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ABSTRACT

Effective imputation is a crucial preprocessing step for time series analysis. Despite the
development of numerous deep learning algorithms for time series imputation, the commu-
nity lacks standardized and comprehensive benchmark platforms to effectively evaluate
imputation performance across different settings. Moreover, although many deep learning
forecasting algorithms have demonstrated excellent performance, whether their modelling
achievements can be transferred to time series imputation tasks remains unexplored. To
bridge these gaps, we develop TSI-Bench, the first (to our knowledge) comprehensive bench-
mark suite for time series imputation utilizing deep learning techniques. The TSI-Bench
pipeline standardizes experimental settings to enable fair evaluation of imputation algo-
rithms and identification of meaningful insights into the influence of domain-appropriate
missing rates and patterns on model performance. Furthermore, TSI-Bench innovatively
provides a systematic paradigm to tailor time series forecasting algorithms for imputation
purposes. Our extensive study across 34,804 experiments, 28 algorithms, and 8 datasets
with diverse missingness scenarios demonstrates TSI-Bench’s effectiveness in diverse down-
stream tasks and potential to unlock future directions in time series imputation research
and analysis. All source code and experiment logs are released.

1 INTRODUCTION
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analysis and model construction.

The current research landscape in time series imputation is marked by inconsistencies, knowledge gaps,
and wide performance disparities reported in literature reviews (Fang & Wang|, 2020; Wang et al.| [2024)).
These variations arise from differences in data characteristics and dimensionalities, domain-specific missing
patterns, and task-specific requirements. They are further amplified by the heterogeneity of implementation,
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Table 1: A comparison of TSI-Bench and other well-known time series imputation toolkits GluonTS (Alexan{
drov et al.||2020), Sktime (Loning et al., 2019)), imputeTS (Moritz & Bartz-Beielstein), mice (Van Buuren &
Groothuis-Oudshoornl 201 1)), Impyute (Law, |[2017)), and ImputeBench (Khayati et al., [2020).

TSI-Bench (ours) GluonTS Sktime imputeTS mice Impyute ImputeBench

Naive Approaches? v v v v 4 4 X
Machine Learning Approaches? v X 4 X 4 X v
Hyperparameter Optimization? v X X X X X v
Missing Pattern Simulations? v X X X X X v
Programming Language Python Python  Python R R Python C++
Number of Integrated Datasets 172 0 19 6 20 1 10
Number of Integrated Algorithms 39 6 10 10 1 2 19

experiment designs, and evaluation settings. This complicates model and study comparisons, significantly
influencing algorithm performance, but remains deeply under-explored (Qian et al., 2024).

To bridge existing gaps, we designed the first (to the best of our knowledge) comprehensive time series
imputation benchmark, named TSI-Bench. TSI-Bench is built on top of an in-house developed imputation
suite, which includes 28 high-performing time series imputation and forecasting algorithms. It enables
efficient and fair evaluation of newly proposed methods against existing baselines through a standardized
ecosystem. This ecosystem provides a comprehensive set of data preprocessing tools, missingness simulation
techniques, and performance evaluation methods. Researchers can use these resources to tailor the imputation
task to suit the specific needs of their datasets, application domains, and downstream tasks. Notably, because
forecasting is intertwined with imputation, TSI-Bench also incorporates a systematic paradigm to leverage
time series forecasting models for imputation purposes. A comparison of TSI-Bench with prior works is
presented in Table|[T]

The primary contributions of TSI-Bench are as follows.

¢ The first comprehensive benchmark for evaluating time series imputation, which includes 28 ready-to-
use algorithms spanning both imputation-based and forecasting-based approaches. The benchmark utilizes
eight datasets across four diverse domains (air quality, traffic, electricity, and healthcare) with various
dimensionalities, missing patterns, and data types.

* TSI-Bench offers both research- and application-driven benchmarking perspectives, enabling a stan-
dardized analysis of four critical dimensions of the imputation process, identified through the study of
various domain requirements: (1) the capacity to simulate varying degrees of missingness and assess its im-
pact on model performance; (2) the flexibility to incorporate different missing patterns (e.g., subsequence or
block missingness) in time series, tailored to domain-specific needs, in addition to single-point missingness;
(3) the selection of imputation or forecasting models; and (4) the alignment with expected downstream
tasks. Researchers dealing with missing data can leverage TSI-Bench to evaluate the suitability of different
imputation approaches for their specific problem, dataset, and downstream applications.

¢ Identifying and addressing limitations inherent in existing TSI evaluation schemes to ensure rigorous
and equitable comparisons. We build an open-source ecosystem encompassing a standardized data pre-
processing pipeline, flexible and user-driven missingness simulation, metric utilization, and hyperparameter
tuning. This ecosystem not only facilitates the effortless reproduction of our results, but also provides users
with the tools to assess and integrate their datasets and models into our ecosystem with ease.

Our collective experimental efforts with TSI-Bench assess the efficacy of the different algorithms in a
total of 34,804 experiments. Our extensive experiments reveal the following key findings: (1) Different
missing patterns and rates significantly influence the performance of imputation methods, and none of the 28
algorithms significantly outperforms the others across all settings, emphasizing the importance of the model
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tuning and data processing capabilities enabled by TSI-Bench; (2) Forecasting architectures demonstrate
effectiveness when used as an imputation backbone; (3) Imputation enhances both flexibility and effectiveness
across downstream tasks by enabling the broad application of high-quality imputed time series.

2 PRELIMINARIES AND RELATED WORK

Notation A time series collection of length 7" can be represented by a matrix X = (xy,...,x¢,...,T7) | €
RT*P with D being the data dimension. An observation ; € R1*? is acquired at time step . To encode
the presence of missing values in X, we introduce a mask matrix M € RT*P ie., M, 4 = 1if X, , exists,

otherwise M; 4 = 0. We denote the ground truth by X € RT*P_ Given a reconstructed time series X by an
imputer, the objective of time series imputation is to obtain the imputed time series:

X=MoX+(1-M)oX, (1

so as to minimize the discrepancy between the imputed X and the ground truth X as possible. ® denotes the
element-wise multiplication.

Related Work - Imputation Methods Deep imputation methods have recently gained popularity in
handling missing values in time series data due to their ability to model the nonlinearities and temporal
patterns inherent in time series. The literature contains a wide range of deep imputation methods, which can
be broadly classified as either predictive or generative. Predictive imputation methods aim to consistently
predict deterministic values for missing components within the time series (Yoon et al., 2019; [Wu et al.,
2023} |Cini et al., |2022; Marisca et al.| 2022;|Ma et al.,|2019} Bansal et al.| |2021)). Existing models employ
a variety of neural network architectures, including Recurrent Neural Networks (RNNs), Convolutional
Neural Networks (CNNs), Graph Neural Network (GNN), and attention mechanisms. Highly cited examples
include GRU-D (Che et al. 2018a) and BRITS (Cao et al., [2018), which achieve improved imputation
performance by integrating a time-decay mechanism into RNNs to capture irregularities caused by missing
values. TimesNet (Wu et al., [2023) is a highly-performing CNN model that incorporates a Fast Fourier
Transformation to restructure 1D time series into a 2D format. Finally, SAITS (Du et al.| 2023) is an
attention-based model comprising two diagonal-masked self-attention blocks and a weighted-combination
block, which leverages attention weights and missingness indicators to enhance imputation precision.

Generative deep imputation models, built upon generative models such as VAEs, GANs, and diffusion models,
are distinguished by their ability to generate varied outputs for missing observations, reflecting the inherent
uncertainty of the imputation process (Mulyadi et al., 2021} |Kim et al., [2023; Luo et al., 2018;2019; |Alcaraz
& Strodthoff] 2023 (Chen et al.| 2023b} |Yang et al., 2024). Examples include GP-VAE (Fortuin et al.| [2020),
which exploits a Gaussian process as a prior distribution to model temporal dependencies in the incomplete
time series; US-GAN (Miao et al.|[2021b) increases the complexity of discriminator training by compromising
the masking matrix, subsequently leading to the improvement of generator performance through adversarial
dynamics; and finally CSDI (Tashiro et al.| [2021) adapts diffusion models for TSI through a conditioned
training strategy by employing a subset of the observed data as conditional inputs to guide the generation
process of the missing segments within the time series.

Related Work - Forecasting Frameworks for Imputation In recent years, numerous deep learning archi-
tectures have exhibited exceptional performance in time series forecasting problems. Such as Transformer-
based structures (Wu et al., 2021;[Zhou et al.| [2021a}; [Nie et al., [2023)), GNN-based structures (Cao et al.,
2020; 'Wu et al.,[2020; [Liu et al., 2022b; |Jin et al., [2023)), MLP-based structures (Ekambaram et al.l 2023},
Chen et al.|[2023aj;'Wang et al.,|2023a)), and diffusion-based structures (Rasul et al.| 2021} Tashiro et al., 2021}
Shen & Kwok, 2023} Shen et al., 2024)).
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Figure 2: An overview of the designed TSI-Bench suite.

Transformers excel at time series forecasting due to their ability to model long-range dependencies and
capture complex temporal patterns (Wen et al., 2023)). Examples include Informer (Zhou et al., [2021b)) and
Crossformer (Zhang & Yan, |2022)), which utilize different attention mechanisms to weigh the importance
of different time steps dynamically. This is particularly beneficial for time series data, which often contains
long-term dependencies and intricate patterns. At the same time, researchers showed that simple models can
sometimes outperform Transformer architectures in long-term time series forecasting tasks (Zeng et al.,2023).
MLP structures, known for their lower complexity and computational efficiency, have attracted growing
interest from researchers. For instance, TSMixer (Chen et al.,|2023a) extends the MLP mixer concept from
computer vision (Tolstikhin et al.| 2021])) to time series forecasting by performing mixing operations along
both time and feature dimensions (Ekambaram et al.| [2023)). Other innovative MLP-based designs, such
as Koopa (Liu et al.} |2023c) and FITS (Xu et al., [2023)), further highlight the promising potential of MLP
approaches in advancing time series forecasting.

The progress in forecasting models has the potential to be beneficial in imputation problems. Essentially,
forecasting and imputation problems can be regarded as two similar tasks in time series analysis, as both
require obtaining temporal representations of existing time series data to predict future values (Wen et al.
2019) or to impute missing values (Wang et al.,[2024; 2023b). Given that time series forecasting is a highly
active research area within time series analysis, a framework that enables researchers to directly apply
forecasting methods to imputation challenges could potentially lead to the development of more efficient
imputation techniques. This, in turn, might further advance research in time series analysis.

3 THE SETUP OF TSI-BENCH

In this section, we introduce the overview of the models evaluated in the experiments, along with the dataset
descriptions and pertinent implementation details.

3.1 TSI-BENCH SUITE

TSI-Bench is a standardized suite that streamlines the imputation process and downstream tasks, built upon
the PyPOTS ecosystem (Du,2023)). PyPOTS provides easy, standardized access to a variety of algorithms for
imputation, classification, clustering, and forecasting. It supports the entire imputation workflow, from data
loading and processing to model building and data imputation. The TSI-Bench workflow, depicted in Figure[2]
begins with data being loaded from the time series database, TSDB, which serves as the data warehouse. The
loaded data is then transformed into partially observed time series (POTS) using PyGrinder, a flexible,
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user-driven missingness simulation tool. The POTS is subsequently processed by BenchPOTS, which
provides standardized data preprocessing pipelines to benchmark machine learning algorithms on POTS.
Following preprocessing, the time series is passed through an imputation model implemented in PyPOTS
to estimate the missing values, resulting in the imputed time series. Finally, the imputed data is utilised by
downstream models for further analysis, such as classification, regression, and forecasting.

3.2 DATASETS

In TSI-Bench, we conduct experiments using eight diverse and representative datasets from four domains:
air quality, traffic, electricity, and healthcare. In the air quality domain, the BeijingAir dataset contains
hourly data on six pollutants and meteorological variables from 12 sites in Beijing (Zhang et al.,[2017). The
ItalyAir dataset includes 9,358 hourly records of chemical sensor responses and pollutant concentrations
collected from March 2004 to February 2005 (De Vito et al.,|2008)). In the traffic domain, the PeMS dataset
provides hourly road occupancy rates from the San Francisco Bay Area freeways, while the Pedestrian
dataset consists of automated pedestrian counts in Melbourne for the year 2017 (Tang et al., [2020). In the
electricity domain, the Electricity dataset records hourly electricity consumption for 370 clients, and the ETT
dataset includes power load and oil temperature data, with the ETT_h1 subset used for our experiments (Zhou
et al.,2021a). For healthcare, the PhysioNet2012 dataset comprises 12,000 Intensive Care Unit (ICU) patient
records, focusing on in-hospital mortality prediction in the presence of 80% missing values (Silva et al.| [2012).
Additionally, the PhysioNet2019 dataset includes clinical data from 40,336 ICU patients, using subset A for
analysis (Reyna et al., 2020).

3.3 MODELS

To comprehensively evaluate the performance of various models in the time series imputation task, we
utilise 28 different models integrated into the PyPOTS Ecosystem. These models are based on distinct
architectures, originally designed for different tasks. Among the evaluated models are Transformer ar-
chitectures, including Transformer (Yildiz et al.l [2022)), Pyraformer (Liu et al.l [2021), Autoformer (Wu
et al.| [2021)), Informer (Zhou et al.} 2021b), Crossformer (Zhang & Yan,|2022), PatchTST (Nie et al., 2023)),
ETSformer (Woo et al.,[2022), Nonstationary Transformer (Liu et al.,[2022c), SAITS (Du et al.,2023), and
iTransformer (Liu et al.| [2023b)); RNN architectures, such as MRNN (Yoon et al.l [2018)), BRITS (Cao
et al.| [2018)), and GRUD (Che et al., [2018b); CNN architectures, including MICN (Wang et al.l [2022),
SCINet (Liu et al.,[2022a), and TimesNet (Wu et al.,[2023); GNN architectures, such as StemGNN (Cao
et al.,|2020); MLP architectures, such as FiLM (Zhou et al., 2022), DLinear (Zeng et al.,[2023)), Koopa (Liu
et al.| 2024)), and FreTS (Y1 et al.| [2024); and Generative architectures, including GP-VAE (Fortuin et al.|
2020), US-GAN (Miao et al., [2021a)), and CSDI (Tashiro et al., 2021)), which are based on VAE, GAN,
and diffusion models. Additionally, we apply several traditional methods, such as Mean, Median, LOCF
(Last Observation Carried Forward), and Linear interpolation. For the original forecasting models (e.g.,
Transformer, Pyraformer, Autoformer), we adapt the embedding strategies and training methodologies from
SAITS (Du et al., [2023)) to reimplement them as imputation methods. Further details on the benchmarked
models and the systematic approach used to adapt time series forecasting models for imputation purposes can
be found in Appendix [B]and Appendix [C.3]

3.4 IMPLEMENTATION DETAILS

Dataset Preprocessing: Except PhysioNet2012, PhysioNet2019, and Pedestrian, which already contain
separated time series samples, all other datasets are split into training, validation, and test sets according to the
time period. A sliding window function is then applied to generate individual data samples. Standardization is
performed on all datasets. For further details on dataset preprocessing, please refer to Appendix Missing
Patterns: To more effectively simulate missing scenarios in time series, we deviate from the traditional
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Table 2: Imputation performance with 10% point missingness, shown as MAE (standard deviation). For each
dataset, the best performance is indicated by the bold black text, the second-best performance by normal
black text, and the third-best performance by bold dark grey.

| BeijingAir

ItalyAir PeMS Pedestrian ETT_hl Electricity

PhysioNet2012  PhysioNet2019

iTransformer | 0.123 (0.005)
SAITS
Nonstationary
ETSformer
PatchTST
Crossformer
Informer
Autoformer
Pyraformer
Transformer

0.226 (0.001)

0.185 (0.010) 0.144 (0.006)

0.213 (0.014)

0.126 (0.003)
0.119 (0.005)

0.191 (0.010)

0.257 (0.019) 0.352 (0.005)

0.259 (0.006) 0.341 (0.002)

BRITS

0.145 (0.002)

0.355 (0.001)

MRNN
GRUD

TimesNet
MICN
SCINet

StemGNN |

FreTS
Koopa
DLinear
FiLM
CSDI

US-GAN
GP-VAE

Mean
Median
LOCF
Linear

0.127 (0.006)

0.102 (0.010) 0.238 (0.047) 0.151 (0.008) 0.252 (0.002)

0.104

0.112 0.135 0.211 0.065

categories of missing mechanisms introduced by (Rubin, |1976). Instead, we implement point missing,
subsequence missing, and block missing, which are particularly representative of common missing data
situations in time series (Mitra et al., [2023}; (Cini et al., 2022} [Khayati et al.,[2020). These patterns capture
both random and structured missingness, reflecting the dynamic nature of time series data and providing a
robust framework for evaluating imputation strategies. For a detailed discussion and visual representation of
these missing patterns, please refer to Appendix Evaluation Metrics: To assess imputation performance,
we use mean absolute error (MAE), mean squared error (MSE), and mean relative error (MRE) (Cao et al.|
2018). The mathematical formulations for these metrics can be found in Appendix [C.2] Additionally, we
collect inference time and the number of trainable parameters for further discussion. Hyper-parameter
Optimisation: To ensure fair comparisons, hyper-parameter optimisation is applied to all deep-learning-based
imputation algorithms. This process is implemented using PyPOTS (Du} 2023) and NNI (Microsoft), with
details provided in Appendix Downstream Task Design: To evaluate the impact of imputation on
downstream analysis, we perform various tasks using XGBoost, RNN, and Transformer models on the
imputed datasets. Given that XGBoost has an inherent capability to manage incomplete data, we set XGBoost
without imputation as the baseline for comparison. Further details on the downstream task design can be

found in Appendix

4 EXPERIMENTAL ANALYSIS

We conduct a comprehensive analysis involving up to 34,804 experiments across 28 algorithms and 8 diverse
domain datasets. The experiments are structured to examine three key perspectives: (1) Data Perspective:
We evaluate different missing rates (10%, 50%, and 90%) and missing patterns (point, subsequence, block)
across all datasets. (2) Model Perspective: We analyze each method based on its target task type (forecasting,
imputation) and architecture (Transformer/attention, RNN, CNN, MLP, etc.), while also assessing the
influence of model size and inference time on practical applications. (3) Downstream Task Perspective: We
assess the quality of the imputed data using three architectures (XGBoost, RNN, Transformer) across three
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Flgure 3: Performance of 50% block missing (left) and 50% subseq missing (right).

classical time series downstream tasks (classification, regression, forecasting) to highlight the importance and
impact of imputation on downstream performance. Full results are available in Appendix

4.1 DATA PERSPECTIVE

We conduct experiments on the following aspects of data and missing patterns: datasets from different
application domains, missing rates, and different missing patterns.

Application Domains Table [2]shows that different models show significant performance disparities across
datasets from different application domains. For instance, Autoformer performs well on the Pedestrian dataset
(with an MAE of 0.197) but performs poorly on the ItalyAir dataset (with an MAE of 0.295). This trend is
also observed within the same application domain. BRITS excels on the BeijingAir dataset (with an MAE
of 0.127) but shows worse performance on the ItalyAir dataset (with an MAE of 0.235). Overall, different
models demonstrate varying performance across different application domains and datasets, with each model
having its own strengths and weaknesses in specific datasets. Even in simpler application fields, such as
electricity, we can get better results using traditional LOCF and Linear methods.

Missing Rates As the missingness data rate increases from 10% to 90%, there is a general trend of performance
degradation across all models and datasets, as shown in Appendix [D] For instance, Autoformer’s MAE on the
BeijingAir dataset rises from 0.257 at 10% to 0.898 at 50% missingness. Different models exhibit varying
sensitivity to missing data, with BRITS maintaining relatively lower errors compared to others, whereas
CSDI shows extreme sensitivity. CSDI’s MAE on the ItalyAir dataset jumps from 0.539 at 10% missingness
to 4.492 at 90%. CSDI is a conditional diffusion model that performs poorly and becomes less stable with
high missing rates primarily due to noise accumulation and lack of contextual information. Computational
time also varies, with CSDI showing substantially longer times at higher missing rates, while models like
Autoformer and DLinear remain consistent. We want to highlight the importance of selecting appropriate
models based on the expected missing data rate. For models with similar performance, it is better to consider
computational efficiency for practical implementation.

Missing Patterns It is evident that different patterns significantly impact model performance, as shown in
Figure 3] In general, block and subsequence missing patterns result in higher error metrics compared to point
missingness, indicating that continuous missing data have a greater adverse effect on model performance.
Specifically, point missingness has the least impact on most models, because missing data can be easily
interpolated from adjacent points; for example, BRITS performs excellently under this pattern. In contrast,
block missingness leads to more significant information loss over extended periods, making it challenging for
models to infer missing data from distant points, as seen with the increased MAE and MSE for Autoformer and
Crossformer. Subsequence missingness further degrades model performance since the missing subsequences
may contain critical temporal patterns or trends that the models cannot easily reconstruct. Thus, different
missing patterns affect model performance to varying degrees, with continuous missing patterns (block and
subsequence missing) posing greater challenges.

We further provide visualization of imputed data from all imputation methods on ETT_h1 and Electricity
in Appendix As shown in Figure 9] and Figure [I0] different features within the same dataset exhibit



Under review as a conference paper at ICLR 2025

Inference time on two air datasets Number of parameters on two air datasets

BeijingAir BeijingAir
ItalyAir ItalyAir

2

10? E
2
@ 107
£
Ew‘ E
] Q 1o
.E s
10° a
'E]OS
3
10
| | | A
& » «%eo@ez 3 SO QO ER S PR ETED O P DS D&
@ %be\beé Qev v\\v & S E O LN P LECES L P P A
Ké‘% & (&@\@& K°( ‘@( \o‘@‘b‘} I o“& P @ o @@fo“@%a@@@&@ @@@Q@Ka@qg\'g- &S s ((\0 @ ('g”)oél
& FSES N P E T EF P O © <€ ©
& e o L G WK

Figure 4: Inference time and the number of parameters on two air datasets with 10% point missing.

substantial variation. Some features like Feature #76 in Electricity exhibit limited temporal dependencies,
whereas others like Feature #1 in ETT_h1 present clear temporal patterns, such as step changes. Moreover,
when comparing the same feature across different missing patterns (e.g., point versus block missingness), the
imputation results can differ significantly. While most algorithms perform well with point missingness, they
often struggle with block missingness, which demands the preservation of longer-term dependencies. The
results suggest that it is challenging for any single imputation algorithm to consistently perform well across
different datasets and missingness scenarios effectively.

Remark 1: We suggest choosing imputation models tailored to data characteristics, such as application
domains and missing patterns. Practitioners can leverage our comprehensive insights to make informed
model choices to narrow their trials and experiments in selecting models, enhancing the development and
open-source accessibility of time series imputation.

4.2 MODEL PERSPECTIVE

Given the space constraints, we will focus our discussion in this section on the model architectures and the
primary task assuming a 10% missing rate.

Architecture The inference time, model size, and performance metrics of different architectures shown
in Figure ] and Table 2] indicate the following: Transformer/attention-based models, such as Autoformer
and Informer, demonstrate excellent performance, but some models like Crossformer and SAITS have
larger model sizes, potentially leading to lower inference efficiency. RNN-based models like BRITS show
good performance (low MSE, MAE) but have longer inference times and moderate model sizes. CNN-
based models like SCINet have faster inference times but relatively larger model sizes, with slightly lower
performance compared to Transformer and RNN architectures. MLP-based models like DLinear have
clear advantages in inference time and model size, with moderate performance, making them suitable for
applications requiring quick inference and smaller models. CSDI, as a generative model, performs well on
MAE, but has an extremely long inference time and moderate model size, suitable for scenarios demanding
very high performance. Traditional methods, due to their limited scope, usually do not yield optimal results,
especially in datasets with high missing rates and complexity. However, they can be more efficient and perform
better on simpler datasets. In summary, different architectures have their own strengths and weaknesses in
terms of inference time, model size, and performance metrics, necessitating the selection of an appropriate
model based on specific application requirements.

Forecasting Backbones for Imputation With the adaptation paradigm in Appendix [C.3} we transfer the
backbone of the time series forecasting models to the imputation task and compare their performance against
typical imputation methods. The results are categorized in Table 2] and detailed descriptions of the backbones
are discussed in Appendix [B] For forecasting backbones, DLinear, with the shortest inference time of 0.17
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Figure 5: Comparison of downstream performance on the PhysioNet2012 dataset for classification with 10%
point missing (left) and the ETT_h1 dataset for forecasting with 50% point missing (right).

seconds and a model size of 204K, shows efficient performance with an MAE of 0.215 on the Beijing dataset,
making it ideal for real-time applications. In imputation, BRITS has an inference time of 17.04 seconds, a
model size of 3.5M, and performs excellently on the Beijing dataset with an MAE of 0.127. CSDI, however,
has a long inference time of 417.52 seconds, a model size of 244K, and higher MSE values, limiting its
practical use despite advanced techniques. Generally, methods originally designed for imputation do not
exhibit extraordinary performance compared to those designed for forecasting. In many scenarios, the adapted
forecasting methods tend to perform better. A potential reason is that more research has been conducted on
time series forecasting compared to time series imputation. Therefore, time series forecasting models are more
updated and advanced in capturing temporal information and multivariate correlations. The experimental
results demonstrate the success of our adaptation paradigm.

Remark 2: Existing forecasting backbones can be effectively applied to imputation tasks, enhancing the
interaction between different time series tasks. This suggests that the imputation field can benefit from
leveraging techniques and models originally designed for forecasting and other time series tasks. This
cross-application improves the versatility and efficiency of time series models, opening new avenues for
research and practical applications.

4.3 DOWNSTREAM TASKS PERSPECTIVE

Forecasting Task We evaluated the downstream forecasting performance of various models on the ETT_hl
dataset. As shown in Figure 3] (right), certain imputation methods significantly improve downstream forecast-
ing performance. For instance, the Nonstationary imputation method consistently enhances accuracy across
multiple models. Transformer-based models show notable gains with robust imputation strategies. XGBoost
without imputation results in a higher MAE, but applying Transformer models with imputation consistently
reduces the MAE. Overall, selecting the right imputation method is crucial for improving downstream
forecasting task performance.

Classification Task In this test, we apply different models for imputation, followed by three types of
classifiers. The goal is to assess the performance improvement brought by various imputation methods, as
shown in Figure [3 (left). For instance, iTransformer achieves a ROC_AUC of 0.771 without imputation,
which increases to 0.852 after imputation. The non-stationary method performs best with an ROC_AUC of
0.860, showcasing strong robustness in handling missing data. Overall, imputation significantly enhances
classification performance, and the choice of imputation method is crucial for optimizing downstream tasks.

Regression Task As shown in Table [3] imputation methods significantly affect downstream regression
performance under three missing patterns. For example, the RNN-based BRITS model achieves the lowest
MAE of 0.826 in the block missing and subsequence scenarios, demonstrating its robustness in handling data
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Table 3: Regression performance in ETT_hl datasets with 50% point missing, 50% block missing and
50% subsequence missing. For each model, the best performance is indicated by the bold black text, the
second-best performance by normal black text, and the third-best performance by bold dark grey.

| ETT_hl (point 50%) | ETT_h1 (subsequence 50%) | ETT_h1 (block 50%)
| XGB RNN Transformer | XGB RNN Transformer | XGB RNN  Transformer

iTransformer
SAITS
Nonstationary
ETSformer
PatchTST
Crossformer
Informer
Autoformer
Pyraformer
Transformer

BRITS 0.999 1.153 1.146 0.826 1.024 1.000
MRNN 1.070  1.250 0.870
GRUD

TimesNet 1.127 1.316
MICN
SCINet

StemGNN | |

FreTS
Koopa
DLinear
FiLM
CSDI
USGAN 1.299 1.283 1.004 1.244 1.219 1.174 1.098
GPVAE

Mean
Median
LOCF
Linear

loss. Transformer-based models also perform well, highlighting their ability to handle complex missing data
patterns. In contrast, traditional methods such as Mean and Median imputation result in higher MAE values,
underscoring their limitations. The improved performance of models like XGBoost applied to imputed data
further emphasizes the importance of robust imputation for enhancing regression performance.

Remark 3: Imputation is not only critical on its own but also plays a key role in improving the performance of
downstream tasks. Additionally, pre-imputation demonstrates high adaptability across different downstream
tasks within the same datasets. Once high-quality imputed time series are generated, they can be effectively
leveraged across a wide range of downstream applications.

5 CONCLUSION

In this paper, we introduce TSI-Bench, a comprehensive benchmark for time series imputation. Our evaluation
encompasses 28 algorithms across 8 real-world datasets, illustrating that successful imputation hinges on
factors like deep learning architectures, missing rates, missing patterns across space-time, and the datasets
themselves. Additionally, incorporating uncertainty quantification in the evaluation process is essential, as it
enables an assessment of confidence in the imputed data and helps to identify the limitations and reliability of
the results. However, uncertainty quantification in time series imputation remains an emerging area, limited by
the complexity of sequential dependencies, high-dimensional features, and the lack of standardized metrics.

Despite the complexities, TSI-Bench provides valuable insights and practical guidelines for time series
imputation in real-world scenarios. We envision TSI-Bench as a continually evolving project. Our future
plans include the integration of more advanced deep learning models, the deployment of more equitable
evaluation metrics, and the expansion of our dataset collection. Additionally, we are committed to improving
the user-friendliness of TSI-Bench, aiming to establish it as the standard tool for time series imputation.
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A  DETAILED DESCRIPTION OF DATASETS AND PREPROCESSING

Al

DATASETS FOR EVALUATION

Detailed descriptions of the eight used datasets are listed below. An overview of the datasets’ general
information is presented in Table 4]

Table 4: General information of the eight datasets used in this work.

\ Air | Traffic | Electricity | Healthcare
Dataset | BeijingAir ItalyAir | PeMS Pedestrian | ETT_hl Electricity | PhysioNet2012 PhysioNet2019

# of Total Samples 1458 774 727 3633 358 1457 3997 4927

# of Variables 132 13 862 1 7 370 35 33

Sample Sequence Length 24 12 24 24 48 96 48 48
Time Interval IH IH IH IH IH 15Min IH IH
Original Missing Rate (%) 1.6 0 0 0 0 0 79.3 73.9
Train Dataset Length 851 466 455 955 212 851 2557 3152
Validation Dataset Length 304 154 122 239 75 304 640 789
Test Dataset Length 303 154 150 2439 71 302 800 986

A.l.l

A.l1.2

A.1.3

AIR QUALITY DATASETS

. BeijingAilﬂ (Zhang et al.,[2017): BeijingAir dataset includes hourly air pollutants data from 12
nationally-controlled air-quality monitoring sites from March 2013 to February 2017. The dataset
contains 11 continuous variables at multiple sites in Beijing. We aggregate these variables from all
sites together so this dataset has 12%11=132 features.

. ItalyAi (De Vito et al., |2008): ItalyAir dataset contains 9358 instances of hourly averaged

responses of 5 metal oxides from chemical sensors, along with hourly averaged concentrations of 7
pollutants from certified analyzers, from March 2004 to February 2005.

TRAFFIC DATASETS

. PeMﬂ The PeMS is a collection of hourly data from the California Department of Transportation,
which describes the road occupancy rates measured by different sensors on San Francisco Bay area
freeways.

o Pedestriarﬂ (Tang et al., [2020): The City of Melbourne, Australia has developed an automated
pedestrian counting system to better understand pedestrian activity within the municipality, The data
of a specific region is from the whole year of 2017.

ELECTRICITY DATASETS

. Electricityﬂ The Electricity Load Diagrams dataset contains hourly electricity consumption (kWh)
for 370 clients over the period from January 2011 to December 2014.

. ETTE] (Zhou et al., 2021a): The ETT dataset, collected from power transformers, includes prepro-
cessed data on power load and oil temperature from July 2016 to July 2018. In the experiments, we
use ETT_hl included in ETT.

"https://archive.ics.uci.edu/dataset/501/beijing+multi+site+air+quality+data
Thttps://archive.ics.uci.edu/dataset/360/air+quality
*https://PeMS.dot.ca.gov
4https://www.timeseriesclassification.com/description.php?Dataset=
MelbournePedestrian
>https://archive.ics.uci.edu/dataset/321/electricityloaddiagrams20112014
®https://github.com/zhouhaoyi/ETDataset
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A.1.4 HEALTHCARE DATASETS

. PhysioNet2012E] (Silva et al., 2012): The PhysioNet/Computing in Cardiology Challenge 2012
dataset includes 12,000 ICU patient records from the MIMIC II Clinical database, version 2.6 (Saeed
et al.,[2011)), focusing on patient-specific prediction of in-hospital mortality using data from the first
48 hours of ICU admission. Not all variables are available in all cases, hence about 80% values are
missing in this dataset. The whole dataset has three subsets, and we only use the subset A in our
experiments.

PhysioNetZOlqﬂ (Reyna et al., 2020): The PhysioNet Challenge 2019 dataset includes clinical data
from ICU patients across three hospitals, with a total of 40,336 patient records and 40 clinical and
physiological variables for each patient. Note that this dataset has two subsets, and we only use the
subset A in our setting.

A.2 DATASETS PREPROCESSING DETAILS

BeijingAir, ItalyAir, PeMS, Electricity, and ETT_hl are all long-time series continuously collected from
certain sources. Therefore, to generate them into the train, validation, and test sets and to avoid data leakage,
we should first split them according to the time period. In BeijingAir, the first 28 months (2013/03 - 2015/06)
of data are taken for training, the following 10 months (2015/07 - 2016/04) are for validation, and the left
10 months (2016/05 - 2017/02) are for test. In PeMS, the training set tasks the first 15 months (2016/07 -
2017/09) of data, and the validation set and test set take the following 4 months (2017/10 - 2018/01) and 6
months (2018/02 - 2018/07) respectively. Electricity uses the first 10 months (2011/01 - 2011/10) as the test
set, the following 10 months (2011/11 - 2012/08) for validation, and the last 28 months (2012/09 - 2014/12)
for training. The training, validation, and test sets of ETT_h1 separately take the first 14 months (2016/07 -
2017/08), the following 5 months (2017/09 - 2018/01), and the last 5 months (2018/02 - 2018/06). ItalyAir is
split into 60%, 20%, and 20% for training, validation, and test. The sliding window function is applied to
these five datasets to produce data samples. The window size of ItalyAir is 12, and 24 for BeijingAir and
PeMS, 48 for ETT_hl, and 96 for Electricity. The sliding length is kept the same as the window size to
guarantee there is no overlap between generated samples.

Dataset Pedestrian is offered with the split training set and test set, hence we separate 20% from the training
set to form the validation set. Data samples in PhysioNet2012 share the same length, i.e. 48 steps. While
samples in PhysioNet2019 have different lengths, hence we only keep samples with lengths larger than
48 and truncate the excess part to ensure samples all have 48 steps as well. For both PhysioNet2012 and
PhysioNet2019, samples are firstly split into the training set and the test set according to 80% and 20%, then
20% of samples are taken from the training set as the validation set.

Note that standardization is applied in the preprocessing of all datasets.

B DETAILED DESCRIPTION OF MODELS IN TSI-BENCH

B.1 TRANSFORMER-BASED MODELS

¢ iTransformer (Liu et al.,[2023b): iTransformer repurposes the Transformer architecture by applying
attention and feed-forward networks to inverted dimensions, embedding time points into variate
tokens to better capture multivariate correlations and nonlinear representations, achieving state-of-
the-art performance in time series forecasting.

"https://physionet.org/content/challenge-2012/1.0.0/
$https://physionet.org/content/challenge-2019/1.0.0/
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Table 5: Summary of the 28 benchmarked algorithms, separated by Architecture.

Model Category  Architecture Venue Year

iTransformer (Liu et al.|[2023b)  Forecasting  Transformer ICLR 2024
SAITS (Du et al.||2023)  Imputation  Transformer ESWA 2023
Nonstationary (Liu et al.[|2022c)  Forecasting  Transformer NeurIPS 2022
ETSformer (Woo et al.{[2022)  Forecasting  Transformer ArXiv 2022
PatchTST (Nie et al.||2023)  Forecasting  Transformer ICLR 2023
Crossformer (Zhang & Yan|2022) Forecasting  Transformer ICLR 2022
Informer (Zhou et al.[[2021b)  Forecasting  Transformer AAAI 2021
Autoformer (Wu et al.[|2021)  Forecasting  Transformer NeurIPS 2021
Pyraformer (Liu et al.||2021)  Forecasting  Transformer ICLR 2021
Transformer (Yildiz et al.||2022)  Forecasting  Transformer NeurIPS 2017
BRITS (Cao et al.||2018)  Imputation RNN NeurIPS 2018
MRNN (Yoon et al.|2018)  Imputation RNN TBME 2018
GRUD (Che et al.[|2018b)  Imputation RNN Scientific reports 2018
TimesNet (Wu et al.|[2023) Generic CNN ICLR 2023
MICN (Wang et al.||2022)  Forecasting CNN ICLR 2022
SCINet (Liu et al.[[2022a)  Forecasting CNN NeurIPS 2022
StemGNN (Cao et al.|[2020)  Forecasting GNN NeurIPS 2020
FreTS (Yiet al.|[2024)  Forecasting MLP NeurIPS 2024

Koopa (Liu et al.|[2024)  Forecasting MLP NeurIPS 2024
DLinear (Zeng et al.|[2023)  Forecasting MLP AAAI 2023
FiLM (Zhou et al.|[2022)  Forecasting MLP NeurIPS 2022

CSDI (Tashiro et al.{[2021)  Imputation Diffusion NeurIPS 2021
US-GAN (Miao et al.[[2021a)  Imputation GAN AAAI 2021
GP-VAE (Fortuin et al.|[2020)  Imputation VAE AISTATS 2020

Mean  Imputation Traditional - -
Median  Imputation Traditional - -
LOCF  Imputation Traditional - -
Linear Imputation Traditional - -

e SAITS (Du et al., 2023): SAITS (Self-Attention-based Imputation for Time Series) is a self-
attention imputation transformer with a weighted combination of two diagonally-masked self-
attention (DMSA) blocks. It is designed to handle missing data in time series, ensuring robust and
accurate data imputation.

* Nonstationary (Liu et al., 2022c): Nonstationary (short for Nonstationary Transformer) addresses
the challenge of non-stationarity in time series sequences by incorporating adaptive components that
adjust to varying statistical properties over time.

o ETSformer (Woo et al.,2022): ETSformer integrates exponential smoothing methods with Trans-
former models, aiming to provide accurate time series forecasting by combining statistical and deep
learning approaches.

e PatchTST (Nie et al., 2023): PatchTST uses a patching strategy combined with a Transformer
architecture to enhance the time series forecasting task by capturing both local and global patterns
effectively.

* Crossformer (Zhang & Yan, 2022): Crossformer leverages cross-dimensional attention to model
intricate dependencies within multivariate time series data, achieving good performance in complex
forecasting application scenarios.

* Informer (Zhou et al.,[2021b): Informer enhances efficiency in long-time series forecasting by
employing a self-attention distillation mechanism, which reduces redundant information while
maintaining forecasting accuracy.
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B.2

B.3

B.4

B.5

Autoformer (Wu et al., 2021): Autoformer introduces a novel decomposition architecture with an
auto-correlation mechanism, effectively capturing both seasonal and trend patterns in time series
forecasting tasks.

Pyraformer (Liu et al., [2021): Pyraformer is designed for long-term time series forecasting,
utilizing a pyramid attention structure that efficiently captures temporal dependencies at multiple
scales.

Transformer (Vaswani et al.,[2017): Transformer introduces the self-attention mechanism, which
enables the processing of sequential data by attending to different positions within the sequence
simultaneously, leading to significant advancements in natural language processing and time series
fields.

RNN-BASED MODELS

BRITS (Cao et al., 2018): BRITS (Bidirectional Recurrent Imputation for Time Series) employs
a bidirectional recurrent imputation strategy to handle missing values in time series, improving
forecasting accuracy through iterative refinement.

MRNN (Yoon et al., 2018): The Multi-directional Recurrent Neural Network (MRNN) is de-
signed for estimating missing values in spatiotemporal data and time series by leveraging temporal
dependencies and multi-directional information sequence.

GRUD (Che et al., 2018b): GRUD (Gated Recurrent Unit for Decay) enhances the Gated Recurrent
Unit (GRU) by incorporating decay mechanisms that model the impact of missing values over time,
offering robust time series analysis.

CNN-BASED MODELS

TimesNet (Wu et al.,[2023): TimesNet is designed to efficiently model temporal patterns in time
series data by incorporating multi-scale temporal convolutions and attention mechanisms. It can be
used for short- and long-term forecasting, imputation, classification, and anomaly detection tasks.

MICN (Wang et al.,[2022): MICN (Multi-scale Inception Convolutional Network) is a convolutional
network architecture that captures multi-scale temporal features and combines local and global
context for more accurate time series forecasting.

SCINet (Liu et al., 2022a)): SCINet introduces a novel recursive downsample-convolve-interact
architecture for time series forecasting, leveraging multiple convolutional filters to extract and
aggregate valuable temporal features from downsampled sub-sequences, improving forecasting
accuracy over existing models.

GNN-BASED MODELS

StemGNN (Cao et al., 2020): StemGNN (Spectral Temporal Graph Neural Network) introduces
an approach for time series forecasting by jointly capturing inter-series correlations and temporal
dependencies in the spectral domain using Graph Fourier Transform (GFT) and Discrete Fourier
Transform (DFT), eliminating the need for pre-defined priors.

MLP-BASED MODELS

L]

FreTS (Yi et al., 2024): FreTS uses MLPs in the frequency domain for time series forecasting,
leveraging global view and energy compaction properties to enhance forecasting performance by
transforming time-domain signals and learning frequency components.
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* Koopa (Liu et al.,|2024): Koopa introduces a novel Koopman forecaster that disentangles time-
variant and time-invariant components using Fourier Filter and employs Koopman operators for
linear dynamics portrayal, achieving end-to-end forecasting with significant improvements in training
time and memory efficiency.

* DLinear (Zeng et al.;,2023): DLinear introduces LTSF-Linear, a set of simple one-layer linear
models, which outperform complex Transformer-based models in long-term time series forecast-
ing by effectively preserving temporal information that Transformers inherently lose due to their
permutation-invariant self-attention mechanism.

¢ FiLM (Zhou et al., 2022): FiLM (Frequency improved Legendre Memory) introduces a novel
approach by using Legendre Polynomials for historical information approximation, Fourier projec-
tion for noise reduction, and a low-rank approximation for computational efficiency, resulting in
significant improvements in long-term forecasting accuracy.

B.6 GENERATIVE MODELS

e CSDI (Tashiro et al., 2021): CSDI (Conditional Score-based Diffusion Imputation) leverages
conditional score-based diffusion models for accurate imputation and generation of missing values
in time series applications.

* US-GAN (Miao et al., 2021a): US-GAN integrates a classifier in a semi-supervised generative
adversarial network to enhance its imputation of missing values in multivariate time series, leveraging
both observed data and label information. Also, it introduces a temporal matrix to improve the
discriminator’s ability to differentiate between observed and imputed components.

e GP-VAE (Fortuin et al., 2020): GP-VAE (Gaussian Process Variational Autoencoder) proposes
a novel deep sequential latent variable model that combines VAE with a structured variational
approximation to achieve non-linear dimensionality reduction and imputation, providing interpretable
uncertainty estimates and improved imputation smoothness.

B.7 TRADITIONAL METHODS

* Mean: The mean imputation method fills in missing values by calculating the mean (average) of the
available values in the time series. This method is simple and quick to implement but may not be
suitable for data with trends or seasonality, as it does not consider the temporal structure of the data.

¢ Median: Median imputation replaces missing values with the median value of the observed data
points. The median is the middle value when the data points are ordered, making this method robust
to outliers. It is particularly useful for skewed distributions or data with significant outliers.

* LOCF: LOCF (Last Observation Carried Forward) fills in missing values by carrying forward the
last observed value. This method assumes that the value remains constant until the next observation
is recorded. LOCF is straightforward and works well for short gaps in data, but it can introduce bias
if the missing data spans a long period or if the data has a trend.

 Linear: Linear interpolation fills in missing values by connecting the last observed value before the
missing data and the first observed value after the missing data with a straight line. This method
assumes a linear trend between the two points and is useful for data with a relatively stable and linear
pattern. However, it may not perform well with data that exhibit non-linear trends or seasonality.
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C DETAILS IN TSI-BENCH

C.1 MISSINGNESS

The concept of missingness can be understood through two fundamental aspects: missing mechanisms and
missing patterns. Missing mechanisms describe the underlying processes that lead to missing values, while
missing patterns define how these missing values manifest within the dataset.

Missing Mechanisms The seminal taxonomy introduced by categorizes missing data mecha-
nisms into three distinct types: Missing Completely At Random (MCAR), Missing At Random (MAR), and
Missing Not At Random (MNAR). These classifications hinge on the conditional probability distribution
p(M|X, ¢), where ¢ parameterizes the stochastic mapping from the dataset X to the mask indicator M.
Specifically:

* MCAR implies that the probability of data being missing is independent of observations and
missingness. This can be expressed as: p(M|X, ¢) = p(M|¢),

« MAR suggests that the missingness depends solely on observations p(M|X, ¢) = p(M|X, ¢),

¢ MNAR indicates that the missingness is related to the unobserved data and potentially the observed
data as well:p(M|X, ¢) = p(M|X, ¢).

Missing Patterns Despite the clarity the above taxonomy provides, it often falls short in capturing the
complexity of missing data scenarios in modern datasets (Mitra et al.,[2023). This limitation has driven the
development of new frameworks (Mitra et al., 2023} [Cini et al.}, 2022} [Khayati et al.,[2020) that better align
with diverse real-world data.

To effectively analyze missingness in time series data, we employ three distinct patterns of missing data:
point, subsequence, and block. These patterns are specifically chosen to represent typical missing data
scenarios in time series analysis, providing a robust framework for evaluating different imputation strategies.
The missingness construction functions are directly available in the Python library PyGrinderﬂ The
visualization of them is plotted in figures [6(a)] [6(b)] and [6(c)|for vivid illustration.

Feature ID
1211109 8 7 6 54 3210
Feature ID
1211109 8 76 543210
Feature ID
1211109 8 76 54 3210

0 1 2 3 4 5 6 7 8 10 11 0 1 2 3 4 5 6 7 8 9 10 11 0 1 2 3 4 5 6 7 8 9 10 11
Time Step Time Step Time Step

(a) Point Missing (b) Subsequence Missing (c) Block Missing

Figure 6: Heatmap visualization of three different missing patterns on the ItalyAir dataset. The observed
values are presented in black, while the missing values are in grey.

%https://github.com/WenjieDu/PyGrinder
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C.2 EVALUATION METRICS

Three metrics are applied to help evaluate the imputation performance in this work: MAE (Mean Absolute
Error), MSE (Mean Square Error), and MRE (Mean Relative Error), whose math definitions are listed below.
Note that errors are only calculated for values indicated by the mask in the input.

D T ad _ od\ L ad
MAE (Q,y, m) _ Zd:l EtDzl ‘(y; ytd) my | ’
Zd:l Zt:l my
D T .
. Zd:l Zt:l((yg - ytd) : mg)z
- D T
D1 2=t mtd
D T ad _ odY . and
MRE (§, y,m) = Zd:lDz:tzl ‘T(yt dyt)dmt|
Ed:l Zt:l |Z/t ’ mt|

where g is estimated value, y indicates target value, and m means mask with time index ¢ and dimension
index d.

MSE (3, y,m)

)

3

C.3 HYPER-PARAMETER OPTIMIZATION

The performance of deep-learning models highly depends on the settings of hyper-parameters. To make
fair comparisons across imputation methods and draw impartial conclusions, all neural network-based
algorithms in TSI-Bench get their hyper-parameters optimized by PyPOTS and Microsoft NNI (Neural
Network Intelligence). For each algorithm, we run at least 100 trials (i.e. tune it with 100 groups of hyper-
parameters) and use the group of the best to produce the formal results. The HPO configuration files and the
fixed model hyper-parameters are available in the supplementary material.

C.4 DOWNSTREAM TASK DESIGN

To further discuss the benefits that imputation can bring to downstream analysis, experiments are designed
and conducted on three common downstream tasks (classification, regression, and forecasting) to evaluate
the imputation quality across algorithms. For these three tasks, missing values in the selected datasets are
imputed by different algorithms. Then XGBoost, LSTM, and Transformer perform downstream analysis
tasks on the imputed datasets with fixed hyper-parameters. XGBoost, LSTM, and Transformer are selected
because they are respectively representative models for classical machine learning approaches, traditional
RNN methods, and emerging attention algorithms. Besides, thanks to XGBoost it can handle missing values
by default. It allows us to compare XGBoost performance results with and without imputation to observe
whether imputation can help.

Classification PhysioNet2012 and Pedestrian are chosen for the classification task because every sample
has a classification label. In PhysioNet2012, each sample has a label indicating if the patient is deceased in
ICU, making it an unbalanced binary classification dataset with 13.9% positive samples. Sample classes in
Pedestrian correspond to ten locations of sensor placement.

Regression ETT_hl and PeMS both have a target feature that makes them suitable for the regression and
forecasting task. In the regression task, except for the target feature, the imputed data with other features are
fed into the downstream algorithms to produce the regression results of the target feature.

Forecasting For both ETT_hl and PeMS datasets, we input the imputed data samples without their target
features and the last five steps, then let the downstream models forecast the future five steps of the target
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feature. Note that, different from the above regression task that inputs the full-length samples and outputs
corresponding regression results, the forecasting task holds out the last five steps of the samples as ground
truth to evaluate the forecasting performance, i.e. its input only contains (sample length - 5) steps.

As additional experiments, the forecasting downstream task is not mentioned in the main body of this paper,
but its experimental results are presented in Appendix D}

C.5 ADAPTATION PARADIGM

To tailor the time-series forecasting models for the imputation task,
TSI-Bench adopts the imputation framework (including the embedding
strategy and the training methodology) from SAITS (Du et al.,|2023)

Output Projection

and proposes such an adaptation paradigm that has been demonstrated Imputed Data

to be feasible in this work’s extensive experiments.
Replace

Fig. 7| presents an overview of how the forecasting models are trans-

formed to impute missing values in time series. The forecasting model Oieliscopsae

backbone is kept intact, and only the input and output processing are
Inear Layer

altered to align with the imputation task. In order to well train such a
transformed model, the joint-optimization training approach designed
for SAITS is employed here, as shown in Fig.[§]

Please refer to the SAITS paper (Du et al., [ 2023)) for the details about

how this imputation framework works.

Forecasting Model
Backbone

C.6 DEVELOPMENT ENVIRONMENT

All the experiments were conducted on the HPC platform, equipped ot Embedd
with 512G RAM and 128 logical cores CPU (AMD EPYC 9554). One =~ ="Peecnd

NVIDIA A100 80GB GPU is utilized for acceleration for each job, for { SAITS embedding layer |
a total of 32. The software environment is Ubuntu 12.3.0. r_jk g /
To help reproduce our Python environment easily, we freeze the devel- [ Feature vectors ] (_issing Masis |

opment environment with Anaconda and save it into file for reference,

which is available in the supplementary material. Figure 7: An overview of the adapta-

tion method for forecasting models.

D FULL EXPERIMENTAL RESULTS

In the process of constructing the TSI-Bench, to analyse the imputation and downstream task performance
of various imputation algorithms on different datasets and obtain valuable insights, we conduct extensive
experiments. Specifically, we explore the imputation effects of 28 algorithms under 5 missing patterns and
evaluate the performance of downstream tasks after imputation. It should be noted that, as PhysioNet2012
and PhysioNet2019 inherently contain a high proportion of missing data, these two datasets are not included
in the experiments with 50% or 90% missing rates.

Note that MICN fails on Pedestrian because the official implementation of its backbone cannot accept
univariate time series as input.
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Figure 8: The training methodology from SAITS (Du et al.,[2023) for the adapted forecasting models.

D.1 10% POINT MISSING

Table [6]shows The details of the datasets involved in the experiments under the 10% missing setting. Table[TT]

shows the experimental results of the evaluated methods under the 10% missing setting, including size, the
results of the three evaluation metrics previously mentioned, and inference time.

Table 6: Details of the preprocessed datasets with 10% point missingness.

| Air | Traffic | Electricity | Healthcare
Dataset | BeijingAir TItalyAir | PeMS Pedestrian | ETT_hl Electricity | PhysioNet2012 PhysioNet2019
# of Total Samples 1458 774 727 3633 358 1457 3997 4927
# of Variables 132 13 862 1 7 370 35 33
Sample Sequence Length 24 12 24 24 48 96 48 48
Time Interval 1H 1H 1H 1H 1H 15Min 1H 1H
Original Missing Rate 1.60% 0% 0% 0% 0% 0% 79.30% 73.90%
Train Missing Rate 11.69% 10.14% | 10.01% 9.79% 9.96% 9.99% 80.50% 78.45%
Validation Missing Rate 10.85% 9.77% 9.99% 10.13% 10.24% 10.00% 82.66% 80.30%
Test Missing Rate 11.19% 9.94% 10.04% 9.93% 10.06% 9.99% 82.35% 80.48%
Train Dataset Length 851 466 455 955 212 851 2557 3152
Validation Dataset Length 304 154 122 239 75 304 640 789
Test Dataset Length 303 154 150 2439 71 302 800 986

D.2 50% POINT MISSING

The details of the datasets involved are shown in Table[7] and Table [I2] shows the experimental results of
imputation with 50% point missing which is more challenging than with 10% point missing.

D.3 90% POINT MISSING

The relative details of the datasets are shown in Table[8] and able[T3|shows the imputation performance with
90% point missing. This is a relatively extreme scenario and brings difficulties in estimating the missing
values.
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Table 7: Details of the preprocessed datasets with 50% point missing.

| Air | Traffic | Electricity
Dataset | BeijingAir ItalyAir | PeMS  Pedestrian | ETT_h1 Electricity
# of Total Samples 1458 774 727 3633 358 1457
# of Variables 132 13 862 1 7 370
Sample Sequence Length 24 12 24 24 48 96
Time Interval 1H 1H 1H 1H 1H 15Min
Original Missing Rate 1.60% 0% 0% 0% 0% 0%

Train Missing Rate 50.98% 50.38% | 50.02% 49.60% 50.11% 49.99%
Validation Missing Rate 50.52% 49.70% | 50.02% 50.49% 49.49% 50.03%
Test Missing Rate 50.70% 49.96% | 50.03% 49.78% 49.97% 49.97%

Train Dataset Length 851 466 455 955 212 851
Validation Dataset Length 304 154 122 239 75 304
Test Dataset Length 303 154 150 2439 71 302

Table 8: Details of the preprocessed datasets with 90% point missing.

| Air | Traffic | Electricity
Dataset | BeijingAir ItalyAir | PeMS  Pedestrian | ETT_hl Electricity
# of Total Samples 1458 774 727 3633 358 1457
# of Variables 132 13 862 1 7 370
Sample Sequence Length 24 12 24 24 48 96
Time Interval 1H 1H IH 1H IH 15Min
Original Missing Rate 1.60% 0% 0% 0% 0% 0%

Train Missing Rate 90.21% 90.07% | 90.00% 90.37% 90.11% 90.00%
Validation Missing Rate 90.12% 89.81% | 90.01% 90.17% 89.77% 90.02%
Test Missing Rate 90.21% 89.94% | 90.00% 89.74% 90.34% 90.00%

Train Dataset Length 851 466 455 955 212 851
Validation Dataset Length 304 154 122 239 75 304
Test Dataset Length 303 154 150 2439 71 302

Table 9: Details of the preprocessed datasets with 50% subsequence missing.

\ Air \ Traffic \ Electricity
Dataset | BeijingAir ItalyAir | PeMS  Pedestrian | ETT_hl Electricity
# of Total Samples 1458 774 727 3633 358 1457
# of Variables 132 13 862 1 7 370
Sample Sequence Length 24 12 24 24 48 96
Time Interval 1H 1H 1H 1H 1H 15Min
Original Missing Rate 1.60% 0% 0% 0% 0% 0%

Train Missing Rate 50.92% 50.01% | 50.00% 50.03% 50.03% 50.00%
Validation Missing Rate 50.45% 50.02% | 50.00% 50.21% 50.00% 50.00%
Test Missing Rate 50.61% 50.02% | 50.00% 50.00% 50.10% 50.00%

Train Dataset Length 851 466 455 955 212 851
Validation Dataset Length 304 154 122 239 75 304
Test Dataset Length 303 154 150 2439 71 302
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Table 10: Details of the preprocessed datasets with 50% block missing. The values of Pedestrian are the same
as those in Table 0] because this dataset has only 1 feature that makes subsequence missing and block missing
identical.

\ Air \ Traffic \ Electricity
Dataset | "pejiingAir ItalyAir | PeMS Pedestrian | ETT_h1 Electricity
# of Total Samples 1458 T74 727 3633 358 1457
# of Variables 132 13 862 1 7 370
Sample Sequence Length 24 12 24 24 48 96
Time Interval 1H 1H 1H 1H 1H 15Min
Original Missing Rate 1.60% 0% 0% 0% 0% 0%

Train Missing Rate 51.19% 50.82% | 49.96% 50.03% 49.11% 50.73%
Validation Missing Rate 50.83% 50.97% | 50.03% 50.21% 50.42% 50.75%
Test Missing Rate 50.92% 50.28% | 50.03% 50.00% 49.58% 50.73%

Train Dataset Length 851 466 455 955 212 851
Validation Dataset Length 304 154 122 239 75 304
Test Dataset Length 303 154 150 2439 71 302

D.4 50% SUBSEQUENCE MISSING

The details of the preprocessed datasets in this setting are shown as Table[9] and table[T4]shows the imputation
results with 50% subsequence missing. It could be observed that the imputation error is generally higher
than that with 50% point missing. In this condition, the missing values in the subsequence cannot be easily
estimated from their adjacent observed data.

D.5 50% BLOCK MISSING

Table [T0] shows the relative dataset details, and table [I5]shows the imputation results under the scenario of
50% block missing. This missing pattern includes missing data across multiple dimensions at the same time
points and consecutive missing data at multiple time points, thus presenting challenges for imputation.

D.6 VISUALIZATION OF IMPUTATION PERFORMANCE

We provide the visualization of the imputation examples by different imputation methods on the ETT_h1 and
Electricity datasets. Hereby, we display only the imputation results of SAITS in Figures[9)and Results
from other imputation algorithms are available under the folder “Imputation comparison” of supplementary
material.

D.7 VISUALIZATION OF TIME INTERVALS

We conducted a detailed statistical analysis and visualization of the time intervals in the PhysioNet2012
dataset, as shown in Figures[IT] It is crucial to emphasize that the uneven time intervals in medical data
represent a significant and common issue. As the figure illustrates, features such as heart rate (HR) and
diastolic arterial blood pressure (DiasABP) tend to have shorter time intervals, while features like white blood
cell count (WBC) and sodium levels (Na) have much longer intervals. This discrepancy arises from the nature
of these measurements—vital signs like heart rate can be continuously monitored by instruments, whereas
blood tests are inherently spaced out due to the invasive nature of the procedures.

Furthermore, different types of features, such as continuous variables (e.g., HR, DiasABP) versus categorical
variables (e.g., Glasgow Coma Scale [GCS]), exhibit significant variability in their measurement intervals.
Existing methods like BRITS and GRU-D attempt to address this by incorporating decay mechanisms,
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Figure 9: Visualization of imputation performance by SAITS on the ETT_hl dataset.

where the influence of an observation decreases as the time interval increases. However, these approaches
often overlook the inherent regularity of certain medical measurements. Handling unequal time intervals in
healthcare time series is not just about filling in the gaps, but about the need to understand the context in data
collection and ensuring that imputation methods respect the temporal dynamics of the data.

D.8 EXPERIMENTS ON DOWNSTREAM TASKS

D.8.1 CLASSIFICATION

Table[T6)and [I7]show the classification performance without and with imputation. In general, the classification
performance can be improved after an imputation process for time series with missing values. This observation
is particularly evident when using XGBoost as the classification method on the PhysioNet2012 dataset with a
missing rate of 10%.

D.8.2 REGRESSION

Table[T8] [I9]and 20]show the regression performance without and with imputation under 3 different missing
patterns. It can be found that when XGBoost is used as the regression model, using advanced algorithms to
impute missing values can improve the regression performance overall. However, for some simple methods
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Figure 10: Visualization of imputation performance by SAITS on the Electricity dataset.

(such as Mean), the regression effect after imputation may not improve or may become worse, which also
shows to some extent that it is meaningful and valuable to research the missing value imputation in time
series.

D.8.3 FORECASTING

Table [21] 22] and 23] show the forecasting performance without or with imputation under different missing
patterns and show the same phenomenon when regression is the downstream task, that is, using advanced
algorithms to impute missing values can improve the performance of downstream tasks, while using simple
methods like Mean may not have a positive impact on forecasting performance.

D.9 THE TOTAL NUMBER OF EXPERIMENTS

We conduct a total of 34,804 experiments across 28 algorithms and 8 datasets, focusing on 3 angles (i.e.,
on the data level, the model level, and the downstream tasks) for a comprehensive and fair evaluation and
analysis through the experiments. Note that duplicated experiments for obtaining the final stable results are
not included here.
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Figure 11: Density distribution of time intervals across features in PhysioNet2012 dataset.

HPO experiments. For 24 neural networks, we run 100 HPO trials for each of them on each dataset, with
24 % 100 % 8 = 19, 200 experiments.

Imputation experiments. For 24 neural network models, we run 5 rounds on 8 datasets with 10% point
missing, 6 datasets with 50% point missing, 6 datasets with 90% point missing, 6 datasets with 50%
subsequence missing, and 5 datasets with 50% block missing, with 24 x5 % (8 + 6 + 6+ 6 + 5) = 3,720
experiments. We also conduct 4 % (8 + 6 + 6 + 6 + 5) = 124 experiments for 4 naive imputation methods.

Downstream experiments. Experiments on the downstream tasks are performed in 5 rounds with 4 algorithms
on each dataset imputed by 28 methods. The classification task is on PhysioNet2012 with 10% point missing
in the evaluation sets and Pedestrian with 10%, 50%, and 90% point missing, and 50% subsequence missing.
The regression and forecasting tasks are on ETT_h1 and PeMS with 10% and 50% points missing, 50%
subsequence missing and block missing. So the total number of downstream tasks is 5 * 4 * 28 x (1 +4) +
5%4%x28% (44+4)+5x4%28* (44 4) =11, 760 experiments.
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