean absolute percentage error (SMAPE) for regres-
sion, accuracy (Acc) for classification, and feature selection
consistency (Feat), which is adopted from (Hansen et al.
2023). A detailed description of these metrics and evalua-
tion protocols is provided in the Appendix.

RQ2 We assess the effectiveness of multiple imputation
using interval-based inference for the population mean, as
originally proposed by (Rubin and Schenker 1986). Since
the true population mean is generally unobservable, we in-
stead use the column-wise mean of the complete dataset
as a proxy for the parameter of interest (Lee and Huber
2021; Zhang et al. 2023). Specifically, we report the raw bias
(Bias), the empirical coverage rate (Coverage), and the aver-
age width of the confidence interval (Width) computed from
100 multiple imputations across all continuous columns and
datasets (van Buuren 2012). A nominal 95% confidence
level is used to evaluate Coverage and Width. The detailed
evaluation procedure for multiple imputation is provided in
the Appendix.

Remark 2. To account for imputation uncertainty, we fol-
low (Rubin and Schenker 1986, van Buuren 2012) and apply
Rubin’s rule to aggregate estimates and variances from mul-
tiple imputations.

4.3 Results
RQ1: Imputation fidelity As shown in Figure 2, U-VAE
outperforms all baselines by achieving the lowest RMSE and

Wasserstein Distance (WD) across all missingness mecha-
nisms. In total, U-VAE ranks first on 32 out of 40 fidelity



MCAR MAR MNARL MNARQ

model SMAPE | Acc? Featt SMAPE] Acc? Featt SMAPE] Acc? Featt SMAPE| Acc? Feat 1

Mean 254+ 022 .680+.032 .689+ 025 .226+£.019 .669+ 032 .621+ 028 .256+ 021 .653+.034 .649+ 026 225+ 018 . 718+ 030 .696+.026
kNNI 223+ 021 .681+.031 .702+ 023 .190+ 017 .678+ 031 . 716+ 024 .2224 020 .655+.031 .649+ 026 .190+.017 .730+.030 . 762+ .021
MICE 220+ 021 -684+ 032 .775+ 022 -193+ 018 .678+.030 .756+ 021 .220+ 021 .661+ 032 .713+ 026 - 194+ 017 .725+.030 -802+ 019
missForest .228:‘:,020 .683:‘:,032 .724:‘:,025 .204:{:,017 .674:&,032 .678i,024 .228i,020 4657:&_033 .662:{:,025 -207:!:.018 .726i,030 .735i,021
GAIN 2294 020 .T14+ 020 .701+ 021 209+ 018 .719+ 028 .687+ 023 .251+ 022 .7T11+ 028 .675+ 020 216+ 019 . 748+ 027 .730+.018
VAEAC 2216+ .020 771+ 025 .T63+.020 -200+.017 765+ 025 . 750+ 018 .217+ 019 765+ 025 .738+ 020 -198+.017 . 780+ 024 .791+ 018
MIWAE 2194 019 .688+.026 .656+.023 .205+.018 .656+ 022 .664+ 022 .221+ 019 .648+ 023 .623+ 025 204+ 018 .730+.026 . 705+ 022
not-MIWAE .233 020 .674+.033 .699+.024 218+ 019 .654+ 031 .658+ 024 .238+ 021 .652+.034 .636+.027 .217+.019 . 715+ 030 - 709+ 021
MIRACLE .235+ 019 .672+.032 .7T06+.023 .210+.016 .673+.032 .660+.029 .236+.019 .655+.033 .636+.030 .2114 016 .720+.031 .730+.025
ReMasker .241.4 921 .676+.034 .688+.030 -220+.019 .663+.033 .662+ 029 .2464 021 .655+.035 .629+.030 .227+.019 . 716+ .031 .749+ 026
U-VAE 209+ 021 778+ 020 786+ 022 188+ 019 761+ 029 .747+ 025 208+ 021 .758+ 030 743+ .024 187+ 019 805+ 028 .798+ 021

Table 2: Imputation utility at 0.3 missingness. The means and their standard errors across 11 datasets and 5 random seeds are
reported. T (|) denotes that higher (lower) is better. The best result is red bolded, and the second best is blue underlined.

MCAR MAR MNARL MNARQ

model Bias| Coverage Width] Bias] Coverage Width]  Bias| Coverage Width] Bias| Coverage Width|

MICE .018(5.8) .6424 039 0384 003 .012(3.5) .755+ 028 -038+ 003 .020(6.1) 5954 044 .0384 003 .011(3.6) .7674 027 .038+ 003
GAIN .044(11.2) .314 4 037 -038+ 003 -032(7.8) .536+.020 037 +.003 .053(13.8) .269+ 037 .037+ 003 .020(5.9) .641 4 030 -037+.003
VAEAC .017(5.3) .653+.036 0384003 .015(4.1) .696+ 025 .038+ 003 .018(5.3) .670+.035 .038+ 003 .011(3.6) .756+.026 -038+ 003
MIWAE 012( ) 769+ 033 .043+ 003 .009(2.5) .857+.025 .042+ 003 014( ) 750+ 033 .044+ 003 .008(2 6) .840+ 023 .0404+ 003
not-MIWAE .015(4.2) .701+ 038 .0444 004 .014(3.6) .7724 027 .042+ 004 017( T) .646+.040 .044+ 004 .011(3.1) .781+.026 -041+ 004
U-VAE .009(2.6) .867+.024 -0384 003 .008(2.0) .889+ 018 .038+ 003 .010(2.9) 8394+ 024 .038+ 003 .005(1.4) 908+ 014 .038+ 003

Table 3: Multiple imputation performance at 0.3 missingness rate. The means and their standard errors across 11 datasets
and 5 random seeds are reported. The values in parentheses next to Bias represent the percent bias. | denotes lower is better.
Coverage close to 0.95 indicates better performance. The best result is red bolded, and the second best is blue underlined.

scores (2 metrics X 4 mechanisms X 5 missing rates), as
detailed in the Appendix.

In particular, U-VAE consistently achieves the lowest
RMSE and WD under MNARL and MNARQ, demonstrat-
ing strong robustness to non-ignorable missingness patterns.
This performance gap becomes more pronounced under
these challenging mechanisms, where many baselines suf-
fer from substantial errors and distributional divergence.

The superior performance of U-VAE in these settings un-
derscores its strength in modeling conditional distributions
even when missingness depends on unobserved or partially
observed data. This is attributed to its quantile-based objec-
tive and CRPS loss, which encourage learning the full pre-
dictive distribution rather than point estimates. Additional
results across different missingness rates are provided in the
Appendix.

RQ1: Imputation utility As shown in Table 2, U-VAE
consistently achieves strong performance across all utility
evaluation metrics under all four missingness settings. In to-
tal, U-VAE ranks first on 43 out of 60 utility scores (3 met-
rics X 4 mechanisms x 5 missing rates), as detailed in the
Appendix. Notably, it ranks within the top-2 in 56 out of 60
cases, consistently demonstrating superior accuracy and fea-
ture selection consistency across diverse imputation settings.

Unlike fidelity metrics that directly assess the closeness
of imputed values to the ground truth, utility metrics eval-
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uate how well the imputed data supports subsequent mod-
eling tasks. These results highlight U-VAE’s effectiveness
in producing imputations that not only match the original
data distribution, but also retain the predictive and structural
integrity necessary for downstream analysis. Additional re-
sults across missingness rates and per-dataset utility scores
are provided in the Appendix.

RQ2 As shown in the Table 3, U-VAE -consistently
achieves the best overall performance across all mecha-
nisms, with the lowest bias (all below 3%), highest coverage
(84%-91%), and the narrowest or second-narrowest confi-
dence intervals. In fact, U-VAE ranks first in 46 out of 60
inferential validity scores (3 metrics x 4 mechanisms x 5
missing rates), as detailed in the Appendix.

Specifically, U-VAE shows the lowest bias in all settings
(e.g., 1.4% under MNARQ), clearly satisfying the 5% crite-
rion, while attaining the highest coverage across the board,
indicating reliable uncertainty quantification. The interval
widths of U-VAE are among the most compact, avoiding
overly conservative inference. In contrast, models such as
GAIN and MICE exhibit either inflated bias (up to 13.8%)
or low coverage (as low as 27%), undermining their infer-
ential reliability despite having narrow intervals. MIWAE,
while achieving acceptable bias and good coverage, suffers
from relatively wider intervals, which may lead to conserva-
tive conclusions.
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Figure 3: Sensitivity analysis for missingness rates. Imputation performance comparison of various imputation models under
different missing data mechanisms (MCAR, MAR, MNARL, MNARQ) and missingness rates (0.1, 0.3, 0.5, 0.7, 0.9) using Bias. |

denotes that lower is better.

dataset anuran default

model [w—wl1 d|lw—wlz L[w—w[i}[w-w[2{
Mean 354+ 006  270+.010 .283+.008 .166+.009
kNNI 404+ 012 3561020 3021011  .198+.016
MICE 675+ 027 1.2324 086 .785+.062 3.535+ 656
missForest 357+ 007 .268+ 010 .286+.009 167+ .009
GAIN 5214017 6584045 4264026 .549+ 071
VAEAC 3404019 2704026 .382+.025 -394+ 050
MIWAE 597+ 012 759+ 022 4394013 4384026
not-MIWAE .3604+ 007 270+ 010 308+ .009 190+ 010
MIRACLE  .641+.026 1.032+107s8 .5444 052 2.436+ 707
ReMasker .392iA010 ~327iA016 .308iA012 .215iA021
U-VAE .338:‘:,007 .244;‘:,011 -2701.008 .158:{:‘009

Table 4: Congeniality at 0.3 missingness rate under MAR.
The means and their standard errors across 5 random seeds
are reported. | denotes that lower is better. The best result is
red bolded, and the second best is blue underlined.

These results demonstrate that U-VAE not only produces
accurate point estimates but also enables valid and efficient
statistical inference, balancing low bias, proper coverage,
and a reasonable interval.

RQ3 As shown in Figure 3, U-VAE demonstrates strong
robustness across increasing missingness rates under all
mechanisms. Specifically, while other methods, such as not-
MIWAE, GAIN, and MICE, exhibit rapidly growing bias
as the missingness rate increases, U-VAE maintains consis-
tently low bias. This suggests that U-VAE effectively han-
dles high missingness levels without substantial degradation
in inference validity. The stable behavior of U-VAE, espe-
cially in Bias, highlights its reliability in uncertainty-aware
multiple imputation even under challenging scenarios. Addi-
tional results under various metrics used in this experiment
are provided in the Appendix.

Congeniality The congeniality of an imputation model
refers to its ability to preserve the relationship between fea-
tures and the target variable after imputation (Meng 1994;
Burgess et al. 2013; Deng et al. 2016; Yoon, Jordon, and
van der Schaar 2018). To evaluate this, we use two real-
world datasets, anuran and default. For each dataset,
we first estimate the logistic regression coefficients w from
the fully observed data. We then compute w by imputing the
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missing entries in an incomplete version of the dataset and
fitting the same model. To quantify the discrepancy between
w and w, we report (1) the mean L; distance |w — W||1,
which captures the overall deviation in coefficient values,
and (2) the mean squared L, distance ||w—w/||3, which mea-
sures the magnitude of distortion in parameter estimates.

As shown in Table 4, U-VAE outperforms all compet-
ing baselines by achieving the lowest values in both co-
efficient deviation metrics on both datasets. For instance,
on the anuran dataset, U-VAE yields 0.338 and 0.244 in
absolute and squared deviations, respectively, outperform-
ing all other baselines. Similarly, on the default dataset,
U-VAE reports the lowest deviations of 0.270 and 0.158.
These results highlight U-VAE’s superior ability to retain
the original feature-target relationship post-imputation, en-
suring high congeniality.

5 Conclusion and Limitations

In this paper, we introduce U-VAE, a novel imputation
framework, which is capable of parameterizing the con-
ditional likelihood of missing entries non-parametrically
learned. By leveraging the stochastic re-masking and un-
masking strategy, we circumvent the limitation that the con-
ditional distributions estimable from observed incomplete
datasets are inherently restricted. Moreover, we theoretically
justify that the discrepancy between the underlying condi-
tional distribution of the missing entries and our imputer
is upper-bounded, and empirically demonstrate that U-VAE
outperforms existing baselines in terms of fidelity, utility in
single imputation, and inferential validity in multiple impu-
tation. In particular, U-VAE achieves correct coverage rates
with low bias and narrow intervals, satisfying principled cri-
teria for multiple imputation.

However, our approach has several limitations. First, our
theoretical results are based on the unknown conditional dis-
tribution p*(x1_r | x,). While this provides a theoretical
guarantee, we acknowledge that the applicability of our re-
sults is limited in practice due to the inaccessibility of the
true conditional distribution. Second, we need to explore al-
ternative parameterizations that satisfy Assumption 1 while
allowing efficient computation of the CRPS reconstruction
loss. Lastly, if the posterior distribution—i.e., the parame-
ter p—does not satisfy Assumption 2, the validity of our
imputer cannot be guaranteed. For future work, we plan to
incorporate temporal dependencies into the imputation pro-
cess by extending U-VAE for time-series data.
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