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TRANSFORMERS IN MULTIVARIATE TIME SERIES FORECASTING: A
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ESMAEIL CHITGAR , MAHDIEH HASHEMINEZHAD ∗ AND SEPEHR EBRAHIMI MOOD

Abstract. Long-term forecasting of multivariate time series is a fundamental challenge in the field

of machine learning, with critical applications in numerous domains such as energy, transportation,

and financial markets. The inherent complexity of this data, stemming from seasonal patterns, non-

stationary trends, and interdependencies among variables, has constrained traditional forecasting meth-

ods. The importance of addressing this problem is evident in strategic decision-making, as the accuracy

and efficiency of predictions directly impact energy resource management, traffic control, and financial

risk analysis.

This review article provides a comprehensive framework for analyzing state-of-the-art Transformer-

based architectures in the domain of multivariate time series forecasting. The proposed framework is

structured around three main aspects: (1) quantitative performance evaluation of models on standard

datasets, (2) analysis of computational considerations including time and memory complexity, and (3)

examination of the models’ capability in handling high-frequency time series. Accordingly, prominent

models such as Autoformer, iTransformer, GTformer, FEDformer, ETSformer, and Pathformer are

reviewed and comparatively analyzed.

The findings of this review indicate that recent innovations, including the application of frequency-

domain processing, auto-correlation mechanisms, graph-based learning, and multi-scale architectures,

have simultaneously led to improvements in forecasting accuracy and computational efficiency. These

advancements outline a clear research path for the development of future architectures with a focus on

greater interpretability, better scalability, and broader generalization capabilities.
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1. Introduction

Multivariate time series forecasting represents a fundamental challenge in machine learning, with

essential applications in fields such as energy systems, transportation networks, and financial mar-

kets. The complexity of such data arises from seasonal patterns, non-stationary behaviors, and the

intricate relationships among variables, which often limit the performance of traditional forecasting

methods. Understanding and effectively solving this challenge is crucial for strategic decision-making

because improvements in prediction accuracy and computational efficiency directly influence energy

management, traffic optimization, and financial risk assessment.

The transformer architecture has emerged as one of the most important deep learning models

specifically designed for sequence processing. Initially developed for machine translation, transform-

ers demonstrate high capability in learning long-term dependencies due to their use of attention

mechanisms, and have been rapidly employed in various domains including natural language process-

ing, computer vision, and more recently in time series forecasting. Key applications of transformers

include machine translation, text summarization, computer vision, and time series forecasting, where

they show high efficiency due to their ability to understand long-term and cross-variable dependencies.

However, the application of transformers to multivariate time series forecasting faces significant

challenges such as sensitivity to noise and outliers, high computational costs for long sequences, lim-

ited interpretability, and the difficulty of modeling complex nonlinear relationships. To overcome these

obstacles and enhance prediction accuracy and efficiency, numerous research studies have been con-

ducted in recent years, leading to the emergence and development of diverse and innovative transformer

architectures.

This review article provides a comprehensive framework for analyzing advanced transformer-based

architectures in multivariate time series forecasting. The proposed framework is structured around

three main axes: quantitative performance evaluation of models based on standard datasets, analy-

sis of computational considerations including time complexity, and examination of model capabilities

in handling high-frequency time series. Accordingly, prominent models such as Autoformer, iTrans-

former, GTformer, FEDformer, ETSformer, and Pathformer are examined and compared.

This review systematically examines transformer-based models for multivariate time series forecast-

ing, covering architectural fundamentals, key innovations, and comprehensive performance evaluation.

The analysis concludes with future research directions in this rapidly evolving field.

2. Main Results

Our analysis reveals significant advancements in transformer-based approaches for multivariate

time series forecasting. This section presents a multi-dimensional evaluation framework designed
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to rigorously assess these models beyond conventional accuracy metrics, addressing critical gaps in

existing literature.

2.1. Comprehensive Evaluation Framework. Our evaluation framework systematically assesses

transformer models across three critical dimensions: predictive accuracy on standard benchmarks,

computational efficiency, and performance on high-frequency time series data. This multi-faceted

approach provides a more holistic understanding of model capabilities and limitations than traditional

evaluation methods that focus solely on prediction accuracy. In most research studies, transformer-

based models are investigated and compared mainly by using error metrics on standard datasets and

models are ranked based on these results. Despite the value of such comparisons, relying solely on

these criteria is insufficient for practical model selection. Numerous factors including computational

considerations, architectural features of models, and also their performance in specific scenarios such

as processing high-frequency time series or different sampling patterns play a determining role in the

final selection.

Three main criteria are considered for evaluating models: numerical performance on standard

datasets, computational efficiency, and performance evaluation on high-frequency time series. Fi-

nally, by synthesizing these results, we provide a roadmap for selecting models appropriate to specific

application conditions.

2.2. Quantitative Performance Analysis. Comparative evaluation of time series forecasting mod-

els based on standard and well-known datasets enables fair and systematic comparison between dif-

ferent methods. Benchmark datasets that have been widely used in previous studies including the

Electricity Transformer Temperature (ETT) dataset (hourly and minute-level), the Electricity Con-

sumption (ECL) dataset, the Traffic dataset, the Weather dataset, the Influenza-like Illness (ILI)

dataset, the Exchange Rate dataset, and the Solar Energy dataset.

For evaluating model performance, two common metrics, Mean Squared Error (MSE) and Mean

Absolute Error (MAE) are generally used. Lower values in both metrics indicate higher model ac-

curacy. The performance of selected transformer models that have been trained and evaluated on a

subset of standard datasets is summarized in the comparison table. These data have been extracted

from reliable sources and used under multivariate forecasting scenarios with different time horizons.

For each dataset, values of both metrics have been calculated and their averages have been reported

as final performance indices.

Evaluations have been conducted for four different forecasting horizons. The best performance

for each horizon is indicated by underlining. Based on the overall average errors reported in the

table, GTformer and Pathformer models show the best performance among the examined models

with the lowest squared error and absolute error values, respectively. In contrast, the Autoformer
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model shows the weakest performance with the highest error values across both measurement criteria.

Other models including iTransformer, FEDformer, and ETSformer are ranked in the middle positions.

However, this overall ranking tells only part of the story and for a complete understanding of each

model’s capabilities, more precise examination based on different criteria is necessary.

A more complete analysis of the obtained results includes: Overall prediction accuracy, Long-term

forecasting, Computational efficiency, Interpretability, High-dimensional data and interdependencies,

and Learning multi-scale and seasonal patterns. GTformer and Pathformer have the lowest average

error in total and show that they are capable of capturing temporal and cross-series correlations.

iTransformer has good performance in short horizons, but has slight accuracy drop in longer hori-

zons. FEDformer and two decomposition-based models, i.e., ETSformer and Autoformer, usually

yield higher errors, although they remain stable on some datasets.

GTformer and Pathformer models still provide satisfactory results in long-term horizons. FED-

former is also suitable for very long forecasting horizons due to computational efficiency and frequency

architecture. In contrast, Autoformer and ETSformer usually have more error in longer horizons. In

terms of computational efficiency, FEDformer is the most efficient model with near-linear complexity,

suitable for large data. iTransformer is designed for high-dimensional data and consumes less memory.

GTformer has higher computational cost but provides very good accuracy if sufficient resources are

available. Pathformer establishes a good balance between accuracy and speed.

For domains that require explainability, ETSformer and Autoformer are the best options. These

two models provide the possibility of more precise analysis with decomposition of trend and seasonal

components. FEDformer is also somewhat explainable from the frequency perspective. GTformer

clarifies cross-series relationships with graphs, though its explanation is more difficult for the end

user. For data with a high number of variables or complex relationships, iTransformer and GTformer

are superior choices. Other models have relative weakness in these conditions. Due to multi-scale

architecture, Pathformer is the best option for data with complex seasonal patterns. FEDformer also

has appropriate performance in this domain with reliance on frequency analysis. Autoformer and

ETSformer focus more on trend/seasonal separation.

2.3. Computational Efficiency Analysis. One of the main challenges in employing transformer

models for time series forecasting is their computational load and infrastructure requirements. These

considerations are particularly important in industrial applications or when dealing with large-scale

data. A review of the literature shows that each architecture has adopted specific strategies to reduce

time complexity and optimize resource consumption:
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Autoformer reduces time complexity from O(L2) to O(L logL) by replacing the standard self-

attention with an auto-correlation mechanism. This model requires moderate to high computational

resources.

iTransformer by inverting the standard architecture, considers individual time series as tokens. This

design transfers attention calculation from temporal dimension to variable dimension and transforms

the dominant complexity of the model to O(N2 · D). Since in many practical problems N ≪ L,

this model significantly reduces memory consumption and training time especially when dealing with

high-dimensional data.

FEDformer achieves linear complexity O(L) using frequency domain analysis and random selection

of Fourier modes. This characteristic makes it highly efficient for long-term forecasting with large-scale

data.

GTformer has a computational complexity of O(M · (L/P )2 + M2) and uses graph-based repre-

sentation and sequence division into patches, thus providing acceptable efficiency for datasets with a

large number of variables.

ETSformer combines exponential-smoothing attention mechanisms with frequency attention, achiev-

ing O(L logL) time complexity. In terms of resource consumption, this model falls in the intermediate

level, faster than standard transformers but heavier than linear models. This design enables the model

to capture level, growth, and seasonality of data more accurately.

Pathformer by introducing adaptive pathways, gives the model the ability to dynamically select

and compute only K scales from available M scales for each input sample. This mechanism prevents

computational waste on irrelevant scales and leads to significant reduction in computational load and

training time compared to fixed multi-scale architectures.

In general, it can be said that Autoformer and ETSformer balance between accuracy and compu-

tational cost, FEDformer and iTransformer have the most improvement in scalability and memory

efficiency, GTformer is designed for heavy multivariate data, and Pathformer is a practical option for

environments with resource constraints.

2.4. Architectural Innovations and Design Principles. Each of the evaluated models introduces

unique architectural innovations that address specific challenges in time series forecasting:

Autoformer introduces an innovative architecture in the domain of long-term time series forecasting

that is designed based on encoder-decoder structure. The main innovation of this model is that instead

of standard attention, it employs series decomposition blocks and an auto-correlation mechanism. In

each encoder layer, first the signal is decomposed into two components: trend and seasonal. The

smoothed trend is forwarded and the seasonal part is analyzed by the auto-correlation mechanism

to identify periodic patterns in historical sub-sequences. Then the feedforward network and residual
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connections cause stability and improvement of representation. In the decoder, the trend part is

gradually reconstructed and finally combined with the seasonal part to produce the final prediction.

iTransformer provides an innovative approach to employing transformer architecture for multi-

variate time series forecasting by introducing the concept of inverted transformer. The core of this

innovation is changing the common approach in data representation. Unlike conventional methods

where values of all variables at one time step are considered as one token, iTransformer considers

each time series as an independent token. This fundamental change involves swapping the temporal

and variable dimensions. In this architecture, the attention mechanism is used to understand corre-

lations between different variables instead of modeling temporal dependencies, and directly records

dependencies between variables.

GTformer, a graph-based temporal order-aware transformer, is designed for long-term forecasting

of multivariate time series and specifically focuses on dependencies between series and strict temporal

order of data. For learning relationships between time series, GTformer introduces an adaptive graph

learning method that identifies unidirectional and bidirectional relationships between series. In this

model, inputs are divided into patches and a temporal-order-aware unit produces positional mappings

so that the order of moments in data is not lost. Following this, an adaptive graph learning layer

records unidirectional and bidirectional relationships among variables.

FEDformer is an innovative architecture that overcomes limitations of conventional models in pro-

cessing long-term time series by combining time series decomposition and frequency domain analysis.

This model uses a mixture-of-experts architecture decomposition and employs Fourier transform or

wavelet transform to transfer data from time domain to frequency domain. In FEDformer architec-

ture, first the input signal is optimally decomposed into trend and seasonal parts using mixture of

experts approach. Then the seasonal part is transferred to frequency domain and attention mechanism

is applied only to a subset of dominant frequency components.

ETSformer is an interpretable model inspired by classical exponential smoothing methods, decom-

poses time series data into three interpretable components: level, growth, and seasonal. The core of

this model is based on two innovative attention mechanisms: exponential smoothing attention that

effectively models temporal dependencies with a gradual emphasis on more recent data, and frequency

attention that automatically identifies repetitive seasonal patterns using Fourier transform. In this

model’s architecture, layer-wise decomposition blocks separately extract and reconstruct each of the

three parts.

Pathformer is an advanced multi-scale transformer architecture designed for understanding temporal

patterns at different levels. This model precisely analyzes temporal features at various scales and

combines two key aspects: temporal resolution and temporal distance, to efficiently model complex

patterns. This model intelligently divides the time series into patches of different sizes and uses

102 https://dx.doi.org/10.22108/msci.2025.144922.1740

https://dx.doi.org/10.22108/msci.2025.144922.1740


Transformers in multivariate time series ..., Mathematics and Society/ 11 no. 2 (2026) 97–128

two types of specialized attention: inter-patch attention that analyzes connections between different

patches, and intra-patch attention that examines details within each patch.

2.5. Performance on High-Frequency Time Series. In the domain of time series forecasting,

one of the less explored aspects is the impact of sampling patterns on the performance of transformer

models. In many real applications including high-speed financial systems and IoT sensor networks,

data is generated with very high frequency. This unique characteristic creates fundamental questions

about the impact of sampling methods on the forecasting accuracy of models. Two main approaches

exist in sampling high-frequency data: domain increase and infill.

This difference in sampling patterns significantly affects the statistical characteristics of data. For

example, in some conditions high-frequency series suffer from induced negative correlations that can

make forecasting more difficult. Studies have also shown that asymptotic characteristics of estimators

can exhibit different behaviors in these two cases. It should be noted that most introduced standard

datasets are at medium frequency level and do not reflect actual very high-frequency conditions.

Therefore, the results of these studies cannot be fully generalized to high-frequency data and need for

more theoretical and conceptual analyses exists.

Model performance in facing these challenges is as follows: Autoformer shows separation of trend

and seasonal components and stable performance in datasets with strong autocorrelation, though

higher error has been reported in some scenarios. iTransformer shows high scalability for data with

large numbers of variables and suitable performance in short-term predictions. GTformer learns

interdependencies with graph structure, strong performance in transformer and electricity datasets,

and suitability for noisy conditions and complex cross-series dependencies. FEDformer shows high

computational efficiency with near-linear complexity and suitability for large-scale data and long-

term prediction lengths. ETSformer provides high interpretability through decomposition of level,

growth, and seasonal components, suitable for domains such as finance and medicine that require

explanation. Pathformer shows multi-scale modeling capability and complex seasonal patterns, with

strong performance in weather datasets and some transformer datasets.

The comprehensive summary of capabilities and limitations of these models is presented in a com-

parison table. The results of this analysis show that optimal model selection should not only be

based on intrinsic characteristics of data, but also should consider sampling structure and existence

of negative correlations. Understanding these complex relationships can lead to more informed model

selection and improvement of prediction accuracy in practical applications.

2.6. Interpretability and Practical Applications. Interpretability remains a critical considera-

tion, particularly in sensitive domains such as healthcare, finance, and energy management where
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understanding model decisions is as important as prediction accuracy. The evaluated models offer

varying levels of interpretability through different architectural approaches.

ETSformer and Autoformer provide the highest level of interpretability through explicit decom-

position of time series into meaningful components. This decomposition allows domain experts to

understand which components are driving the forecasts and provides valuable insights for decision-

making processes. The clear separation of trend and seasonal components in Autoformer, and level,

growth, and seasonal components in ETSformer, enables straightforward analysis of temporal patterns

and their contributions to future predictions.

FEDformer offers interpretability from a frequency perspective, enabling analysis of which frequency

components contribute most significantly to the predictions. This frequency-based interpretability

is particularly valuable for applications with strong seasonal characteristics and periodic patterns,

allowing domain experts to identify dominant frequencies and their impact on forecasting outcomes.

GTformer provides insights through its learned graph structure, revealing relationships between

different variables in multivariate time series. The adaptive graph learning mechanism identifies

meaningful connections between variables, supporting domain knowledge validation and discovery of

previously unknown relationships in complex systems.

Pathformer’s multi-scale analysis reveals which temporal scales are most informative for different

forecasting tasks. The adaptive pathway selection reveals the relevance of different time scales for

specific prediction scenarios, providing insights into temporal pattern hierarchies and their relative

importance.

iTransformer adds value by focusing on cross-variable relationships, which can be particularly useful

in applications where understanding variable interactions is important. The attention mechanisms

highlight dependencies between different time series.

The practical applications of these transformer models span numerous critical domains. In energy

management, they enable accurate load forecasting, grid optimization, and resource allocation. In

financial markets, they support risk assessment, trading strategies, and market analysis. In healthcare,

they facilitate patient monitoring, disease progression prediction, and medical decision support. In

transportation systems, they improve traffic flow optimization, demand forecasting, and infrastructure

planning. In industrial applications, they enable predictive maintenance, process optimization, and

quality control.

3. Conclusions

This comprehensive review demonstrates that transformer-based architectures have significantly

advanced the state-of-the-art in multivariate time series forecasting, offering substantial improvements

over traditional statistical methods and earlier deep learning approaches. The architectural innovations
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introduced in models such as Autoformer, iTransformer, GTformer, FEDformer, ETSformer, and

Pathformer have addressed key limitations of standard transformers while leveraging their strengths

in capturing long-range dependencies.

The synthesis of this study indicates that recent innovations, including the application of frequency

domain processing, auto-correlation mechanisms, graph-based learning, and multi-scale architectures,

have simultaneously led to improvements in both prediction accuracy and computational efficiency.

These advancements chart a clear research path for developing future architectures with focus on

higher interpretability, better scalability, and broader generalization capabilities.

The key conclusions from our analysis can be summarized as follows: First, no single architecture

emerges as universally superior across all evaluation dimensions. The optimal model choice depends

on specific application requirements, including forecasting horizon, data characteristics, computational

constraints, and interpretability needs. This highlights the importance of context-aware model selec-

tion and the value of having diverse architectural options for different scenarios.

Second, the most significant advances have come from incorporating domain-specific inductive biases

into the transformer architecture. Models that explicitly model temporal patterns such as seasonality,

trends, and periodicity generally outperform generic transformer architectures. These domain adap-

tations enable more efficient learning of temporal patterns and improve forecasting accuracy across

various applications.

Third, computational efficiency remains a critical consideration, particularly for long sequences and

real-time applications. The evolution from quadratic to linear or log-linear complexity represents a

major advancement enabling practical deployment in resource-constrained environments. The vari-

ous efficiency optimization strategies have made transformer-based forecasting feasible for large-scale

applications.

Fourth, the handling of high-frequency time series presents unique challenges that require special-

ized approaches. The differences between sampling strategies and phenomena such as induced negative

correlations necessitate careful model selection and potentially domain-specific adaptations. The vary-

ing model performance across different sampling scenarios underscores the need for continued research

in high-frequency time series forecasting.

Several important challenges and research directions remain open, providing opportunities for fu-

ture investigations: The integration of time-domain and frequency-domain approaches represents a

promising direction for future research, potentially enabling more robust handling of both short-term

patterns from dense sampling and long-term patterns from extended observation windows. Developing

models with greater robustness to the statistical peculiarities of high-frequency data would significantly

enhance practical applicability.
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The creation of more adaptive architectures that can automatically adjust their processing strategies

based on data characteristics, sampling patterns, and application requirements would reduce the need

for manual model selection and hyperparameter tuning. Improving interpretability while maintaining

competitive performance remains an important challenge, particularly for applications in regulated

domains or scenarios requiring human oversight.

The development of more comprehensive benchmark datasets that better reflect real-world high-

frequency conditions would enable more meaningful evaluation and comparison of forecasting models.

Standardized evaluation protocols and diverse application scenarios would facilitate rigorous assess-

ment of model capabilities and support reproducible research in this rapidly evolving field.

In conclusion, transformer-based architectures have fundamentally transformed the landscape of

multivariate time series forecasting. The continued innovation in this field promises even more pow-

erful, efficient, and interpretable forecasting models that will enable better decision-making across

numerous application domains. The diversity of architectural approaches and the ongoing method-

ological advancements ensure that transformer-based models will remain at the forefront of time series

forecasting research and applications, driving progress in energy management, financial forecasting,

healthcare monitoring, intelligent transportation systems, and beyond.
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