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- Introduction

Time Series Forecasting (TSF)
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Time Series Forecasting (TSF)

<« AAE o50[z

- HSEAIAE HOIHE 24010 OIS Of|=oks =X

Observed Forecast

horizon

?

Time

Data Mining
o.:.o Quality Analytics



- Introduction

Time Series Forecasting (TSF)
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- Background

Evolution of Time Series Forecasting Models
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- Background

Conventional Methods: Statistical

% Exponential Smoothing
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Evolution of Time Series Forecasting Models
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- Method

Fundamental DL models: MLP

“ Multi-layer perceptron
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- Method

Fundamental DL models: MLP

“ Multi-layer perceptron

- HUY OE 2RI =0 958 20E

Limitation O: weak temporal inductive bias
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Limitation ): fixed lookback window
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- Method

Fundamental DL models: RNN

< Recurrent Neural Network (RNN)E time series data0f] HEA| =234 271?
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- Method

Fundamental DL models: RNN
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Fundamental DL models: CNN
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- Method

Fundamental DL models: CNN
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- Method

Fundamental DL models: CNN
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- Background

Evolution of Time Series Forecasting Models
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B Related Works

Auto-comrelation
Inverse transform

Transformer
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- Background

Transformer
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B Related Works

Transformer

% Are Transformer effective for Time Series Forecasting? (Zeng et al,, AAAI 2023)
*  Transformer 7[2F LTSF 2 29| 5 0| " seffattention M= 21X A HE
«  EESt Dlinear baselines Sl "S &%} Transformer?t 24+ 22371 EH= EE K| 7|
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Are Transformers Effective for Time Series Forecasting?

Ailing Zeng'*, Muxi Chen'*, Lei Zhang?, Qiang Xu'
'The Chinese University of Hong Kong
’International Digital Economy Academy (IDEA)
{alzeng, mxchenZl, gxu}lcse.cuhk.edu.hk

{leizhang}@idea.edu.cn
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- Method

Transformer
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- Method

Transformer
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Transformer
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Transformer
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- Method

Transformer
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Transformer

- Method
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- Introduction

Evolution of Time Series Forecasting Models
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Conventional methods - Fundamental DL models -
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B Related Works

Advanced Fundamental DL models: SOFTS

%+ SOFTS: Efficient Multivariate Time Series Forecasting with Series-Core Fusion (Han et al., NeurlPS 2024)
« STARE == Sl 02 X2 HEE core representation 2 2 226110, O|F 24 X 20| CRA| T ESH= 2280l £ |2t
o OHAAE RES 2T A= H|WSHK| 2410, SH-F| core representation= 1A ZHEEC 2 HEHE =11 Hhg

SOFTS: Efficient Multivariate Time Series Forecasting
with Series-Core Fusion

Lu Han; Xu-Yang Chen; Han-Jia Ye! De-Chuan Zhan
School of Artificial Intelligence, Nanjing University, China
National Key Laboratory for Novel Software Technology, Nanjing University, China
{hanlu, chenxy, yehj, zhandc}@lamda.nju.edu.cn

Abstract

Multivariate time series forecasting plays a crucial role in various fields such as fi-
nance, traffic management, energy, and healthcare. Recent studies have highlighted
the advantages of channel independence to resist distribution drift but neglect
channel correlations, limiting further enhancements. Several methods utilize mech-
anisms like attention or mixer to address this by capturing channel correlations,
but they either introduce excessive complexity or rely too heavily on the corre-
lation to achieve satisfactory results under distribution drifis, particularly with a
large number of channels. Addressing this gap, this paper presents an efficient
MLP-based model, the Series-cOre Fused Time Series forecaster (SOFTS), which
incorporates a novel STar Aggregate-Redistribute (STAR) module. Unlike tradi-
tional approaches that manage channel interactions through distributed structures,
e.g., attention, STAR employs a centralized strategy to improve efficiency and
reduce reliance on the quality of each channel. It aggregates all series to form
a global core representation, which 1s then dispatched and fused with individual
series representations to facilitate channel interactions effectively. SOFTS achieves
superior performance over existing state-of-the-art methods with only linear com-
plexity. The broad applicability of the STAR module across different forecasting
models is also demonstrated empirically. We have made our code publicly available
athttps://github.com/Secilia-Cxy/SOFTS.
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B Motivation

Advanced Fundamental DL models: SOFTS
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- Motivation

Advanced Fundamental DL models: SOFTS
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&N

Advanced Fundamental DL models: SOFTS
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B Method

Advanced Fundamental DL models: SOFTS
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Experiment
Advanced Fundamental DL models: SOFTS

< SOFTSE 7|& YU E Ot T2 85 BOFUASTR
« 127Hel #MIX|OF3 HIO|E MM 7| E QD A8 22 CHH| E2 85

« STARAE 0|= abnomal channelO| F4t duster £ 2 H™HE|H | = @K 24

Table 2: Multivariate forecasting results with horizon H € {12,24, 48,96} for PEMS and H €
{96, 192, 336, 720} for others and fixed lookback window length L = 96. Results are averaged from

all prediction horizons. Full results are listed in Table 6. __ BeforeSTAR __ ARerSTAR
Models |50FTS (ours ) iTransformer PatchTST  TSMixer Crossformer TiDE TimesMNet DLinear SCINet FEDformer Stationary - MSE=0.414 4 MSE=0.37G . .
Metric | MSE MAE | MSE MAE |MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE . - Mf E

ECL  J0.174 0264 J0.178 0.270 |0.189 0.276]0.186 0.287|0.244 0.334|0.251 0.344]0.192 0.295]0.212 0.300|0.268 0.365]0.214 0.327|0.193 0.296 3
Traffic  [|0.409 0.267 0428 0.282 |0.454 0.286]0.522 0.357|0.550 0.304]0.760 0.473]0.620 0.336]0.625 0.383|0.804 0.509[0.610 0.376]0.624 0.340
Weather [|0.255 0.278 J0258 0.278 |0.256 0.279]0.256 0.279|0.259 0.315]|0.271 0.320|0.259 0287]0.265 0.317|0.292 0.363|0.309 0.360|0.288 0.314 i

Solar-Energd|0.229  0.256 0,233 0.262 |0.236 0.266]0.260 0.297|0.641 0.639]0.347 0.417]0.301 0.319]0.330 0.401|0.282 0.375|0.291 0.381|0.261 0.38]
ETTml 0393 0.403 0,407 0.410|0.396 0.406]0.398 0.407|0.513 0.496|0.419 0.419|0.400 0.406[0.403 0.407|0.485 0.481]0.448 0.452|0.481 0.456
ETTm2 [|0.287 0.330 0288 0.332 [0.287 0.330)0.289 0.333|0.757 0.610(|0.358 0.404|0.291 0.333]|0.350 0.401|0.571 (L.537|0.305 0.349]0.306 0.347
ETThl [|0.449 0.442 0454 0.447 |0.453 0.446]0.463 0.452|0.529 0.522]0.541 0.507]0.458 0.450]0.456 0.452|0.747 0.647[0.440 0.460]0.570 0.537
ETThZ [|0.373 0.400 J0.383 0407 0385 0.410(0.4D1 0.417]0.942 0.684|0.611 0.550]0.414 0.427]0.559 0.515|0.954 0.723|0.437 0.449|0.526 0.516 ,
PEMS03 J|0.104 0.210 0,113 0.221 [0.137 0.240[0.119 0.233|0.169 0.281|0.326 0.419]0.147 0.248]0.278 0.375]0.114 0.224]0.213 0.327]0.147 0.249 Series Embedding Series Embedding
PEMS(M [|0.102 0.208 J0.111 0.221 |0.145 0.249]0.103 0.215]0.209 0.314]0.353 0.437]0.129 0.241]0.295 0.388|0.092 0.202|0.231 0.337]0.127 0.240 (a) (b)

PEMS07 J|0.087 0.184 0,101 0.204 |0.144 0.233|0.112 0.217|0.235 0.315|0.380 0.440]0.124 0.225]0.329 0.395]0.119 0.234]0.165 0.283]0.127 0.230
PEMSO8 [|0.138 0.219 §0.150 0.226 |0.200 0.275]0.165 0.261|0.268 0.307|0.441 0.464]0.193 0.271|0.379 0.416|0.158 0.244|0.286 0.358|0.201 0.276
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Evolution of Time Series Forecasting Models
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B Related Works

Advanced transformer: TimeXer

< TimeXer: Empowering Transformers for Time Series Forecasting with Exogenous Variables (\Wang et al,, NeurlPS 2024)
. 0= CjA == endogenous variable2 F11, X}7| AHAIQ| 1tH S22 patch-level seff-attention 2 SH
«  LIHX| H e 218 HE-E exogenous variableZ 2.1, variate-level tokenS 2 H3

« OS5 O B8 S = SEN o= RHTSHHA, coss-attention= &0l 2l B YEE UEHo= 2F

TimeXer: Empowering Transformers for Time Series
Forecasting with Exogenous Variables

Yuxuan Wang; Haixu Wu; Jiaxiang Dong, Guo Qin, Haoran Zhang,
Yong Liu, Yunzhong Qiu, Jianmin Wang, Mingsheng Long™
School of Software, BNRist, Tsinghua University, Beijing 100084, China
{wangyuxu22,whx20,djx20,qinguo24,zhang-hr24,liuyong21,qiuyz24}@mails.tsinghua.edu.cn
{jimwang,mingsheng}@tsinghua.edu.cn

Abstract

Deep models have demonstrated remarkable performance in time series forecasting.
However, due to the partially-observed nature of real-world applications, solely
focusing on the target of interest, so-called endogenous variables, is usually insuf-
ficient to guarantee accurate forecasting. Notably, a system is often recorded into
multiple variables, where the exogenous variables can provide valuable external
information for endogenous variables. Thus, unlike well-established multivariate or
univariate forecasting paradigms that either treat all the variables equally or ignore
exogenous information, this paper focuses on a more practical setting: time series
forecasting with exogenous variables. We propose a novel approach, TimeXer,
to ingest external information to enhance the forecasting of endogenous variables.
With deftly designed embedding layers, TimeXer empowers the canonical Trans-
former with the ability to reconcile endogenous and exogenous information, where
patch-wise self-attention and variate-wise cross-attention are used simultaneously.
Moreover, global endogenous tokens are learned to effectively bridge the causal
information underlying exogenous series into endogenous temporal patches. Ex-
perimentally, TimeXer achieves consistent state-of-the-art performance on twelve
real-world forecasting benchmarks and exhibits notable generality and scalability.
Code is available at this repository: https://github.com/thuml/TimeXer.
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Advanced transformer: TimeXer
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- Method

Advanced transformer: TimeXer
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B Method

Advanced transformer: TimeXer

 TimeXer2| TH[XQ! OF7|HX = O ZA| +/8xl0] AST?
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Advanced transformer: TimeXer
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Advanced transformer: TimeXer

< WdEet o o PRE ofTA EEEN
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- Experiment

Advanced transformer: TimeXer

< TimeXer2 exogenous PHE AN 2 & M2
«  77HS| HIX|Or= H|O|EAI0M 7 [E Q/CD AIE &2

o
—
- QS EE| 7|E R TH| 3EE s ds= EoE

Table 3: Multivariate forecasting results. We compare extensive competitive models under different
prediction lengths following the setting of iTransformer [23]. The look-back length L is set to 96 for

all baselines. Results are averaged from all prediction lengths S = {96, 192, 336, 720}.

Model | TimeXer iTransformer RLinear PatchTST Crossformer TiDE TimesNet DLinear SCINet Autoformer

Metric [MSE MAE|MSE MAE |MSE MAE|MSE MAE|MSE MAE |MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE
ECL [0.1710.270/0.178 0.270 [0.219 0.298[0.205 0.290[0.244 0.334[0.251 0.244]0.192 0.2950.212 0.300/0.268 0.365]0.227 0.338

Weather|0.2410.271/0.258 0.278 |0.2720.291/0.259 0.281/0.259 0.3150.271 0.320]0.259 0.287|0.265 0.317|0.292 0.363|0.338 0.382
ETThI |0.4370.437/0.454 0.447 |0.446 0.434]0.469 0.454/0.529 0.5220.541 0.507]0.458 0.450(0.456 0.452/0.747 0.647|0.496 0.487
ETTh2 |0.367 0.396|0.383 0.407 |0.374 0.398|0.387 0.407|0.942 0.684|0.611 0.550]0.414 0.427|0.559 0.515)|0.954 0.7230.450 0.459
ETTm1]0.3820.397/0.407 0.410 |0.414 0.407]0.387 0.400|0.512 0.496 |0.419 0.419]0.400 0.406(0.403 0.407|0.485 0.481|0.588 0.517
ETTm2|0.2740.322/0.288 0.332 |0.286 0.327/0.281 0.326|0.757 0.610/0.358 0.404/0.291 0.333]0.350 0.401|0.571 0.537/0.327 0.371
Traffic [0.4660.287/0.428 0.282 |0.626 0.378|0.481 0.304/0.550 0.304 |0.760 0.473/0.620 0.336(0.625 0.383|0.804 0.509/0.628 0.379
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A Decoder-only Foundation Model for Time-Series Forecasting (Das et al., ICML 2024)
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A DECODER-ONLY FOUNDATION MODEL FOR TIME-SERIES
FORECASTING

A PREFRINT
Abhimanyu Das Weihao kong Rajat Sen Yichen Zhou

Google Research
{abhidas, weihacokong, senrajat, yichenzhoul@google.com

April 19, 2024

ABSTRACT

| Motivated by recent advances in large language models for Natural Language Processing (NLP). we
design a time-series foundation model for forecasting whose out-of-the-box zero-shot performance
on a variety of public datasets comes close to the accuracy of state-of-the-art supervised forecasting
models for each individual dataset. Our model 15 based on pretraining a decoder style attention
maodel with input patching, using a large time-series corpus comprising both real-world and synthetic
datasets. Experiments on a diverse set of previously unseen forecasting datasets suggests that the
model can yield accurate zero-shot forecasts across different dmnuim. forecasting horizons and
temporal granularities.
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