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automation of processes. Finally, we would like to emphasize that security and ethics issues in the
use of automated systems are an ongoing process. We need to constantly update and improve our
systems so that they meet the highest standards of safety and ethics.

List of literature:

1. lvanov, A.A. Automation of technol. percent. and proc.: Textbook / A.A. Ivanov. - M.: Forum,
2018. - 272 p.
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zadeh, A.G. Skhirtladze. - M.: Infra-M, 2018. - 480 p.

3. Shishmarev, V.Yu. Automation of technological processes: Textbook / V.Yu. Shishmarev. - M.:
Academy, 2018. - 320 p.
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EXPLORING EXTRAMAE: A SCALABLE SELF-SUPERVISED APPROACH TO
SYNTHETIC TIME SERIES GENERATION
ABLETS A. V.(ablets.a.v@gmail.com)
Kryvyi Rih National University

The ExtraMAE model offers a scalable, self-supervised approach to synthetic time series
generation, addressing the lack of high-quality data in various domains. Its lightweight
architecture, fidelity, and practicality make it an effective solution for time series analysis in fields
like healthcare, finance, and environmental monitoring. By efficiently capturing temporal dynamics
and excelling in downstream tasks, ExtraMAE paves the way for the future of self-supervised time
series generation.

Introduction. Time series analysis is the study of data points collected over time to
understand trends, patterns, and make predictions. It plays a crucial role in various fields, such as
finance, healthcare, and environmental monitoring[1]. However, many domains face a lack of high-
quality data, making it difficult to train effective models. Synthetic data generation is a potential
solution to this problem, allowing researchers and practitioners to create data that maintains the
temporal dynamics of the original data[2]. The ExtraMAE model is a novel, scalable self-
supervised approach that has shown great promise in addressing this challenge[3].

The Need for Synthetic Data. In many domains, obtaining sufficient high-quality data is
challenging. For instance, healthcare data is often sensitive, containing personal information that
cannot be shared directly[1]. Similarly, financial data for rare events like market crashes is scarce,
making it difficult to study underlying mechanisms[2]. Synthetic data generation helps overcome
these limitations by creating data that closely resembles original data while maintaining its temporal
dynamics.

Existing Methods and Their Limitations. Generative Adversarial Networks (GANSs) have
been widely used for synthetic data generation[4]. While GANs can generate data that resembles
the original distribution, they often fail to capture the temporal nature of time series data effectively.
TimeGAN is another popular approach that attempts to address this issue by incorporating
supervised learning in the latent space[5]. However, TimeGAN's performance can still be limited
due to its reliance on unsupervised learning.

Introducing ExtraMAE. ExtraMAE (Masked Autoencoder with Extrapolator) is a self-
supervised model that effectively captures temporal dynamics in time series data[3]. It works by
randomly masking portions of the original time series and learning to recover the masked patches.
The model comprises three primary components: an encoder, an extrapolator, and a decoder. The
encoder operates on unmasked patches of the original time series, while the extrapolator is
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responsible for learning the latent representations of both masked and unmasked patches. The
decoder then maps the complete latent representation back into the feature space, ultimately
generating synthetic time series data that closely resembles the original data. The key innovation of
ExtraMAE lies in its self-supervised learning approach. Unlike unsupervised methods such as
GANSs, ExtraMAE directly learns the temporal dynamics of the original time series data through the
extrapolator. This method allows ExtraMAE to better capture the underlying structure and
dependencies of the original data, which ultimately leads to higher fidelity synthetic time series.

Benefits of ExtraMAE. One of the most significant advantages of ExtraMAE is its ability to
generate synthetic data that maintains the temporal dynamics of the original data. This high-fidelity
data can be used as a substitute for real-world data in various applications, such as finance,
healthcare, and environmental monitoring. By utilizing synthetic data generated by ExtraMAE,
researchers, and practitioners can overcome data scarcity issues and develop more effective models
in their respective domains. ExtraMAE's self-supervised learning approach allows it to outperform
state-of-the-art benchmarks in time series generation. Its lightweight architecture ensures that the
model is both fast and scalable, making it suitable for a wide range of applications. Additionally,
ExtraMAE can be easily adapted for various downstream tasks, such as time series classification,
prediction, and imputation[3]. Its versatility and performance make ExtraMAE a powerful tool for
synthetic time series generation.

Conclusion. The ExtraMAE model provides a promising solution for synthetic time series
generation, effectively addressing the lack of data in various domains. By capturing temporal
dynamics efficiently and excelling in downstream tasks, it offers a valuable tool for researchers and
practitioners working with time series data. ExtraMAE's success in this field could potentially usher
in a new era of self-supervised time series generation.
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CUHTETUYHI HABOPU JAHUX B ITYUYHOMY IHTEJIEKTI
AHTOHOBA A.P., OPYEHKO I.C. (allaantonova62@gmail.com)
Opnecbkuil HalllOHATbHUM TEXHOJIOTITYHUN YHIBEPCUTET

Aemopamu 30iliCHeHO aHaniz MIAYMAYeHHs NOHAMMS «CUHMEMUYHI HAOOPU OAHUXY, ICHYIOUUX
WsAxie MoOentosanHs 1 2eHepayii Oanux, ma npoodnem, sKi Maki KOMN tomepHi npozpamu
BUPIULYIOMD.

IlocranoBka npodjemu. CHHTETHYHI HA0OpU JAHWX B IITYYHOMY IHTEJIEKTI - 11e HaOOpHU
JAHHUX, CTBOPEHI ULUIAXOM MOJEIIOBAaHHS Ta TeHepalii JaHuX, 10 € IUTYYHO CTBOPEHHUMH
eK3eMIUIIpaMH peanbHuX AaHux. L{i naHi MOXyTh OyTH BUKOPHCTaHI /Il HABYAHHS TA TECTYyBaHHS
MoJieJIel MAITMHHOTO HAaBYaHHA Ta 1HIINX aJITOPUTMIB IITYYHOTO 1HTEJIEKTY.
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