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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.

Keywords: Transformer, Multivariate, Encoder, Decoder, Time Series.

Article Type: Review Paper.

Communicated by Khalil Shafie.

Received: 14-04-2025, Accepted: 17-11-2025, Published Online: 28-01-2026.

Cite this article: E. Chitgar, M. Hasheminezhad and S. Ebrahimi Mood, Transformers in multivariate time series forecasting: a

review, Mathematics and Society, 11 no. 2 (2026) 97-128. https://dx.doi.org/10.22108/msci.2025.144922.1740 .

97


https://math-sci.ui.ac.ir
https://www.ui.ac.ir
https://orcid.org/0009-0005-8420-5023
https://orcid.org/0000-0001-5941-736X
https://orcid.org/0000-0003-3364-4251
https://dx.doi.org/10.22108/msci.2025.144922.1740

E. Chitgar, M. Hasheminezhad and S. Ebrahimi Mood, Mathematics and Society/ 11 no. 2 (2026) 97-128

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(L?) to O(LlogL) 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 @(N? - 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)? + M?) 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(Llog L) 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.

Esmaeil Chitgar
Department of Computer Science, Faculty of Mathematical Sciences, Yazd University, Yazd, Iran

Email: ec.chitgar@gmail.com

Mahdieh Hasheminezhad
Department of Computer Science, Faculty of Mathematical Sciences, Yazd University, Yazd, Iran

Email: hasheminezhad@yazd.ac.ir

Sepehr Ebrahimi Mood
Department of Computer Science, Faculty of Mathematical Sciences, Yazd University, Yazd, Iran

Email: s.ebrahimi@yazd.ac.ir

106 https://dx.doi.org/10.22108/msci.2025.144922. 1740


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

anl 5 2oL
POOY-YYYO (S, LLe (£FAY-YYEO o (ol) Lls
AWYASAY - jae ((VF00) ¥osles Y o>

https://math-sci.ui.ac.ir OL@J.@‘ SLasls \fo0 © https://www.ui.ac.ir

b itz (Slo) (s (S ) s sied 5 sdhe 2 (509
s5as0pl ) s 5 T TsIB s wage Sz e

b8 S sgn Dl 4 uile (L 55> 3 ol Wl S o pteniy Sl slagm Daeily iy S
oSl a5z 51 2L S leesls ol (G (Saaz 3ls Jbo bbb 5 Jasdex (55 Osmen (s30x0 laes> s Sl
il @3l e Cosgaon b Gty e st (e it gl Bl la Sils 5 MLl slawsy, (Jab
Ele Sonie el 5sb 4 by 2L 5 28 Sz si ST (g3, Sl Sens s dls ool J> Coes
38 e 536 Jle slacSn Jubos 5 G315 J 28 655!

S S St 57 0 ki (e €80 Sllens JdoS sl pele 2s0le (o0 Al
gloeslsas sazma bl badue s Shas (oS (b3 (1) il sad by (Jol e as i oleing Cszle anaon Sl pitans
Sl L o5 slaggm b agzlse 3 oo (U185 (6515 (¥) 5 Sy (St Jold (Slemlons Sl Ws il (Y) oy lslea
s 3358 s 5 o8 el 8] b ey sh Sz e g] il Jud 3 el o clal ol Ly VL
18 8 18 ek dslio

(Ko Sl 33l (S5 355 53 B3l 65 S0 ez 51 3l Slasals 4w oo LS aallln el (gutumer
h e sl Gl 5 Sy S 35 4 Olesen sk 4 il S puldaniz glagilane 5 SIS 5 i 5500
Cehl 5 e siiorbin VL Gl S0 b el Slagsslone dams sl 1) (Ba) (R e (B
S 0 s 93 S e

dodde -\

sk >k s a5l 1 ol ssbe STYA VO] ol ae (850 (sladae p v 51 (S5 Vo) pid 5
6\.&@.‘4\3 65)\3)5 @v\g @L\js LY 4.?-_93 rﬁ&)‘dj:fbj@ J:Jb Ag c.x.& ﬁ‘)‘uﬂ.&u 4.4;.?-‘)3 6“j ‘.Cu‘ 4SJ.\.A w‘ CAM‘
Sb e ot 3 edl s Tisel Sl Fad s ls s wsle Cilis (slass o 53 Coe s 5 3305 Dan SV b
5wl e beyshns 3 ool glas,n, S50 >0 [Yo VA 0] ol sns 8 5,850 S

039 53 0L 4 0bs Gl st w5 Geosied 5 33ge b3, sl 51 (S YO (VO] (dle e 5 o
Sl

S (Sier o5 ;'}:JK" 525 (Sslore ¢ Sla3 sl (s (iS50 GIS50) w0 itk jaysind 3 il OISy Ol
So9re Wl &4

) e s ) aasi s
VEXNVoA TSl b VE X0/ s iy b VEe /o V/Y0 il A

\"/\—"\V(\\“’O) Y o,led \ axa\> 3&:5\i) 0 Aokl @LAJ‘ 6“’(5«’“ (SR L;‘J:uf)j.i._{; dud“\"x’d)))“ ‘:}nu_g:ﬁab:u‘ 'g}“-""j:'@‘;‘u ‘* ‘;CA:? . -dli.uutl,,l
. http://dx.doi.org/10.22108/msci.2025.144922.1740

'transformer 2attention mechanism 3NLP “‘compunter vision

VeV


https://math-sci.ui.ac.ir
https://www.ui.ac.ir
https://orcid.org/0000-0003-3364-4251
https://orcid.org/0000-0001-5941-736X
https://orcid.org/0009-0005-8420-5023
http://dx.doi.org/10.22108/msci.2025.144922.1740

\Y/\—‘\V(\WO) YUL&—: AN .\l?/wl?jwélfJ cé‘}aw‘ﬂ‘ w})‘}:u.o—:l.h ‘¢ g_)fc,\:e- .

clin 63l 4 Lol ¢ Vsb ot s OIS o Lalyy 6L 5 aygins s Sblg [V] G giludods o
el 03,8 s oy 58355 (g5leaMs (6l
el os S ady il gladle s (g8 slaosls Sis 5 Jdod gl bnsassies 5 51 eslisal 2[A] 5 seelS' (ol
SHs B s 4 b ey 50 5 (o @ sl s Cw g slosls Loyt 5o Y4] @Lo) s U ®
5,1 @U\g @\J\S (GRn iy 9 Saencds 6&&;‘"“‘?\3
S tlshen age sl Al Lo itionir Sloy (slaggm (Sarte 03 Lo s 5l 5 (555584 oanie SLlse 3525 L
S gasls 5 O & el (Dsenls 5 Sael S Gl Sisly ploser iledae & ol b ol des
Obe (b nd 5 sugmy Lalyy (lade igen 5 8 (ol et SUSs (SYsb S I3 sl Vb (Sllons 450
st sla s ) Sl s i s IS 5 5 Gl 5 lon el s 4k sl 55 L) Ciliie (5la i
st o5 3 51 51l 5 6 gt (slags lome nnsi 5 sseb 4 e st Lo
o 4 ¥ ide shie o [TV] sl opsis 3 lome 5 Sl ¥ (ido s il 5 a0 i ol Jls Lo
LSL"’LSJ'“ (S Lgbg 456‘43‘);}:’ 9 ua;L: LSLDLS)L«M ¥ o 3 -.s)‘\.s).égo s Joe O:" GL.a\ 6L°’C"i’ﬁ'*’“° 9 U}n
il ot 5115 g 5 sols ol ladas ol palr (b & O s 8555 0m (e csihals Syl o i ilos
Sld b Sl slagm b azlsn 53 GLI 50 5 Slolre Dlisle ((e3us Glaslan L ) Sty 285 dlox
e 5 Sl slodssn EalS (s s5 035 4w 3 5 7 G 3 83 opl (Sl g S e 4l TV
sl Sl glag,Sier 5 bsluleiz bl 5 Ladl suorer ¢V i «Zolg 0 358 50 iz sl lons
"3‘54‘46‘ a.\Li|

adsl oy phus 5 .Y

LeS5e, 5 wSsn 55ha,m 1 Wigass 51850, ccunlonts |85 LaSie, o 510850, Lol ise 9 51 [YV] adsl jay58es 5
o) 5SS e S s oY cpuir Jols 13u 95 ol S0 g | (2 s 5 OS5 (20 5 6See b
sl sal LSS 5 gl 5 e

g o053 5 )1y sl ey 5o (Vaales b olalS) e slasls e 3555 slansls - OLlS SIS
Popita S Slay (g S ciges gl kil (Sl slacaale wilge lassss ool (Slos Lo St
sziﬁ SVES ‘\oxs‘c.o.\;g S 53 Sgb 2 Sl olay Jsb s by wsle 5,80 L;j)"} SG ) s lin Luslie Jols
ol s Tl o (B 8 bl e Sl it e S8 Glazen Do lsa 5Lad 5 Cusby s ks b
o oSy ol VTl a5 Ul S s 03 s s bl V) il 5 Sl e ol S S Lins
3 dls (Suzy pho sl 03 (sote GEB Dleosas ool LS a5l e sanlin (ad sl SIN L bossy Lo 5 0050
S a ol St (51 celin (g5 lamo o e
S 35 03Ul TS ol 51 55000 51 518 m lansls b i 15t 561550 i 3 e Sl
35 soliad (1) 31 a5 ol 5l 33 i B (s 5L 33 gl o & 6L L lS o o

(\) E=W, -x

. 31 . . . 9 . . . . . R .
noise ®high-frequency "token Puni-variate ‘multi-variate “stationary variance '*non-stationary '*word embedding

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


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

YYASAY (VF20) ¥ osled VY ale Jamals 5 (8L copuitoniz Sloj slagrm (St sl spsiai s sladus 5 (559

Candge 4 by e OLULT 9581 gl -wilssai ) (53059 15 5 remb ssbay poysind 5 - Sutd go (5510550

sl OIS s wlin slul byl G Oy gt 6)\.'5)‘») O:a\ 9l g0 slsl csl @ mg“..:.s}j.n \‘féj‘if‘}ﬁj OIS
phise SOl (53955 2 4 S

1l (V) ot adsl as5hes 555 urBsn (6510550, (sl 5o 3

. pos .

Sln(\oooo\’i/dmode|>’ k=Y
(Y) PE(pos, k) = s

cos ( > , E=Yi+\

\ cooo vi/dmodel

s 255 s bl dimoder 5 los s 4alS CasBge pos o] 55 &

o359 Az gl a4 ams e o3l e 4 S sl a0l 5 Lol s o 55053 iz 42 5 0 S
L joyshad 5 53 i Cndd CoanlS (6la Soly 5 o sl Sepe S Sisly Sgusbas (S50 Ssline sbagyss |
bl e sy b S e 5 (03005 5ol o 4 (03005 s 2 Sgimn ool & e5gm sl gz 555 51 Ysana
.,\.SL;JL..»‘_J.M
S5 5 on il GUlos 5 SLWbI B w5t e |2 (5l5e Dppon 5355 0555 aniz MY iz 5
il el |y g9y pole o eazs Luls, S50 SUlS Jae 55 e Sl S (5
10, 3979 ywdiz d> g5 4O rg.oj\:x ds
) C)Lalfx\.w DJ[:’J) Lf"\.can\ dL.s.s L Sé\d.olfa.,\;.mol..id ZMQ o
AL asls =y SleMb) el uiu Sl Lg\ulfa.x;.mo\..id DK e
g sn oaliin] Olasla 13 Colg s S sl 4lS SLML) snsplis TV o

fail o Cewsts (F) Usasp o) 3 555 loimile b (o sle oy 30k 51 sy ol

() Q=Wg-z, K=Wg-z V=W,
D ydis dle (F) sa b Goob 5l 258 Dlles
. B QKT
(Y) Attention(Q, K,V) = Softmax < N ) %4

) K ayls sl dg Jg0,8 ool s

S3ledlos wSa Jls b (2 3,800 513 Vissledls 56V <G o5 05505 a5l am Sludle S s4Y
sl (0) Dy30t s3ludlas g b -ad walss TTobal 8 Gl Sem ol 5wl wtls (gt (65lk Ja b w80 SIS
T —p

g

el (53555 lin sl Blasl 0 5 ke o o

(0) i =

b sl i ool il s s e (K K o 5l Sl an i (as S0
.;3.36» d\.o.c‘ 6‘423; Oy g0ds (63959 S L 9 b}f&u.n x| ‘51”;:-“‘ 65‘5(2“{‘5

1 Sself attention "multi-head attention Squery “key value 2'layer normalization **gradient

Yencoding  Ypositiona

Bfeedforward neural network

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


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

\Y/\—‘W(\V"O) YUL&—: AR .\l?/wl?jwélfJ cé‘}aw‘ﬂ‘ w}:\}:u.o—:l.h r g_)fc,\:e- A

b ol ol a8 b oley pile S w1y bgasss Gaysias s s TS5 (iS5 1385, bl
0 xS 580 L Gad (205 5 53008 Ol Ul o (Siely o5 05518 5l esliial b s g8 e S TOLES
35550 el £ 5 93 4 425 (LiS5e)
S84 o SIS s sla Sl 05 ST gl 5 €ils JI3850; 53 ez o5 wlin o Slas g2 355> @
S
iledae sl 1y 25,5 5 5359 DLWb] s b3, 5 wsls JiS5m; (25,5 4 055 (LS50, 4 )80, 4255 @
U PPISIF JRENCE ST Py

s 2 bt Jlisl & Wl gaiy 50V G @b 5 LS, 2o x (ols s 26 o

el aalsl s oS wen [Y4] coles 5 Lo shls cladun olo wsle ol aygans 3

oy ghe 5 s Jue sLl5e Y
5 5l Connl Sl b s3ludan gl ossn (Shs ol 1Mol Sl 5 by Ssly )3 HUls o
.\.HS@L»L.S; I = 6\.&»:\.\ sz LSL‘”)?J‘ A8 o 251 Lmjo)j.é....}j"
wile o Sloj Slagsm 5lS sl S5y Su e 3 sy sins 5 1 haad 5 Wiy sl Shs g3 ledde 43 Cudd e @
5513 Sl Sl (Sloy Slagsm 335 s sl (Shs ol cslasls g 5 Shoe s ™ b 5 Vo,
Lol b bl ond Jlael b o505 5 55 (g3anie (sbagadsd 5 Dl (pd)liw Ol 5 (6 plaGadss
33l cibrs iz by sl 5 gl 503 S dblie Slos glag e 3ledin ol

o o 5 5ladde alne LY.V
5 SDaeslisS ola Sl QLo)'rm Copde 1My o Q»obﬁdh&b QL«}‘.A ilwdde 53 Gl o
sl Sloj sl 3ladae ol Lo 2lle 51 (S5 plgen b lo Sy plobid 5 Suencdy
3 550 53 gl s Lol 5,018 ba ey s 5 o go 3525 | by sl silede 5 Sk o
sl e Do B Losm cpl sl ol s Shee (lutig 5 Sl ar s J1>

e Olislassly 5 b Sy 55505 b e les (Sl (st 357 3 a3 L o) pied 5 Jobe i 30 el 5o

o g 5
w3 Juad 5 Ly, i ogs 4 JUE Ll SISy sa a sl e STeslia] T Scans o> r‘b}&n 9 g
235 S sSN B o5 oo Jlod (Soans g 05380 Loy (b (2w 5 55800 Jia glo 4 5l lsen L) 5800
Hencoder decoder Fsoftmax  ZTtrend Zseasonal 2’ Autoformer *decomposition *'auto-correlation

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


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

208
YYASAY (VF20) ¥ osled VY ale Jamals 5 (8L copuitoniz Sloj slagrm (St sl spsiai s sladus 5 (559

b ) 258 o8 St Basior oS el i b Sl b 50l 5Ll mosie sy i (LiS5e,
olis Jue ool olere V S 55 ams o 28T Slwlbes  Siy R O3 1y e (6 et B =

S 00 0305

| Ot s |

=<

/_——\\ (e (545 sV
\ s

s s xS Shb

K3y 2038 g3l

e (s swsmS Ssl

Bos (Sles (s
4!

had i asign el b 5 095 4 g 54525 S s la) (3555 ass85) S (olene ) S
79 s $3lasl iS5 518505 53 (20 ssba Kss Rae 5 eud B3l (Shens g 0505 Lug
el had 5 L5y A3 93 e Jol> ol

Figure 1: Overall architecture ofautoformer: Input is first decomposed into trend and seasonal
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components in the series decomposition block. The seasonal component is processed by the
auto-correlation mechanism, and the trend component is gradually reconstructed in the encoder

and decoder. The final output is the sum of trend and seasonal components.

obome (5580 5 Sl 53,8y T sSKan soy5ind 5 pssin (Bimn b [VF]™ o5 sl - s igsT Y-
Wosls u:,.j\.o.’ BY @‘) 5,500 i (9l CJ:’.‘ GLd  -db3 o0 &l Cgoe SWRVES Lf.’LU‘ slag (SR LS‘J:’ ) s 3

2iTransformer **inverted transformer

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


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

\Y/\—‘\V(\\‘“O) Y{)L&—: AR .\l?/wl?Js.olfJ c)}Au’.A:.Bs“zo‘ w})‘}u.o—ll.b ‘¢ g_)fc,\:? .

el ban 4 (bl i al 3,8 a8 s i (5L G Ol |y (ke s2) (o 5 2 g 6T
Ll uiie 5 Sloj sla]

DB iz (gloitin o gl Saspr S gl (Sloj sl SKils (3ladas (ot 5 0558 (golors ol s
(Cenele i ioled o O 5,05 48 5 omn uitin 3 S05) ol 2,80 b b (Sl e 2 4 o st (o d ool B sl o
el 20 3 5 il Sl (Sles slae iy sl 2o

ot Ikl iy (LSl s o5l 5l Saud J S N850y S5 5 Lamin o st i) (55loma
3 el 3525 om0 Condpe (6313508 4 5L oL Coole Jds 4 5 350 oLl e it D0t B e
sl 00l 35w Juo (5lere y3 et sba s prie Slsl 5 55
PP @U}E @La) Lgl.aaa)'l.; BERSIFLVNTRoE W VES 6"%5‘:"’& 5 Jw Jjﬂo.c EPWINWE SV cJ.’“.»“dLE.x.a‘ @\JE w\ 3
sl \g; Sglie L;a\f.,\:u L O‘jSLSA Sa;;@\ﬁj ssls LS 6*3\3 6Lha>‘.>4.cw S92 6“.9\3) Lgbﬂ.e.cjnjjémjjd‘
Sl it slass 53 5udS ol 53 Jue ol cizen (3 la, Slos Glagm Fae St 4 e S sl sl )
ol oa osls plas Y J&.ﬁﬁ slas ol (§o575 > Joe 5 00y Sl wsyls @UL Lbf.lgd\ha.‘" $3909

i e

ol ol ol

B

ol
ol ob)

51

sigled BLaS 5o (G 19ed) om0 53 i Sla3 L re (Seig 0 (531386 LES (5o g eyl LY S

aSon @l 1 b it o gl Ssly s (g3ludan Ol 5,500, oS
Figure 2: Comparison of tokenization approaches in time series forecasting: In the conventional
method (left image) each token represents a time point, while in iTransformer (right image) each

token corresponds to a complete time series. This approach change enables direct modeling of

dependencies between variables.
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Figure 3: Architecture of GTformer: First, data is divided into patches, then the temporal-order-
aware unit creates positional embeddings. The adaptive graph learning layer learns variable
relationships, and the encoder (including transformer and graph propagation) combines multi-

hop neighbor information.
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Figure 4: Architecture of FEDformer: The input signal is decomposed into trend and seasonal
components using mixture of experts architecture. The seasonal component is transferred to
the frequency domain, attention mechanism is applied to selected frequencies, and results are

combined with the trend component to generate the final prediction.

S3loslger VS o 2 ) (Le-]‘ LS ol s Juo S [H]Wfﬁéuﬂ‘s“’é‘ 'fuéu‘"w’lﬂ -0.f
..\..SGA M&aﬁ} \‘Wﬁ) ‘YACLA JAL:: ‘..4.9 JAB)GLo‘ P dw \) @Laj S 6[.&:::.:\.53 oA @‘Jb \‘V@w
ol s gl Sl 8 053K 53 de el ol (s
Siludae S50 55be 1y Slos sla Sols Ginas Glansls 5 (2w, S,8 L S i pled (3laylsen 425 @
a8 e

Bmixture of experts *fourier transform *’wavelet transform **ETSformer *"exponential smoothing **level *’growth

https://dx.doi.org/10.22108/msci.2025. 1449221740 WY


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

WASAY (100) Yosled V) ale famels 5 (20 enitonis Sloy Glagm miin $lr saisid s sde 2 230

oo plelid S Dot 1) b (1S5 sl sSl csd Joas 5l So b S il 4z 5 o
5 S bl s plamel b i w51 G e alls jsba wVeal as sbSih (Ja opl (gilers 5o
ot ol s Sl lad oS Slels Jgiws (iS5 o5 5l (ide giladas s ol g5l lsen
s Jolo  aw ol galiad e <S55l 28
2 oy 528 gabl b Sl cmsoe Golil sl b sasses 5 4 S 1y oy 85 LS 05,5005
wp3n LS 1) (olane ool IS b 0 JSS it oo 25 (Sl psbe 5 1 S iy e (i

. Z
J‘JSJ‘A)

// \ el N ) ( B \
= s gV sl gl &5 gV sl 5T el :
(i sy i) (a2 ases ) Ci_.,.l;,.,; Yo ]| e .f

=1
)
N W

\ v v Vv Yy

, w e e 5T Y
Y saY s 5 glas Ll ) oY 5 slad Jols Y oY L A, oy O ot Y
N385, BINS9) JEZRCY J3S5,
e S T
>@

L;."S)'AJ
2 VeiY @i saSil s se wsas lad 5 ady (e (3 e 4 @005 Bl sl leme (0 JS
Fa s ealil had 5wl sl s ssbe 8 55 2l Glolser s e S b b i
e ale i dn oS5 51 ol
Figure 5: Architecture of ETSformer: Input is decomposed into three main components: level,
growth, and seasonal. Layer-wise decomposition blocks process each component separately,
with exponential smoothing attention and frequency attention specifically used for growth and

seasonal components. The final prediction results from the intelligent combination of these three

components.
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Figure 6: Architecture of Pathformer: Input is divided into multi-scale patches of different sizes
(such as daily, weekly, and monthly intervals). Dual attention mechanisms (inter-patch and
intra-patch) process these patches. The multi-scale router dynamically selects optimal patch
sizes, and the multi-scale aggregator combines the processed information to produce the final

output.
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Table 1: Evaluation of transformer models on standard datasets with two metrics: mean squared

error and mean absolute error
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