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Abstract

Missing values in multivariate time series data can harm ma-
chine learning performance and introduce bias. These gaps
arise from sensor malfunctions, blackouts, and human er-
ror and are typically addressed by data imputation. Previous
work has tackled the imputation of missing data in random,
complete blackouts and forecasting scenarios. The current pa-
per addresses a more general missing pattern, which we call
“partial blackout,” where a subset of features is missing for
consecutive time steps. We introduce a two-stage imputation
process using self-attention and diffusion processes to model
feature and temporal correlations. Notably, our model effec-
tively handles missing data during training, enhancing adapt-
ability and ensuring reliable imputation and performance,
even with incomplete datasets. Our experiments on bench-
mark and two real-world time series datasets demonstrate that
our model outperforms the state-of-the-art in partial blackout
scenarios and shows better scalability.

1 Introduction

Multivariate time-series data is common in many fields like
finance, meteorology, agriculture, transportation, and health-
care. The data often has missing values due to human er-
ror, equipment failure, or bad data entry (Silva et al. 2012;
Yi et al. 2016). Most machine learning algorithms perform
poorly when data are incomplete. Poor imputations can de-
grade task quality and introduce bias, compromising in-
tegrity of the result (Shadbahr et al. 2022; Zhang et al. 2021).

There have been numerous studies of time series data im-
putation in both statistical learning and deep learning com-
munities. The statistical learning techniques include mean/-
median imputation, linear interpolation, K-nearest neigh-
bor imputation, and more advanced iterative regression-
based models, such as MICE (van Buuren and Groothuis-
Oudshoorn 2011). More recent deep neural network-based
models include autoregressive models, such as, GRU-D
(Che et al. 2016), BRITS (Cao et al. 2018); and self-
attention-based models, such as, SAITS (Du, Coté, and Liu
2023). Generative models have also been explored, includ-
ing GAN-based approaches (Luo et al. 2019, 2018; Liu et al.
2019; Miao et al. 2021) and VAE-based methods (Fortuin
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et al. 2020), which bring additional training-stability chal-
lenges.

In recent years, score-based diffusion models have gained
prominence in domains such as image generation (Ho, Jain,
and Abbeel 2020; Nichol and Dhariwal 2021; Song et al.
2020; Xiang et al. 2023) and audio synthesis (Kong et al.
2020; Chen et al. 2021), and have been applied to impu-
tation and forecasting in time series data. Two such meth-
ods, CSDI (Tashiro et al. 2021) and SSSD (Alcaraz and
Strodthoff 2022), in particular, provide good quality imputa-
tions by conditioning on observed values. Another diffusion
model, Time-Grad (Rasul et al. 2021), excels in forecast-
ing but can’t leverage future data for imputation. Bayesian
inference models like BGCF (Cui et al. 2019), (Vidotto,
Vermunt, and Van Deun 2018), and (Vidotto, Vermunt, and
Van Deun 2019) address mixed and longitudinal data. Other
methods include graph neural networks like GRIN (Cini,
Marisca, and Alippi 2021), which require high sensor homo-
geneity, and latent ODE networks with RNNs (Rubanova,
Chen, and Duvenaud 2019), which improve modeling of ir-
regularly sampled time series but demand more computa-
tional resources. Another approach (Park et al. 2022) em-
ploys hyper-parameter optimization for an MLP architecture
for long-term imputation, but faces challenges in accurately
estimating end-of-gap values.

A recurring theme in many of these works is the attention
to limited types of missingness. They mostly focus on ran-
domly missing data, missing a feature for a few consecutive
time steps (interpolation), and complete blackouts where all
features are missing for some time. In our study, we explore
a more general and common type of missingness we call
“partial blackout,” which covers situations where a variable
number of features become unavailable for some time.
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Figure 1: Partial blackouts. Multiple features are missing in
consecutive time steps as shown by the empty cells.



Importantly, this concept allows multiple distinct blocks
of missingness, each characterized by a set of absent fea-
tures for a number of steps as shown in Figure 1. The ran-
dom missing scenario can be expressed as a partial blackout
case where multiple single feature blocks are missing for
one time step. Similarly, the interpolation case can be ex-
pressed as a partial blackout with one feature missing for
a period of time. Scenarios such as complete blackout and
forecasting are just extreme cases of partial blackouts. Thus
the category of partial blackouts allows us to address a broad
spectrum of missingness patterns in real-world datasets.

In the current work, we tackle the challenge of partial
blackout problem in time series imputation. We introduce
the Self-Attention Diffusion Model for Time Series Imputa-
tion (SADI) as a novel generative model for diffusion-based
imputation. The core components of our model are the ex-
plicit modeling of feature dependencies across time in the
form of a Feature Dependency Encoder and the modeling of
temporal correlations across features in the form of Gated
Temporal Attention blocks. We also deploy a two-stage im-
putation process where the imputed data from the initial
stage is further refined and impacts the imputation of other
data in the second stage. The model combines the results of
the two stages in a weighted combination where the weights
are learned from the data. Our model is designed to operate
without the assumption of complete data during the training
process. Importantly, our training approach is able to learn
from data with missing values by utilizing a masking strat-
egy that allows it to track the data that is originally missing.
In summary, our contributions are threefold.

1. Exploring partial blackout scenarios: We introduce a
new archetype of missing patterns called partial black-
out, a more generalized concept encompassing the lim-
ited cases of missingness investigated in previous stud-
ies.

Explicit modeling of feature and temporal correla-
tions and two-stage imputation: We introduce a novel
diffusion-based imputation model, SADI, which captures
feature and time dependencies with explicit components
within the denoising function. The model includes a two-
stage imputation process, where the second stage refines
the first stage imputations, improving the overall quality.

. Empirical study: We evaluate our model in several real-
world time series domains with randomly missing train-
ing data and show that it outperforms and scales better
than the other state-of-the-art models under partial black-
out scenarios. It improves further by fine tuning with par-
tial blackout training mixed with randomly missing data.

2 Diffusion Models for Imputation

Diffusion-based probabilistic models have two processes:
forward and reverse. The forward process adds noise to the
original data incrementally until it becomes pure noise. The
reverse process then removes the noise step-by-step, starting
from pure noise and reconstructing the original data distri-
bution over the same number of iterations (Sohl-Dickstein
et al. 2015; Ho, Jain, and Abbeel 2020).
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A diffusion model involves approximating a data distri-
bution ¢(X,) by learning a model distribution py(Xj). Let
X, fort = {1,...,T} be the latent variables representing
the noisy data at diffusion step ¢. These belong to the same
sample space as the original data, X. The forward diffusion
process, which is a Markov chain is defined by

T
q(X1.7|X0) = Hq (Xe| Xi-1)

t=1
q(Xe|Xi—1) = N(V1 = BiXi—1, Be]) )

Here, (; represents the variance of the noise applied at each
diffusion step ¢ of the forward process. Furthermore, X; has

a closed form X; = /o Xo + /(1 — &+)e, where oy
1—B, ap = szl a;, and € ~ N(0,I). The reverse process
is also a Markov chain that denoises X, to get X;_; using a
denoising function €y. After T" such iterations, we regenerate
Xo. The reverse process is defined by:

T

po(Xo.r) = p(X1) Hpe(Xt—ﬂXt)’ where X7 ~ N (0,T)
t=1

Po(Xi—1|Xy) = N(po(Xy,t), 09(Xy, t)I) 2)

Here, pg(X;—1]|X}) is a learnable function. Following (Ho,
Jain, and Abbeel 2020), we have:

1 B
(x-S ep(X,t 3
7 (3 men) o
where oy(X¢,t) is kept constant for each diffusion step ¢.
In Eq. 3, the € denoising function is trainable. Using the
parameterization of pg(X;,t) in Eq. 3, the reverse process

can be trained by optimizing the following objective (Ho,
Jain, and Abbeel 2020):

L= HleinEXNq(Xg),eNN(O,I),tHG — €o(X1,1)|13

/JJQ(XT‘/’ t) =

“4)

The denoising function €y takes the noisy data at step t, X,
and the diffusion step ¢ as inputs and estimates the added
noise € introduced to the noisy input X;_; to get X; in the
forward diffusion step. Once the training is completed, we
can sample X by following Eqs. 2 and 3.

Diffusion modeling is applied to the imputation problem
by making the reverse process conditioned on the observed
values for the posterior estimation. Given a sample X, we
condition on the observed values, X§° and generate the im-
putation targets, X*. We extend Egs. 2 and 3 to account for
the conditional input X§°. We now have,

Po( Xy | X7, XG%) = N (1o (X3, X5, 1),

5
o0 (X1, X5, 0)1) ®
1 B
Xta7Xco7t — Xta _
MG( t 0 ) \/a( t m (6)

69(X15m7 X5, ))
where, X!“ is the noisy data at step ¢, and og(X}*, X§°,t)
remains the same as in the unconditional case. Importantly,
we aim for a model where the sets of observed and unob-
served variables can change from instance to instance during
training and testing.
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Figure 2: Architectures of SADI and CSDI models. CSDI
uses consecutive transformers to capture feature and tempo-
ral dependencies, partitioning features into K instances and
time steps into L instances. In contrast, SADI models fea-
ture and time dependencies jointly.

3 Self-Attention Diffusion Model for
Time-series Imputation

We consider multivariate time-series data, represented as
Xo = {z1.01.x} € RE*E, where L is the time-series
length, K is the number of features, and the subscript 0
indicates the diffusion step. The data follows the joint dis-
tribution P(Xy), where a part, X§°, is observed, and the
rest, X%, missing. The imputation problem is to gener-
ate the missing data according to P(X{*|X§°). To indicate
which parts of the input are observed, we use a binary mask
Mg° = {mi.p1.x} € {0,1}%K, where 1 indicates that
the data is observed. By convention any unobserved/missing
values in X are set to zero. The training data consists of
samples from P with some values possibly missing.

Similarly to the CSDI model (Tashiro et al. 2021),
our model SADI leverages the conditional diffusion pro-
cess framework from (Ho, Jain, and Abbeel 2020) for
time series imputation, modeling the denoising function
€o(X}*, X§°,t) as in Eq.6. While CSDI (Figure2b) uses
separate transformers for feature and time correlations, iso-
lating each time step and segmenting features, SADI (Fig-
ure 2a) employs a Feature Dependency Encoder (FDE) and
a Gated Temporal Attention (GTA) block, inspired by the
SAITS model (Du, Co6té, and Liu 2023), to jointly capture
feature and time correlations.

The FDE uses a 1-D convolution and self-attention to
model time-aware feature correlations, while the GTA fo-
cuses on temporal dependencies. Our two-stage imputation
process, inspired by the DMSA blocks in SAITS, combines
intermediary imputations using attention maps and missing-
ness information. Unlike CSDI’s back-to-back transform-
ers applied on the multiple channels separating the time
and feature dimensions, SADI uses a single-channel ar-

chitecture with explicit self-attention components. Notably,
SADI’s FDE is time-aware in modeling feature dependen-
cies, whereas CSDI treats each time step as i.i.d.

The diffusion denoising function predicts the noise added
by the forward process, which, as shown in Eq.6, is equiv-
alent to predicting imputation. Thus, our discussion focuses
on imputation prediction, though it relies on noise predic-
tion.

Learning Feature Dependencies

In scenarios with partial blackouts, some features may be
present at a given time step while others are missing. The
FDE captures these relationships, enabling SADI to make
accurate imputations. The FDE computes a new represen-
tation that captures joint time-series level relationships be-
tween features using self-attention, layer normalization, and
a feed-forward network, focusing on the feature dimension
to capture correlations.

Intutively, the FDE in our model uses a 1-D dilated con-
volution with a kernel size of (1 x 3) to extract locality in-
formation, iteratively updating the current time step. In each
FDE layer, we increase the dilation by 1, expanding the re-
ceptive field to capture longer locality information, allow-
ing both short and long-range patterns to be extracted. We
then apply attention to capture joint time-series level fea-
ture correlations. By focusing attention on the feature di-
mension after the convolution, we effectively capture depen-
dencies between different features based on time-series rela-
tionships. This combination of dilated convolutions and at-
tention enables the FDE to extract local patterns while cap-
turing global dependencies, allowing it to model complex
interdependencies in time-series data more effectively.

The FDE takes X as input, which we get from the noisy
data, X/ and the observed data, X§° as input after apply-
ing the missing mask, M §° and a categorical positional en-
coding to it. The number of FDE layers is controlled by the
hyperparameter Nppg.

FDE,(X) = self_attn(convl x 3(X™, dilation = n)T)

o )

- FDE,(X) ifn=1
FDE,(X) ifl<n< Nppg

Learning Temporal Dependencies

To handle missing data in a partial blackout scenario, our
model captures relationships between different time steps
across all features using a gated temporal attention (GTA)
block. This allows us to make accurate predictions even in
scenarios with significant data gaps.

The gated temporal attention (GTA) block resembles the
residual block architecture within DiffWave (Kong et al.
2020) and WaveNet (Oord et al. 2016) models. Both Dif-
fWave and WaveNet are successful architectures for mod-
eling sequential data, particularly for time-series and audio
processing. Their residual block structures allow for effi-
cient learning by ensuring that information flows through
the network without vanishing gradients. While DiffWave
and WaveNet use dilated convolutions to model long-range



dependencies, we replace these with self-attention layers, in-
troducing flexibility and adaptivity to capture non-local rela-
tionships, which is particularly useful for missing data sce-
narios. We also introduce positional encoding in the time
dimension to signify it as a sequence for the self-attention
mechanism. There is a Gated Linear Unit (GLU) activation
applied to the outputs of the last self-attention layer, hence
the name gated temporal attention.

The GTA comprises multiple layers, controlled by the hy-
perparameter Ngra, and takes Xposl and X;gs as inputs,
which we get after applying the missing mask M §° and posi-
tional encoding to X (the output from FDE layers) and X§°
(observed data) respectively. GTA also takes the diffusion
step embedding t.np as input. We use the positional encod-
ing method from (Vaswani et al. 2017). The GTA consists of
two blocks, denoted as GTA"() (: = {1,2}), which output
a hidden state (X)), attention weights (W1,), and a skip con-
nection (e),) for the n-th layer. The skip connections from all
Ngra layers are aggregated to produce the imputation ;.

X WL 6/ = GTA% ():(vaz' ) X;gw tE’!nb) ifn=1
7 o GTA;(X, ch)gsa temb) otherwise
®

Nara 1
€1 = linear (Z":/li E") )

Two-stage Imputation Process

After processing the data through multiple FDE and GTA
layers to address feature and temporal dependencies, we in-
troduce a second-stage GTA block to refine the predictions.
This block specifically learns the temporal correlations re-
vealed by the imputed values from the first stage. To pre-
serve the original data’s characteristics and enhance imputa-
tion quality, we reintroduce the original noisy data into the
process. This reintroduction acts as a grounding mechanism,
ensuring that the second-stage GTA block leverages both the
transformed data and the raw input to produce more accurate
and robust imputation results. Following the second GTA
block, we obtain two interim imputation results: €; , derived
from the first GTA block, and , €5 refined by the second GTA
block.

In practice, we observed that the second-stage imputa-
tion can sometimes degrade the model’s accuracy. To ad-
dress this, we introduce a weighted combination mechanism
that learns the contribution of each interim imputation to the
final result, thereby improving overall performance. Specif-
ically, we combine the two interim outputs, ¢; and €5, to ob-
tain the final imputation denoted as €y as depicted in Eq. 11,
where © is the element-wise product. The weighting coeffi-
cients, T, are acquired by applying missingness mask M
to Wi (L, L) and a feed-forward network to project them to
proper dimensions (L, K) as shown in Eq. 10.

Wi, = sigmoid(linear(concat(Wr, M§°))) (10)

co=1-WL)0ea+W,0e (11)

Algorithm 1: Training of our diffusion model

Input: Distribution of training data Xo ~ ¢(Xp), the

number of iteration/epochs E, the list of noise levels

(dl, e ,@T)

Output: Denoising function €g

1: for: =0to E do

2. t~Uniform({1,...,T})

3:  Separate X into conditional observations X§° and
imputation targets X}®

4:  Noise € = N(0,I) with the same dimension as X

5:  One step calculation to noisy targets at step t, X/* =
VarXge /T~ are

6:  denoising prediction, €1, €2, €9 = €g (X[, X5, 1)

7:  Optimize the loss function for €y, €1, and €5 according
to Eq. (4) and (12).

8: end for

Training and Sampling/Inference

We adopt the training methodology outlined in (Ho, Jain,
and Abbeel 2020). This approach, illustrated in Algorithm 1,
involves the uniform sampling of a diffusion step ¢ &
{1,2,...,T} during each training iteration in Step 2. Next,
in Step 3, we generate artificially missing data as the target
for imputation using two different methods.

1. Randomly missing (RM): In this approach, a percent-
age of data is randomly missed during each epoch. In
particular, we uniformly sample a time step ¢, and some
feature f where data is present and remove it. We re-
peat this process until a desired percentage of the data is
masked, creating a controlled missing scenario for train-
ing the imputation model.

2. Mixed partial blackout (MPB): This strategy begins by
training the model using the random missing (RM) ap-
proach, allowing it to converge to a favorable local mini-
mum. Once the model has achieved a good initial state, it
is then fine-tuned by randomly introducing either partial
blackout scenarios or random missing scenarios in each
training iteration. We introduce blocks of missing data by
following these steps:

* First, we randomly choose the number of features

to remove, sampling from a uniform distribution
. N features
Uni form(1, =Leogrres),

e Next, we determine the number of consecutive
time steps (or days) to remove, sampling from
Uniform(1, "tgne).

e We then uniformly sample which features to remove
and randomly choose the starting time step for each
missing block.

By alternating between random missing and partial

blackout scenarios in each epoch, the MPB method en-

sures that the model encounters a diverse range of miss-

ing patterns during training, enhancing its robustness

across varied real-world missingness scenarios.

In Step 5 of Algorithm 1 we employ the closed form of
the forward process to progress to any time step t of diffu-
sion. Our denoising function, eg(X}*, X§°,t), is designed



Algorithm 2: Sampling process

Input: Data sample X, missingness mask 1 j°, total num-
ber of diffusion steps 7', trained denoising function €g
Output Imputed missing values X5

1: X§° = observed values of X

20 Xewrr = X4 ~ N(0,1) (same dimensions as Xy)

3: fort =T to1ldo

4: €p = EO(Xcur'm X(()ma Mgo)

5: Ho = \/%(Xcurr - \/%60)

6: o9 = 11757(;1 Bt [Taken from (Ho, Jain, and Abbeel
2020)]

7: if t = 0 then

8: Xcurr = N(M@a I)

9: else

10: Xewrr = N(N@v 091)

11:  endif

12: end for

13: X" = Xewrr
14: Xog = X§° x M§° + X x (1 — M§°)

to predict the noise component e that must be removed from
X} during the reverse process in Step 6. To optimize our
model, we minimize the denoising loss function, Eq. 12,
which combines €7, €5, and €g.

(12)

In Eq. 12, N is the number of imputation targets and M{“
is the target mask where 1 indicates the targets for imputa-
tion task and O represents observed values and original miss-
ing data (without ground truth).

During the inference phase shown in Algorithm 2, we
generate imputed data for locations with missing values us-
ing a reverse diffusion process. This procedure is iterative,
starting with pure Gaussian noise X** ~ A(0,I) at loca-
tions containing missing values. At each diffusion step ¢,
we progressively remove some noise to produce the sam-
ple X}¢,. To determine the noise to eliminate at diffusion
step ¢, we utilize our proposed denoising function in Step 4.
We first calculate the mean i of X}®, by removing the pre-
dicted noise €y from X/ in Step 5. The variance oy is calcu-
lated in Step 6 following the formulation from (Ho, Jain, and
Abbeel 2020). Step 7 to 10 show the formulation of X%,
from the mean py and the variance oy. Finally, we gener-
ate the output sample with predicted imputations in Step 14.
We generate 50 such samples and use their mean as the final
imputation.

ta
0

2N

(lle = ell5 + lle — eall3)
2

loss =

(|e coll2 +

4 Experiments
Time-series Datasets

The first dataset is a grape cultivar cold hardiness dataset
from AgAID, which measures grape plant characteristics
such as its resistance to cold weather along with a number
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of environmental factors at regular intervals!. This dataset
has 34.41% missing data. It covers dormant seasons from
September 7 to May 15 with 21 features and 252 time steps.
It spans 34 seasons (1988 to 2022), with the last 2 seasons
set aside for testing.

Air Quality is a popular dataset considered in (Yi et al.
2016) among others. In accordance with prior research
(Song et al. 2020; Cao et al. 2018; Tashiro et al. 2021), we
utilize hourly PM2.5 measurements from 36 stations (fea-
tures) located in Beijing, covering a period of 12 months. We
aggregate these measurements into time series, each consist-
ing of 36 consecutive time steps. This dataset exhibits an
approximate 13% rate of missing values.

Another widely known dataset is the Electricity Load
Diagram from the public UCI machine learning repository
(Dua and Graff 2017). It comprises electricity consumption
data, measured in kilowatt-hours (kWh), gathered from 370
clients, treated as 370 features, at 15-minute intervals for
100 time steps. This dataset has no original missing data.
There are 48 months worth of data. We designate the first 10
months of data as the test set, the subsequent 10 months as
the validation set, and the remaining data as the training set,
the same as (Du, Co6té, and Liu 2023).

The last dataset examined in this study consists of temper-
ature data sourced from the Northwest Alliance for Com-
putational Science & Engineering (NACSE) PRISM cli-
mate data®. It has the maximum and minimum temperatures
recorded daily in 176 weather stations, which makes up a to-
tal of 352 features. The time-series spans a year, specifically
366 days. The dataset contains data for a total of 11 years
and has 23.72% originally missing data. For our experimen-
tal setup, we reserve the last 2 years for testing.

Experimental Setup

We evaluate the performance of SADI against several bench-
mark models: CSDI (Tashiro et al. 2021) (a conditional
diffusion-based model), BRITS (Cao et al. 2018) (a bidi-
rectional RNN-based autoregressive model), SAITS (Du,
Coté, and Liu 2023) (a self-attention-based model), and
MICE (van Buuren and Groothuis-Oudshoorn 2011) (an it-
erative linear regression-based model). The comparison is
conducted on datasets under a partial blackout scenario. Ad-
ditionally, we compare the two training strategies of our
model, denoted as SADI-RM and SADI-MPB, as shown in
Table 1.

We train the models once and test them 20 times on the
test set in different missingness settings (different ground
truths) under partial blackout. For each test trial, we uni-
formly select which features are missing and select two
blocks to be missing for 10 (in the case of the Air Qual-
ity dataset) or 30 (in the case of other datasets) consecutive
time steps. For CSDI and SADI, we generated 50 predicted
samples to approximate the probability distribution of the
missing data. We used the mean for SADI and the median
for CSDI (as proposed in their paper) for the final prediction.

Uhttps://shorturl.at/zk0Ia
*https://shorturl.at/Aor04
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9.00e-01 £ 3.94e-02

5.70e-01 £ 8.32¢-02

1.27e-01 £ 1.91e-02

1.17e-01 & 1.90e-02

8.87e-01 £ 2.52e-02

5.86e-01 £ 4.77e-02

1.34e-01 + 4.78e-02

1.25e-01 + 3.47e-02

9.38e-01 £ 1.69e-02

5.61e-01 £ 3.53e-02

1.24e-01 £ 6.60e-03

1.14e-01 & 5.54¢-03

9.36e-01 £ 2.39¢e-02

4.39e-01 £ 2.09e-02

1.34e-01 £ 7.20e-03

1.02e-01 + 7.10e-03

9.11e-03 £ 5.60e-03

1.31e-02 + 1.87¢-03

3.29¢-03 & 1.31e-03

2.81e-03 £ 6.11e-04

1.09e-02 £ 2.77e-03

1.50e-02 £ 1.56e-03

5.93e-03 £ 2.53e-03

4.88e-03 + 8.94e-04

1.00e-02 + 1.32¢-03

1.49e-02 + 8.85e-04

5.35e-03 £ 1.04e-03

4.80e-03 + 7.55¢-04

# of
Datasets | Missing MICE BRITS
Features

1 5.00e-03 £ 2.80e-03 | 8.71e-03 £ 4.80e-03
3 1.56e-02 £ 7.20e-03 | 1.35e-02 £ 6.81e-03
AgAID 5 2.05e-02 £ 6.53e-03 | 1.37e-02 £ 6.42e-03
7 2.52e-02 £ 5.12e-03 | 1.50e-02 £ 3.13e-03
9 4.59e-02 £ 1.26e-02 | 2.56e-02 & 1.00e-02
11 5.82e-02 £ 1.59e-02 | 3.35e-02 £ 1.13e-02
1 2.80e-02 £ 1.00e-02 | 2.81e-02 & 1.01e-02
3 2.07e-02 £ 1.83e-02 | 2.00e-02 £ 1.88e-02
Air 5 1.66e-02 £ 7.22e-03 | 1.74e-02 £ 7.30e-03
Quality 7 2.23e-02 £ 1.27e-02 | 2.20e-02 £ 1.27e-02
9 2.14e-02 £ 1.60e-02 | 2.03e-02 £ 1.51e-02
11 1.97e-02 £ 6.61e-03 | 1.92e-02 £ 6.20e-03
1 5.46e-01 £ 1.23e-01 | 8.74e-01 £ 4.09e-01
10 5.99e-01 + 3.03e-02 | 1.03e-00 + 4.74e-02
Electricity 15 5.79e-01 £ 1.99e-02 | 9.39e-01 £ 7.70e-02
20 5.75e-01 £ 1.99¢e-02 | 9.23e-01 £ 4.29¢-02
30 6.02e-01 £ 1.00e-02 | 9.97e-01 £ 1.34e-02
100 6.91e-01 £ 2.89¢-02 | 1.00e-00 £ 2.02e-02
2 4.41e-03 £ 1.10e-03 | 7.12e-03 £ 3.02e-03
10 5.13e-03 £ 8.00e-04 | 8.20e-03 £ 2.11e-03
NACSE 50 7.01e-03 £ 9.00e-04 | 8.33e-03 £ 9.01e-04
90 1.16e-02 £ 8.23e-04 | 1.17e-02 £ 1.00e-03
100 1.17e-02 £ 1.22e-03 | 1.17e-02 £ 1.30e-03

1.09e-02 £ 1.01e-03

1.58e-02 £ 6.23e-04

6.33e-03 £ 1.07e-03

5.29e-03 + 6.39¢-04

1.06e-02 + 1.10e-03

1.43e-02 £+ 6.72e-04

6.08e-03 £ 9.33e-04

5.08e-03 + 4.88e-04

Table 1: MSE (with 95% confidence interval) is calculated by averaging 20 inference trials (Ilength of missing time period = 10
(Air Quality) and 30 (for the rest)).

Data | MF CSDI SADI-RM SADI-MPB
1 7.26e-03 & 2.08e-03 | 1.79e-03 & 6.40e-04 | 1.09e-03 + 5.23e-04
3 | 8.25e-03 £ 1.15e-03 | 2.86e-03 + 4.56e-04 | 2.93e-04 £ 3.36e-04
AG 5 | 8.47e-03 + 1.12e-03 | 2.91e-03 £ 5.46e-04 | 3.27e-04 £ 3.22¢-04
7 1 9.49e-04 £ 1.08e-04 | 3.46e-03 £ 6.82¢-04 | 5.36e-04 £ 4.06e-04
9 ] 9.74e-03 £ 1.04e-03 | 3.90e-03 £ 8,03¢-04 | 5.96e-04 £ 5.71e-04
IT | 1.13e-02 £ 1.06e-03 | 5.15e-03 £ 1.06e-03 | 1.25e-03 £ 6.73e-04
1 5.61e-03 & 7.60e-04 | 3.70e-03 & 1.19e-03 | 3.27e-03 + 1.69e-03
3 | 8.47e-03 £ 4.50e-03 | 5.50e-03 £ 2.91e-03 | 4.20e-03 £ 3.48¢-03
AQ 5 ] 6.92e-03 £ 1.04e-03 | 3.58e-03 £ 4.56e-04 | 1.09¢-03 £ 2.31e-04
7 | 8.30e-03 &+ 9.18e-04 | 5.14e-03 & 1.53e-03 | 4.74e-03 £ 7.77e-03
9 | 7.48e-03 £ 1.88e-03 | 4.57e-03 £ 1.12e-03 | 2.89¢-03 £ 1.84¢-03
IT | 8.31e-03 £ 1.35¢-03 | 4.82e-03 £ 1.33e-03 | 3.04e-03 £ 1.17e-03
1 | 7.40e-01 4 9.03e-03 | 1.55e-01 & 1.29¢-02 | 5.31e-02 + 1.22¢-02
10 | 7.26e-01 £ 2.26e-03 | 1.64e-01 £ 4.63e-03 | 5.32e-02 £ 1.38e-03
EL 15 | 7.36e-01 £ 3.64e-03 | 1.62e-01 £ 5.14e-03 | 5.10e-02 £ 2.28e-03
20 | 7.46e-01 £ 3.14e-03 | 1.63e-01 £ 3.20e-03 | 5.30e-02 £ 2.51e-03
30 | 7.72e-01 £ 3.10e-03 | 1.63e-01 + 1.46e-03 | 5.21e-02 + 2.20e-03
100 | 7.94e-01 £ 4.22e-03 | 1.70e-01 &+ 2.17e-03 | 5.78e-02 £ 5.79¢-03
2 | 2.11e-02 £2.71e-03 | 1.04e-02 £ 9.65¢-04 | 3.29¢-03 £ 1.34e-03
10 | 2.12e-02 £ 2.74e-03 | 1.21e-02 £ 1.38e-03 | 5.93e-03 £ 1.31e-03
NE 50 | 2.20e-02 £ 1.10e-03 | 1.27e-02 £ 8.23e-04 | 5.35e-03 + 7.15e-04
90 | 2.20e-02 £ 1.67e-03 | 1.28e-02 & 8.93e-04 | 6.33e-03 + 7.91e-04
100 | 1.98e-02 & 1.29e-03 | 1.20e-02 & 8.74e-04 | 6.08e-03 + 9.01e-04

Table 2: Abbreviations: Data = Datasets, AG = AgAID,
AQ = Air Quality, EL = Electricity, NE = NACSE, and
MF = Number of missing features. CRPS (with 95% confi-
dence interval) is calculated by averaging 20 inference trials
(length of missing time period = 10 (Air Quality) and 30 (for
the rest)).

The other three models make point predictions for imputa-
tion.

To assess the performance of SADI, we rely on two key
metrics - the mean squared error (MSE) and the Continu-
ous Ranked Probability Score (CRPS) (Matheson and Win-
kler 1976) - with 95% confidence intervals. CRPS is a sta-
tistical metric used to measure the accuracy of probabilistic

forecasts. This metric measures the difference between the
cumulative distribution function (CDF) of the predicted val-
ues and the pointwise ground truth values. It is calculated as
the integral of the squared differences between the predicted
CDF and the actual values. If, say, F'is a function that pre-
dicts a distribution and the ground truth is y, then the CRPS
formulation is given in Eq. 13. A lower CRPS value indi-
cates a more accurate prediction. Since CRPS is a measure
of performance for generative models, we use this metric
only for CSDI and SADI.

CRPS(Fy) = [ (F) = Lis,dx (13)

Tables 1 and 2 show the MSE and CRPS results with 95%
confidence intervals for the four real-world datasets. Here,
we can observe that SADI outperforms the other models in
MSE and CRPS in partial blackout scenarios. Among the
two variants of training methods, the mixed partial blackouts
approach (SADI-MPB) shows superior performance com-
pared to the model trained solely with random missing sce-
narios (SADI-RM). This highlights the effectiveness of the
mixed training strategy in enhancing the model’s robustness
to more challenging data gaps. In these experiments, we
have observed that CSDI (code taken from one of the au-
thor’s GitHub repository?) requires a huge amount of GPU
memory when dealing with high dimensional data such as
- Electricity and NACSE datasets. For these two datasets,
we had to reduce the number of channels to 8 because of
our GPU constraints, which may have had some negative
effect on its performance shown in Tables 1 and 2. Some
synthetic data experiments have been reported in the sup-
plementary materials. These experiments revealed that our

*https://github.com/ermongroup/CSDI



MSE =+ 95% CI

No FDE

No 2nd block

No wt. comb.

1.43e-03 £ 9.00e-04

1.12e-03 £ 3.10e-04

7.81e-04 £ 5.62e-04

1.77e-03 £ 1.72e-03

1.53e-03 £ 3.70e-04

5.41e-03 £ 9.40e-03

1.64¢-03 + 8.00e-04

2.10e-03 £ 4.30e-04

6.75e-03 £ 3.87e-03

3.74e-02 £ 2.04e-02

4.10e-02 £ 2.58e-02

3.95e-02 £ 1.61e-02

7.81e-02 £ 1.49e-02

7.79e-02 £ 2.34e-02

6.48e-02 £ 1.81e-02

8.60e-02 £ 1.21e-02

7.49e-02 £ 1.78e-02

6.36e-02 £ 9.12e-03

3.42e-03 £ 1.50e-03

4.18e-03 & 2.78e-03

2.21e-03 £ 1.14e-03

4.76e-03 £ 3.82e-03

2.48e-03 £ 8.91e-04

1.15e-03 £ 9.00e-04

3.51e-03 £ 9.50e-04

2.35e-03 £ 2.10e-04

3.88e-03 £ 2.41e-03

9.58e+00 + 3.88e-01

7.09e-01 £ 6.06e-02

2.10e+00 =+ 1.49e-01

9.15e+00 + 2.25e-01

7.37e-01 & 4.32e-02

2.15e+00 £ 9.94e-02

# of Missing

Datasets Features SADI
3 2.93e-04 £ 1.04e-04
AgAID 7 5.36e-04 £ 3.29¢-04
11 1.25e-03 £ 6.06e-04
10 4.88e-03 £ 6.11e-04
NACSE 50 4.80e-03 £ 7.50e-04
100 5.08e-03 £ 4.80e-04
5 1.07e-03 + 4.10e-04
Air Quality 9 1.04e-03 £ 2.20e-04
11 9.80e-04 £ 5.11e-04
10 1.07e-01 + 1.18e-02
Electricity 30 1.14e-01 + 5.54e-03
100 1.02e-01 + 7.10e-03

8.10e+00 £ 4.78e-02

7.79e-01 & 4.54¢-03

2.06e+00 £ 5.85e-04

Table 3: Ablation Study of the three core components of SADI: MSE (with 95% confidence interval) is calculated by averaging

across three training runs each running 20 inference trials.

model outperformed other models across all datasets ex-
cept one, which lacked interdependency among the features.
This observation suggests that our model excels in scenarios
where there is significant interdependency among the fea-
tures.

Ablation Study

Our model, SADI, has three core features: (1) the FDE (fea-
ture dependency encoder) block that models feature inter-
correlations, (2) the two-stage imputation process, and (3)
the weighted combination of the two intermediate imputa-
tions. Now, we will do an ablation study to show the impact
of these three design decisions.

* SADI: The SADI model with all of its components.
* No FDE: SADI model without the FDE component.

* No 2nd block: SADI model after removing the sec-
ond stage of imputation. Instead of having two separate
N1 4 layers for each block, we now have a single block
with 2 X Ngr 4 layers. It takes the first stage’s output as
the final imputation.

¢ No wt. comb.: SADI model without the weighted combi-
nation of two blocks. It takes the prediction of the second
stage as the final imputation.

Table 3 shows the ablation results for all three design
choices on the four datasets. For every model, the training
is done 3 times, and each time, there were 20 inference runs
with different missing scenarios. Table 3 reports the MSE
with 95% confidence interval averaging across all training
and inference runs. We observe that with all of its compo-
nents, SADI outperforms the versions that lack at least one
of the core components in all datasets. We can see that the
FDE component is particularly important for the NACSE
and Electricity datasets because the no FDE model performs
a lot worse than SADI compared to the other two ablation
models. It means that these two datasets have high correla-
tion among the features.

5 Discussion and Conclusion

In this paper, we addressed the multivariate time-series im-
putation, which is a critical problem in many domains.
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While previous research has made significant strides in this
area, much of it has focused on limited missing data scenar-
ios, leaving a gap in addressing more realistic and complex
patterns of missingness. To close this gap, we introduced a
more general pattern of missingness called partial black-
outs that includes a wide variety of missing data patterns
found in the real world.

A common drawback in many existing methods is the
lack of explicit modeling of feature dependencies at the
time-series level, leading to suboptimal imputation quality.
Among state-of-the-art models, only CSDI addresses this is-
sue. Our proposed SADI explicitly captures both feature and
temporal correlations, offering robust imputation across di-
verse features. Its two-step process improves quality by con-
sidering the influence of initial imputations, though the sec-
ond stage may not always outperform the first. To address
this, we introduced a learnable dynamic weighting mecha-
nism, which ablation studies show is critical to our method’s
success.

In Section 4, we demonstrated that SADI outperforms
state-of-the-art models in both MSE and CRPS metrics.
Among its variants, the mixed partial blackout training ver-
sion, SADI-MPB, proved most effective. This approach ini-
tializes SADI to a strong baseline and fine-tunes it for partial
blackout scenarios, enhancing robustness and performance
in handling significant data gaps, solidifying SADI as a lead-
ing time-series imputation method.

Moreover, SADI requires less GPU memory than CSDI
for training and inference, making it suitable for diverse ap-
plications. While running CSDI on large datasets like Elec-
tricity and NACSE required reducing the number of chan-
nels due to memory constraints, SADI handled the same ca-
pacity without such adjustments.

In summary, this paper introduces the “partial blackout”
framework for multivariate time-series imputation, offering
a realistic evaluation of models. SADI provides a robust,
scalable solution, advancing the state of the art with high-
quality imputations that capture complex feature and tem-
poral dependencies.
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