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I Time Series Are Everywhere

« What are time series?  Time series are everywhere
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I Time Series Data

« What are time series?
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Time Series Analysis

« Forecasting

Disease propagation Electricity demand
) Forecasts _
| * Long-term planning
N W - Early warning
T _ + Better management
Observations '
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Time Series Analysis
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https://www.aeon-toolkit.org/en/stable/examples/classification/classification.html



I Time Series Analysis

« Generation

| w— Target time series with true MO
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. . « Better planning and management

» Privacy preserving

» More data and applications
“A cold front moved through the area on Day 4, lasting until Day 6” PP
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I Timeline

« Before 2022

2019
Deep Time Series Models TimeGAN

o
»

1960 1982

Holt-Winter | ARIMA Graph WaveNet

TCN DeepAR
Statistic Models LSTM DCRNN MTGNN
2012 2018 2020
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https://ise.thss.tsinghua.edu.cn/~mlong/doc/foundation-models-for-time-series-analysis-gaitc23.pdf
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I Timeline

o After 2022 2023 2024
? TFM (GGT) ® UnisT
2022 I LLM-Mob , GeoEM
STEP. SPGCL : NYUTron : OpenCity
FouréastNet : ClimaX : ControlTraj
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'y : oy
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0ee ' & TMeGPT-1 ! ¢ Moment, TTMs
2023 2024
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I Timeline

o After 2022

2022

STEP, SPGCL
FourCastNet
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2022

2023

TS2Vec
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TimeGPT-1
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Scale & Capability
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I Deep Time Series Models

 Architecture
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Transformer Models Non-Transformer Models Diffusion Models
- Encoder-only -RNNs -MLP -TCNs - Unconditioned
- Decoder-only - - Conditioned
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Liang, Y., Wen, H., Nie, Y., Jiang, Y., Jin, M., Song, D., ... & Wen, Q. (2024). Foundation models for time series analysis: A tutorial and survey. In KDD’'24



Deep Time Series Models

* Pipeline
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Liu, Y., Zhang, H,, Li, C., Huang, X., Wang, J., & Long, M. Timer: Generative Pre-trained Transformers Are Large Time Series Models. In ICML’24.



Scaling Laws
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Transformer-based Models
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Das, A., Kong, W., Sen, R., & Zhou, Y. A decoder-only foundation model for time-series forecasting. In ICML’24.
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I Transformer-based Models

(a) Forecasting performance

(b) Scalability
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Das, A, Kong, W., Sen, R., & Zhou, Y. A decoder-only foundation model for time-series forecasting. In ICML'24.




I Transformer-based Models

Time Series Tokenization

Historical Time Series
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Ansari, A. F., Stella, L., Turkmen, C., Zhang, X., Mercado, P, Shen, H., ... & Wang, Y. (2024). Chronos: Learning the language of time series. arXiv preprint arXiv:2403.07815.
Heilbron, M., Ehinger, B., Hagoort, P., & De Lange, F. P. (2019). Tracking naturalistic linguistic predictions with deep neural language models.arXiv preprint arXiv:1909.04400.
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I Transformer-based Models
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Transformer-based Models
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Transformer-based Models
(Encoder-only)
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Woo, G., Liu, C., Kumar, A, Xiong, C., Savarese, S., & Sahoo, D. Unified Training of Universal Time Series Forecasting Transformers. In ICML' 24.



I Transformer-based Models

(a) Probabilistic forecasting

Zero-shot Full-shot Baseline
MOIRAIgpman  MOIRAIgge MOIRAI gy PatchTST TiDE TFT DeepAR AutoARIMA  Seasonal Naive
N CRPS 0072 0.055 0.050 00524000 0.048£0.00 0.050:0.00 0.065:0.01 0327 0.070 e
Electricity MSIS 7.999 6.172 5.875 574410.12 5.672+0.08 6.278:0.24  6.893:0.82 29.412 35.251
CRPS 0.471 0.419 0.406 0518+0.09 0420+000 0.446:0.03  0.431+0.01 1.055 0.512 i
Solar MSIS 8.425 7.011 6.250 8447+1.59 13.754+032 8.057+3.51 11.181:0.67 25.849 48.130
CRPS 0.103 0.093 0.098 0.082+0.01 0.077+0.00 0.087+0.00  0.121+0.00 0.124 0.151 D
‘Walmart MSIS 9.371 8.421 8.520 6.005:021 6.258+0.12 8.718:0.10 12.502+0.03 9.888 49.458
CRPS 0.049 0.041 0.051 0.059+0.01 0.054+000 0.043:0.00 0.132:+0.11 0.252 0.068
Weather MSIS 5.236 5.136 4.962 77594049 8.095+1.74 7.791:0.44 21.651+17.34 19.805 31.293
CRPS 0.173 0.116 0.112 0.112+0.00 0.110+0.01  0.110£0.01  0.108+0.00 0.589 0.257 ey Pover)
Istanbul Traffic  MgIS 5.937 4.461 4277 3.813+0.09 4.75240.17 4.057:0.44  4.094:0.31 16.317 45.473
CRPS 0.048 0.040 0.036 0.054+0.01  0.046+001 0.039:0.00  0.066+0.02 0.116 0.085
Turkey Power SIS 7.127 6.766 6.341 8978+0.51 85794052 7.943:031 13.520:1.17 14.863 36.256

(d) Turkey Power-2

(b) Long sequence forecasting

Zero-shot Full-shot /V\
MOIRAIgyn  MOIRAIg, MOIRAL,y, iTransformer TimesNet PatchTST Crossformer TiDE DLinear SCINet FEDformer -
MSE 0.400 0.434 0.510 0.454 0.458 0.469 0.529 0.541  0.456 0.747 0.44 rin il
ETThl MAE 0.424 0.438 0.469 0.448 0.450 0.455 0.522 0507  0.452 0.647 0.46 e
MSE 0.341 0.345 0.354 0.383 0.414 0.387 0.942 0.611  0.559 0.954 0.437
ETTh2 MAE 0.379 0.382 0.376 0.407 0.497 0.407 0.684 0.550  0.515 0.723 0.449
MSE 0.448 0.381 0.390 0.407 0.400 0.387 0.513 0419  0.403 0.486 0.448 —
ETTml MAE 0.409 0.388 0.389 0.410 0.406 0.400 0.495 0419  0.407 0.481 0.452
MSE 0.300 0.272 0.276 0.288 0.291 0.281 0.757 0.358 035 0.571 0.305
ETTm2 MAE 0.341 0.321 0.320 0.332 0.333 0.326 0.611 0404  0.401 0.537 0.349 T
- MSE 0.233 0.188 0.188 0.178 0.193 0.216 0.244 0252 0212 0.268 0.214 = p—
Electricity MARE 0.320 0.274 0.273 0.270 0.295 0.304 0.334 0.344 0.3 0.365 0.327
MSE 0.242 0.238 0.259 0.258 0.259 0.259 0.259 0271  0.265 0.292 0.309 W
Weather  MAR 0.267 0.261 0.275 0.278 0.287 0.281 0315 0320 0317 0.363 0.36 .
(d) ETTm1-2
KDD'24 Tutorial of Foundation Models for Time Series 19

Woo, G., Liu, C., Kumar, A, Xiong, C., Savarese, S., & Sahoo, D. Unified Training of Universal Time Series Forecasting Transformers. In ICML' 24.



I Transformer-based Models
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Goswami, M., Szafer, K., Choudhry, A., Cai, Y., Li, S., & Dubrawski, A. MOMENT: A Family of Open Time-series Foundation Models. In ICML’24.
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Non-Transformer Models

TimesNet is stacked by TimesBlocks in a residual way

TimesBlock learns representations in 2D space

¥ Intraperiod: adjacent area, short-term variations

v" Interperiod: same phase in adjacent periods, long-term variations
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Wu, H., Hu, T., Liu, Y., Zhou, H., Wang, J., & Long, M. TimesNet: Temporal 2D-Variation Modeling for General Time Series Analysis. In ICLR’23. 21

https://ise.thss.tsinghua.edu.cn/~mlong/doc/foundation-models-for-time-series-analysis-gaitc23.pdf



Non-Transformer Models

Long-term Forecasting

(MSE)
0.50 Anomaly Detection
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(a) Performance overview (b) Model generality
Wu, H., Hu, T., Liu, Y., Zhou, H., Wang, J., & Long, M. TimesNet: Temporal 2D-Variation Modeling for General Time Series Analysis. In ICLR’23. 22
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I Non-Transformer-based Models
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Non-Transformer-based Models

Data |TTMg|TTMg|TTM,| Moiraig Moiraip Moirai;, TimesFM
ETTHI [0.394]0404| 04 | 04 0.434 0.51 0.479 NModel [OPU TIME (ms) Params (M) MEM(GR) CPUTIVE ©)
ETTH2 |0.345(0.335(0.333| 0341 0.346 0.354 0.403 Chronoe: 303 e e 340
ETTMI1 |0.386| 0.38 |0.362| 0.448 0.382 0.39 0.429 2024) (298X) @51X) | @67%) | (239KX)
ETTM2 |0.281|0.271 | 0.252 0.3 0.272 0.276 0.334 Chronos;, 1393 709 41 2352
Weather |0.237(0.238 | 0.231 0.242 0.238 0.26 - (2024) (298X) (886X) (683X) (240KX)
Electricity| 0.205[0.194|0.192| 0.233 0.188 0.188 - Chronoss 1386 46 6 2349
Size' | IM | 4M | 5M | 14M 91M 311IM 200M 20 (zli‘;{:) (588") UOSX) (z‘z‘goKf)
TIMy f-imp(%) s-imp(X) 6% T 14X 1]1% | 91X 1]4% 1 311X 7|15% 1 200X | o | @70 a0 | @ | @sexo
TTMg f-imp(%) s-imp(X) |7% 14X 1 (1% 123X 1| 6% 178X 1 |16% 1 50X 1 GPT4TS 13.9 87 1.34 0.3
TTM, fimp(%) s-imp(X) |10% 13X 1|4% 1 18X 1| 9% 1 62X 1 | 19% 1 40X 1 NewlP$'23)| (3% 109%) | (36X) (26X)
Zero-shot forecast-improvement (f-imp) and model size-improvement (s-imp) Lag-Llama 1619 24 02 37.5
of TTM over Moirai and TimesFM. (2024) (346X) 3X) (3X) (3830X)
Moirais 205 12 0.1 14
Data |TTMpg|TTMg|TTM,| Chronosy | Chronosg Chronosg Chronos;, Lag-llama (ICM_L "24) (44X) (18X) (2X) (141X)
ETTHI |0.204]0.227[0.214] 0311 0.302 0.252 0.266 0.334 Moirai, 693 311 2 10.5
ETTH2 |0.131|0.151|0.162| 0.177 0.16 0.164 0.155 0.168 (CML "24) (148X) (389%) | 33X) (1070X)
ETTM1 |0.206|0.239| 0.19 | 0.839 0.486 0.49 0.538 0.842 Moiraig 335 i 1 4.1
ETTM2 |0.1240.128 |0.117|  0.206 0.174 0.19 0.187 0.308 (dCML "24) (72X) a14x) | (17X%) (421X)
Weather |0.039|0.032(0.043|  0.043 0.046 0.03 0.033 0.126 Moment-L 88 348 8 14
Electricity| 0.335(0.351(0.349|  0.423 0.377 0.344 0.339 0.393 (ICML *24) (19X) 435%) | (33X) (144X)
Traffic |0.246| 0.24 [0.244| 0.291 0.3 0.28 0.269 0.243 TimesFM 24 200 2 04
Siza | IM | 4M | 5M | M 46M 201M 709M 3M (ICML "24) 6X) @250%) | (3%) (46X)
TTMjg foimp(%) s-imp(X) |32% 1 8X 1|26% 1 46X 1|17% 1 201X 1/18% 1 709X 1]40% 1 3X 1 - - L
TTMp fimp(%) s-imp(X) |30% 12X 124% 1 12X 1/ 15% 150X 1 16% 1 177X 137% 11X || comPt oot (mm e e ot e o e etere
TTM, f-imp(%) s-imp(X) |28% T2X 1) 22% 79X 1|12% T40X 1T [13% T 142X 1|37% 72X | (Params), and maximum GPU memory usage (MEM) are reported.

Zero-shot forecast-improvement (f-imp) and model size-improvement (s-imp)
of TTM over Chronos and Lag-Llama.
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« Generating time series data using a diffusion model that maps Gaussian vectors to signals resembling those in a given dataset

KDD'24 Tutorial of Foundation Models for Time Series
Yuan, X., & Qiao, Y. Diffusion-TS: Interpretable Diffusion for General Time Series Generation. In ICLR’24



| Diffusion Mode
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(b) Unconditional gen.
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Table 1: Results on Multiple Time-Series Datasets (Bold indicates best performance).

Metric | Methods | Sines | Stocks | ETTh | MuJoCo | Energy | fMRI
Diffusion-TS | 0.006+.000 | 0.147+.025 | 0.116+.010 | 0.013+.001 | 0.089+.024 | 0.105+.006
Context-FID TimeGAN 0.101+.014 | 0.103£.013 | 0.300+.013 | 0.563+.052 | 0.767+.103 | 1.292+218
Score Tll_'chAE 0.307+.060 | 0.215+£.035 | 0.805+.186 | 0.251+.015 | 1.631+.142 | 14.449+969
Diffwave 0.014£.002 | 0.232+£.032 | 0.873£061 | 0.393£.041 | 1.031+.131 | 0.244+£018
DiffTime 0.006£.001 | 0.236+.074 | 0.299+£.044 | 0.188+.028 | 0.279£.045 | 0.340£.015
(Lower the Better) Cot-GAN 1.337+£.068 | 0.408+.086 | 0.980+.071 | 1.094+.079 | 1.039+.028 | 7.813+.550
Diffusion-TS | 0.015+.004 | 0.004£.001 | 0.049+.008 | 0.193£.027 | 0.856+.147 | 1.411+.042
Correlational nmeGAN 0.045£.010 | 0.063£.005 | 0.210+.006 | 0.886+.039 | 4.010+.104 | 23.502+.039
Score TimeVAE 0.131£.010 | 0.095+£.008 | 0.1112020 | 0.388+.041 | 1.688+.226 | 17.296+.526
Diffwave 0.022+.005 | 0.030£.020 | 0.175+.006 | 0.579+.018 | 5.001+.154 | 3.927+.049
DiffTime 0.017+.004 | 0.006+.002 | 0.067+.005 | 0.218+.031 | 1.158+.095 | 1.501+.048
(Lower the Better) Cot-GAN 0.049£.010 | 0.087£.004 | 0.249+.009 | 1.042+.007 | 3.164£.061 | 26.824+.449
Diffusion-TS | 0.006£.007 | 0.067£.015 | 0.061£.009 | 0.008+.002 | 0.122+.003 | 0.167+.023
Discriminative TimeGAN 0.011+.008 | 0.102+£.021 | 0.114£.055 | 0.238+.068 | 0.236+.012 | 0.484+.042
Score Tn_neVAE 0.041£.044 | 0.145£.120 | 0.209+£.058 | 0.230£.102 | 0.499£.000 | 0.476£.044
Diffwave 0.017+.008 | 0.232+£.061 | 0.190+.008 | 0.203+.096 | 0.493+.004 | 0.402+.029
DiffTime 0.013£.006 | 0.097+£.016 | 0.100+.007 | 0.154+.045 | 0.445+.004 | 0.245+.051
(Lower the Better) Cot-GAN 0.254£.137 | 0.230£016 | 0.325£.099 | 0.426£.022 | 0.498£.002 | 0.492£.018
Diffusion-TS | 0.093£.000 | 0.036£.000 | 0.119+.002 | 0.007+.000 | 0.250£.000 | 0.099+.000
Predictive TimeGAN 0.093£.019 | 0.038+£.001 | 0.124+.001 | 0.025+.003 | 0.273+.004 | 0.126+.002
Score Tu_'neVAE 0.093+.000 | 0.039£.000 | 0.126+.004 | 0.012+.002 | 0.292+.000 | 0.113£.003
Diffwave 0.093+.000 | 0.047£.000 | 0.130£001 | 0.013£.000 | 0.251£.000 | 0.101£.000
DiffTime 0.093+.000 | 0.038+.001 | 0.121+.004 | 0.010£.001 | 0.252+.000 | 0.100£.000
(Lower the Better) Cot-GAN 0.100£.000 | 0.047£.001 | 0.129+£.000 | 0.068+.009 | 0.259+.000 | 0.185£.003
| Original | 0.094£.001 | 0.036£.001 | 01212005 | 0.007+.001 | 0.250+003 | 0.090+001
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Pre-training Pipelines

Data Pool
Normalized Merging :’ Single-variate series i
t -7 -q:‘ W\w i
!
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> !A Windowed Sampling & Projecion Y (__Tokens | |~ Autoregression _ 3
4 ! ( Global lookback )
/I \/\/\/w u-/\/p/‘ \/\/W ( Flattening ) [ Token | ( Token Projection )
. )/ S3: single-series sequence DD Embeddings |
4 R g l Generative Objective [ Trm Blocks ] / Trm Blocks /
-, (No masking) r (Causal masking)
/\/\\/\/\“’\/\/‘ Input Model Output S fesfeaYen) e Tokens ] B3
Variates from diversg E/\/\/w w @ Encoder-only Pipeline Decoder-only (Timer)

datasets and domains " Context Length Pre-training at scale

* The model observes sequences from different periods and different datasets
* Increasing the pre-training difficulty and directing more attention to the temporal variation

« S3does not require time alignment, and single-series sequences are regarded as standard sentences of time series
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I Pre-training Pipelines

{Exchange rate data with} —

& :
" @ i \W Y G i M daily sampling rate. :._'J;i;: - . )
S Domain Instructions : :
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‘\ Corrupted Time Series L_&_ : /J Decoder
"""" Time Series Tokenizer
» Cross-domain learning + Domain Instructions
» Construct batches of data by randomly selecting instances from the data pool
« Data pool consists of training data across 8 different time series dataset
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I Pre-training Pipelines

Table 2: Forecasting performance comparisons. The input sequence length is set to 36 for the Illness dataset and 96 for the
others. The predictive lengths are set to {24,36, 48,60} for Illness, and {96, 192,336,720} for others. Avg is averaged over all
predictive lengths. Note that we bold the best performance among models trained across datasets, which is on the left-hand
side of the two vertical lines, and we bold and underline the best performance for the entire row.

Models Trained Across Datasets Models Trained on Each Dataset
Method UniTime [ GPT4TS" IPalchTST" GPT4TS" {PatchTST' I TimesNet | DLinear [ NSformer IFEDfonner]Authormer| Informer
MSE MAE | MSE MAE | MSE MAE || MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE_MAE | MSE MAE | MSE MAE | MSE_MAE
96 0.322 0.363]0.509 0.463[0.927 0.604 [[0.335 0369 0.344 0373|0338 03750345 0.372]0.386 0398 | 0379 0.419[0505 0.475[0.672 0571
2| 192 |0366 03870537 0.476|0.964 0.620 || 0.374 0.385| 0367 0386 [0.374 0.387|0.380 0.389 | 0.459 0.444 | 0.426 0.441|0.553 0.496|0.795 0.669
E| 336 [0.398 0.407|0.564 0488|1041 0.656 |[0.407 0.406|0.392 0.407 | 0.410 0.411 [ 0.413 0.413|0.495 0.464 | 0.445 0.459|0.621 0.537 1212 0.871
Table 6: Details of the training, validation, and testing set partitions, as well as the configurations specific to different domains. M 720 10454 0.44010.592 0.504)0.950 0.636 || 0.469 0.442 | 0.464 0.442)0.478 04500474 0453 | 0.585 0516 | 0.543 0.480|0.671 0.561|1.166 0.823
— - - — . - Avg [0.385 0.399[0.551 0.483[0.971 0.629 |[0.396 0401 | 0392 0.402 | 0400 0.406 | 0.403 0.407 | 0.481 0.456 | 0.448 0.452|0588 0517|0961 0.734
Dataset | Training #Validation #Testing Batch Size Oversample Times _Stride Domain Tstructions 96 |0.183 0.220 0.304]0.240 0.318 |[0.190 0.275 [0.177 0.260] 0.187 0.267 | 0.193 0.202 [ 0.192 0.274| 0.203 0.287 |0.255 0.339[0.365 0.453
ETTml 34,465 sz 152l 64 g 16 Electricity transformer A data with fifteen minutes sample rate. 2| 192 |01 0.287 0338 |0.301 0.352|(0.253 0.313 |0.246 0.305|0.249 0.309 | 0.284 0.362 | 0.280 0339 | 0.269 0.326 |0.281 0340|0.533 0.563
g?:lz 3;’54:55 121"85;11 121,‘;3211 s: g i: Ele;:::tl:i l“;:fi’;;::ﬁffz:::ﬁﬁi“ﬂ'E;i:‘::;:ﬁ":;zate E| 336 |0319 0337 0367|0367 0391 ||0321 0360 [0.305 0.343 | 0321 0351|0369 0427 | 0.334 0361 [ 0325 0366|0339 0372|1363 0.887
FTThz §.545 2881 881 2 0 1% Electricity transformer B data with one hour sample rate. = o720 |0.420 0.430 0.416[0.451 0.432 {0411 0.406 | 0410 0.405 |0.408 0.403 | 0.554 0.522 | 0.417 0.413 [ 0.421 0.415]0.433 0.432|3.379 1.338
Electricity | 18317 2633 5261 24 0 " Power consumption data with hourly sample rate. Avg |0.293 0321 0.356]0.340 0.373 |[0.294 0339 [0.285 0.328] 0.291 0333 | 0.350 0.401 | 0.306 0.347 | 0.305 0.349|0.327 0.371|1.410 0.810
Weather 36,792 5.271 10,540 64 0 16 Meteorological indicator data with ten minutes sample rate. 96 [0.397 0.449 0.424[0.409 0.403[[0.398 0424|0404 0413|0384 0402 | 0.386 0.400] 0513 0.491[0.376 0.419[0.449 0459|0865 0.713
Exchange 5,120 665 1,422 24 0 16 Exchange rate data with one day sample rate. —| 192 |0.43a 0.503 0.453|0.467 0444 [|0.449 0.427| 0454 0440 | 0.436 0429 [ 0.437 0432|0534 0.504 [0.420 0.448|0.500 0.482|1.008 0.792
Iliness £17 L 170 1s 12 4 Patient munber data with one week sample rate. E 336 |0.468 0.540 0.477|0.509 0.472 ||0.492 0466 | 0.497 0462 | 0.491 0.469 | 0.481 0.450 | 0.588 0.535 |0.459 0.465|0521 0.496|1.107 0.809
Table 7: Variants of domain instructions. =720 {0469 0.515 0.4890.503 0.485 |[0.487 0483 | 0496 0481|0521 0500|0519 0516 |0.643 0616|0506 0507|0514 0.512[1.181 0.865
Avg |0.442 0.502 0.461]0.472 0451 ||0.457 0.450 | 0.463 0.449 | 0.458 0.450 | 0.456 0452 | 0.570 0.537 | 0.440 0.460 |0.49% 0.487 | 1.040 0.795
Variants  Prompts for ChatGPT Example 1 Example 2 — —
r—— metcorolopil Indicator datn wilh ton exchange rate dats with ome day samapie rate 96 [0.296 0.345]0.303 0.349[0314 0361 [[0312 0360 ] 0312 0358 0340 03740333 0387 ] 0.476 0.458 | 0356 0397 [0346 0.388]3.755 1.525
¢ o) 192 |0.374 0391 0399|0407 0411 ({0387 0.405 [ 0397 0.408 [ 0402 0414 [ 0477 0476|0512 0.493 | 0.429 0.439|0.456 0.452[5602 1.931
i i minute sample rate. E 336 |0.415 0422 0428|0437 0443 |[0.424 0437 0435 0440|0452 0452 | 0.594 0541|0552 0.551 | 0.496 0.487 |0.482 0.486 4721 1.835
Short Rephrase the following text shorter: {instruc-  ten-minute meteorological data. daily exchange rate data. S| 720 |0.425 0444 [0.429 0449|0434 0.448 |[0.433 0.453 | 0.436 0.449 | 0.462 0.468 | 0.831 0.657 | 0.562 0.560 | 0.463 0.474|0.515 0511 |3.647 L625
tion}. _ _ S _ Avg |0.378 0.403 |0.386 0.406|0.398 0.416 |[0.389 0.414 | 0395 0.414 | 0.414 0427 | 0.550 0.515 | 0.526 0516 | 0.437 0.449|0.450 0,459 |4431 1.729
Expand Rephrase the following text longer: {instruc- the dataset for meteorological indicators  the dataset for exchange rates provides com- _
tion). presents detailed information, with data prehensive information, with data points .| 9 [o.19 0.232 0321]0.198 0.290 [[0.197 0.290 [ 0.186 0.269[0.168 0272 0.197 0.282[0.169 0.273 | 0.193 0.308[0.201 0.317[0.274 0368
points collected at specific ten-minute in-  recorded at consistent one-day intervals, en- :‘;E 192 [0.199 0.234 0.325[0.202 0.293 [|0.201 0.292 [ 0.190 0.273|0.184 0.289 | 0.196 0.285 |0.182 0.286 [ 0.201 0.315|0.222 0.334 |0.296 0.386
tervals, facilitating a thorough analysis of  abling a detailed examination of currency £ 336 |0214 0.249 0.338]0.223 0318 |[0.217 0309 [ 0.206 0.290(0.198 0300 [ 0.209 0301 | 0.200 0.304 | 0.214 0.329|0.231 0.338 [0.300 0.394
meteorological conditions and trends over fluctnations and trends over ime. & 720 |o.254 0.289 0.366[0.259 0341 [[0.253 0339 | 0.247 0322 |0.220 0.320|0.245 0333 0.222 0321 [ 0246 0355|0254 0361 [0.373 0.439
time. Avg |0.216 0.251 0.338]0.221 0311 |[0.217 0308 | 0.207 0.2890.192 0.295 [ 0.212 0.300 | 0.193 0.29 | 0.214 0.327 |0.227 0.338 |0.311 0.397
Detail Rephrase the following text: {instruction}, by  the dataset includes meteorological indica- the dataset comprises exchange rate data 06 |0.171 0.212 025100213 0260 [[0.203 0244 [ 0177 02180172 0220 ] 0.196 0.255 [ 0.173 0223 [ 0.217 0296 [0.266 0.336]0.300 0.384
adding the information: {information}. tors sampled every ten minutes, collected ~ sampled on a daily basis, documenting the EIRE 0.217 0.2540.261 0.288|0.269 0300 |[0.247 0.277 | 0222 0259 |0.219 0261|0237 0.296 | 0.245 0.285 [ 0.276 0336 |0.307 0.367 |0.598 0.544
in the year 2020, and features information  daily exchange rates of eight distinct coun- S| 336 |0.274 0313 03240330 0341 |[0.297 0311|0277 0297 [0.280 0306 | 0.283 0335 | 0321 0.338 | 0339 0.380[0.359 0.395[0.578 0.523
on 21 meteorological indicators, including  tries spanning the period from 1990 to 2016. =| 720 |0.351 0.386 0372|0404 0.389 ||0.368 0.356 | 0352 0.347 | 0.365 0.359 |0.345 0381 | 0.414 0.410 | 0.403 0.428 |0.419 0.428|1.059 0.741
temperature and humidity. Avg [0.253 0.276|0.293 0309|0304 0323 |[0.279 0.297 | 0257 0.280 | 0259 0.287 | 0.265 0.317 | 0.288 0.514 | 0.309 0.360 | 0338 0.382 |0.634 0.548
L] o6 To.08e 0.142 0.261]0.137 0.260 [[0.091 0.212[0.109 0236 [0.107 0234 [0.088 0218 [0.111 0.237 | 0.148 0.278]0.197 0.323[0.847 0.752
=) 192 |0.174 0.299|0.224 0339|0222 0341 [|0.183 0304 | 0.205 0327 |0.226 0344 | 0.176 0.315]0.219 0.335 | 0.271 0.380 |0.300 0369 |1.204 0.895
£ | 336 [0.319 0.408|0.377 0448(0372 0.447 ||0328 0.417 | 0356 0436 | 0.367 0.448 |0.313 0427 |0.421 0.476 [ 0.460 0500|0509 0.524[1672 1.036
S| 720 |o87s 0.939 0.7360.912 0.727 || 0.880 0.704 [ 0.888 0.716 | 0.964 0.746 [0.839 0.695| 1.092 0.769 | 1.195 0.841|1.447 0.941 [2.478 1310
Avg 0364 04040421 0446|0411 0.444 |[0371 0409 | 0390 0429|0416 0443 |0.354 0.414 | 0.461 0.454 | 0.519 0.500|0.613 0.539 | 1550 0.998
24 [2.460 3322 1.278]4.289 1485 ([2732 1.100[ 2335 09892317 09342398 1.040[2.294 09453228 1260]3.483 12875764 1.677
a| 36 |1.998 1696 1374[4360 1510 ||2.664 1063 [ 2561 1035|1972 0920 |2.646 1088 | 1825 0.848( 2679 1080|3103 1.148 [4.755 1467
2| 48 [1979 3765 1.4024.209 1481 |[2.617 1.041 | 2465 1022|2238 0940 | 2.614 1.086 | 2.010 0.900| 2.622 1078|2669 1085|4763 1.469
=160 [2.109 3.928 1.432|3.981 1444 [|2.478 1035|2189 0997 |2.027 0.928|2.804 1.146 | 2.178 0.963 | 2.857 1.157|2.770 1.125|5.264 1564
Avg |2.137 3678 1372|4210 1480 |[2.623 1.060 | 2388 1011|2139 0931|2616 1.090|2.077 0.914| 2847 1144|3006 1161|5137 1.544
1" Count 37 0 3 13 10 6 4 0 0
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Liu, X., Hu, J,, Li, Y., Diao, S., Liang, Y., Hooi, B., & Zimmermann, R. (2024, May). Unitime: A language-empowered unified model for cross-domain time series forecasting. In WWW’24
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I Pre-training Pipelines

Stage 1 - Spatio-Temporal Pre-Training

* Masking reconstruction

Yuan, Y., Ding,J., Feng, J.,, Jin,D., & Li, Y
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.(2024). UniST: A Prompt-Empowered Universal Model for Urban Spatio-Temporal Prediction. In KDD’ 24.
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Stage 2 - Spatio-Temporal Knowledge-Guided Prompt Learning
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Prompt learning enhances generalization ability
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Pre-training Pipelines

(a) Short-term prediction

TaxiB] Crowd Cellular BikeNYC TrafficJN TDrive TrafficSH
Model RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE
HA 53.77 29.82 17.80 6.79 72.94 27.57 11.41 3.43 1.38 0.690 150.2 74.5 1.24 0.771
ARIMA 56.70 39.53 21.87 10.23 81.31 40.22 12.37 3.86 1.20 0.651 211.3 108.5 1.17 0.769
STResNet 45.17 30.87 5355 3.382 24.30 14.32 8.20 498 0.964 0.556 220.1 117.4 1.00 0.723
ACFM 37.77 21.59 4.17 2.34 22.79 12.00 3.93 1.67 0.920 0.559 98.1 519 0.833 0.566
STID 27.36 14.01 3.85 1.63 18.77 8.24 4.06 1.54 0.880 0.495 47.4 23.3 0.742 0.469
STNorm 29.37 15.71 4.44 2.09 19.77 8.19 4.45 1.66 0.961 0.532 34.3 47.9 0.871 0.579
STGSP 45.04 28.28 7.93 4.56 39.99 21.40 5.00 1.69 0.882 0.490 94.6 47.8 1.02 0.749
MC-STL 29.14 15.83 4.75 2.39 21.22 10.26 4.08 2.05 1.19 0.833 54.2 28.1 1.00 0.720
PromptST 27.44 14.54 3.52 1.54 15.74 7.20 4.36 1.57 0.953 0.490 475 228 0.811 0.523
MAU 38.14 20.13 494 2.35 39.09 18.73 5.22 2.06 1.28 0.697 48.8 22.1 1.37 0.991
PredRNN 27.50 14.29 5.13 2.36 24.15 10.44 5.00 1.74 0.852 0.463 549 25.2 0.748 0.469
MIM 28.62 14.77 5.66 2.27 21.38 9.37 4.40 1.62 1.17 0.650 514 22.7 0.760 0.505
SimVP 32.66 17.67 391 1.96 16.48 8.23 4.11 1.67 0.969  0.556 46.8 22.9 0.814  0.569
TAU 33.90 19.37 4.09 2.11 17.94 8.91 4.30 1.83 0.993 0.566 316 28.1 0.820 0.557
PatchTST 42.74 22.23 10.25 3.62 43.40 15.74 5.27 1.65 1.25 0.616 106.4 513 1.10 0.663
iTransformer 36.97 19.14 9.40 3.40 37.01 13.93 7.74 2.53 1.11 0.570 86.3 42.6 1.04 0.655
PatchTST(one-for-all)  43.66 23.16 13.51 5.00 56.80 20.56 9.97 3.05 1.30 0.645 127.0 59.26 1.13 0.679
UniST(one-for-all) 26.84 13.95 3.00 1.38 14.29 6.50 3.50 1.27 0.843 0430 4497 19.67 0.665 0.405

KDD'24 Tutorial of Foundation Models for Time Series
Yuan, Y., Ding, J., Feng, J.,, Jin,D., & Li, Y. (2024). UniST: A Prompt-Empowered Universal Model for Urban Spatio-Temporal Prediction. In KDD’24.

(b) Long-term prediction

TaxiNYC Crowd BikeNYC
Model RMSE MAE RMSE MAE RMSE MAE
HA 61.03 2133 19.57 8.49 11.00 3.66
ARIMA 68.0 28.66 21.34 8.93 11.59 3.98
STResNet 29.54 14.46 8.75 5.58 7.15 3.87
ACFM 32.91 13.72 6.16 3.35 4.56 1.86
STID 2474 1101 491  2.63 478 224
STNorm 31.81 11.99 9.62 4.30 6.45 218
STGSP 28.65 10.38 17.03 8.21 4.71 154
MC-STL 29.29 17.36 9.01 6.32 4.97 2.61
MAU 26.28 9.07 20.13 8.49 6.18 213
PredRNN 21.17 7.31 19.70 10.66 5.86 1.97
MIM 63.36 29.83 15.70 8.81 7.58 2.81
SimVP 20.18 9.78 5.50 3.13 4.10 1.71
TAU 24.97 10.93 5.31 2.81 3.89 1.73
PatchTST 30.64 17.49 5.25 2.83 5.27 1.65
iTransformer 33.81 11.48 6.94 2.63 6.00 2.02

PatchTST(one-for-all)  34.50 10.63 6.39 2.92 6.02 1.83

UniST (one-for-all) 19.83 6.71 4.25 2.26 3.56 1.31

(c) Zero/few-shot performance

H UniST 3 MAML 1 SimvP 3 ATFM I STID
3 MetaST [ PatchTST [ TAU I PredRNN
204
9
= = = = UniST (zero-shot) —
3 g
£ 151 72
2 £
< s
w
Sw
<<
10 <
= — S =
5,

Crowd BikeNYC
Performance on Few-shot (1%) and Zero-shot Scenarios

32



Adaptation

"151,167,..,267" "151,167,...,267"
" 198181 oM , -..B 216 7" "151867).. $261"
"and fell asleep”
"The dog jumped up on the bed" "and bit my leg"
LLM GPT-3 spaces GPT-3 no spaces
" " " .y 371, 364"
631, 656, 650, ..., 487, 485, 487 R .. .. .. ..
492, ..., 499, 501 151,167,..,267 151,167,...,.267
T | ¢ "o .10G @1 ... P2RORL" "1561,167,...,267"
LLaMA spaces LLaMA no spaces

KDD'24 Tutorial of Foundation Models for Time Series 33

Gruver, N., Finzi, M., Qiu, S., & Wilson, A. G. (2024). Large language models are zero-shot time series forecasters. In NeurlPS’23



I Adaptation

(a) Forecasting performance
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(b) Left & Middle: prob. forecasting; Right: sample efficiency

(c) Visualization
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Adaptation
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Jin, M., Wang, S., Ma, L., Chu, Z., Zhang, J., Shi, X,, ... & Wen, Q. (2024, May). Time-LLM: Time Series Forecasting by Reprogramming Large Language Models. In ICLR’ 24
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I Adaptation

Table 3: Few-shot learning on 10% training data. We use the same protocol in Tab. 1. All results are averaged
from four different forecasting horizons: H € {96,192, 336, 720}. Our full results are in Appendix E.

Methods ‘TIME-LLM GPT4TS |

DLinear
(Ours) (2023a)

PatchTST
(2023)

(2023)

TimesNet
(2023)

FEDformer
(2022)

(2021)

Autoformer

Stationary
(2022)

ETSformer
(2022)

LightTS
(20222)

Informer
(2021)

Reformer
(2020)

Metric | MSE MAE|MSE MAE|MSE MAE | MSE

MAE | MSE

MAE |MSE MAE | MSE

MAE | MSE

MAE | MSE MAE | MSE

MAE | MSE

MAE | MSE MAE

ETTh1 |0.556 0.522|0.590 0.525|0.691 0.6000.633

0.542|0.869

0.628|0.639 0.561|0.702

0.596|0.915

0.639 | 1180 0.834|1.375

0.8771.199

0.809|1.249 0.833

ETTh2 0370 0.394]0.397 0.421]0.605 0.538 [0.415

04310479

0.465]0.466 0.475|0.488

0499|0462

0455(0.894 0.713|2.655

1.160|3.872

1.513|3.485 1.486

ETTm1 |0.404 0.427|0.464 0441|0411 0429|0501

0.466 | 0.677

0537 [0.722 0.605 | 0.802

0.628|0.797

0578 0.980 0.714|0.971

0.705 | 1.192

0.821|1.426 0.856

ETTm2 |0.277 0.323|0.293 0.335|0.316 0.368 [0.296

0.343]0.320

0353 |0.463 0.488 | 1.342

0.930]0.332

0366 |0.447 0.487 | 0.987

0.756 | 3.370

1.440[3.978 1.587

Weather |0.234 0.273|0238 0.275|0.241 0.283|0.242

0279]0.279

0301 |0.284 0.324|0.300

0342]0.318

0323|0318 0.360|0.289

0.322|0.597

0495 |0.546 0.469

ECL [0.175 0270]0.176 0.269|0.180 0.280 |0.180

0.273]0.323

0.392]0.346 0.427|0.431

04780444

0480 0.660 0.617]0.441

0.489| 1.195

0.891]0.965 0.768

Traf fic |0.429 0.306]0.440 0.310|0.447 0.313]0.430

0.305|0.951

0535 |0.663 0.425 | 0.749

0.446| 1.453

0.815|1.914 0.936|1.248

0.684 | 1.534

0.811|1.551 0.821

"Commt | 7 | 1 | o | 1 |

| o | o

o | o | o0

\ 0

(i) Long-term forecasting
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Table 5: Zero-shot learning results. Red: the best, Blue: the sec-
ond best. Appendix E shows our detailed results.

TIME-LLM
(Ours)

TimesNet
(2023)

MAE|MSE MAE
0405|0421 0431
0.360(0.327 0.361
0.5130.865

Methods

GPT4TS
(2023a)

|MSE MAE|MSE
ETThl — ETTh2 |0.353 0.387|0.406

LLMTime DLinear
(2023) (2023)

MAE|MSE MAE | MSE
0.4220.992 0.708 | 0.493
0.363|1.867 0.869|0.415
0.578|1.961 0.981|0.703
0.370|1.867 0.869|0.328
0.439]0.992 0.708 | 0.464
0.348|1.867 0.869|0.335
0.443[0.992 0.708 |0.455
0.567|1.933 0.984|0.649

PatchTST
(2023)

MAE | MSE

Metric

0.4880.380
0452|0314
0.574|0.565

ETThl — ETTm2 |0.273 0.340|0.325

0.474|0.757

ETTh2 — ETTh1 |l}.479 0.621

ETTh2 —+ ETTm2 |0.272

0.341|0.335 0.386]0.325 0.365|0.342 0.376

ETTm1 — ETTh2 |0.381
ETTm1 — ETTm2|0.268
ETTm2 — ETTh2 |0.354
ETTm2 — ETTm1|0.414

0.412|0.433
0.320(0.313
0.400 |0.435

04750439
0.389|0.296
0471|0409

0.438|0.457
0.334/0.322
0425|0435

0.454

0.354

0.443

0.438|0.769 0.537|0.568 0.492/0.769 0.567

(ii) Short-term forecasting
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Jin, M., Wang, S., Ma, L., Chu, Z., Zhang, J., Shi, X,, ... & Wen, Q. (2024, May). Time-LLM: Time Series Forecasting by Reprogramming Large Language Models. In ICLR’24
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I Adaptation
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« Enabling LLMs to comprehend spatial-temporal dependencies in data for downstream urban tasks

» Spatio-temporal encoder + instruction-tuning = UrbanGPT
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Adaptation

(a) Forecasting performance

Table 1: Our model’s performance in zero-shot prediction is evaluated on three diverse datasets: NYC-taxi, NYC-bike, and
NYC-crime, providing a comprehensive assessment of its predictive capabilities in unseen situations.

(b) Showcase

Table 3: We examine the zero-shot predictions of different LLMs for bicycle flow in NYC with the provided instructions.

Dataset NYC-taxi NYC-bike NYC-crime Instructions: Given the historical data for bike flow over 12 time steps in a specific region of New York City, the recorded bike inflows
Model  Type Inflow Outflow Inflow Outflow Burglary Robbery are [12 8 9 15 10 12 14 9 6 12 25 20], and the recorded bike outflows are [5 12 12 15 10 11 6 9 4 6 10 15]. The recording time of the
Metrics MAE RMSE MAE RMSE MAE RMSE MAE RMSE Macro-F1 Recall Macro-F1 Recall historical data is ‘January 14, 2020, 12:00, Tuesday to January 14, 2020, 17:30, Tuesday, with data points recorded at 30-minute intervals’.
AGCRN 1086 26,51 13.15 3645 | 3.41 7.98 342 8.8 0.48 0.00 0.49 0.01 Here is the region information: This region is located within the Staten Island borough district and encompasses various POIs within a
ASTGCN 9.75 2412 1242 3328 | 558 1158 578  12.29 0.49 0.01 0.55 0.09 one-kilometer radius, covering Education Facility, Cultural Facility, Commercial, Transportation Facility categories. We now aim to
GWN 1073 2650 9.67 2674 | 332 817 307 752 0.48 0.00 0.52 0.04 predict the bike inflow and outflow for the next 12 time steps during the time period of “January 14, 2020, 18:00, Tuesday to January 14,
MTGNN 10.16  25.84 1259 35.38 3.18 7.62 3.20 7.65 0.64 0.27 0.65 0.30 2020, 23:30, Tuesday, with data points recorded at 30-minute intervals’. To improve prediction accuracy, a spatio-temporal model is
STWA 11.28 2897 13.54 3861 | 459 1094 435  10.67 0.48 0.00 0.51 0.03 utilized to encode the historical bike data as tokens <ST_Start=<ST_HIS=<5T HIS=<ST_End=, where the first and the second tokens
STSGCN 18.97  41.38 2007 4579 | 685 1498 654 1477 048 0.00 048 0.00 correspond to the representations of bike inflow and outflow. Please conduct an analysis of the traffic patterns in this region, taking into
STGCN 12.5¢ 3080 1432 3958 | 411 921 445 9.62 048 0.00 0.64 030 account the provided time and regional information, and then generate the predictions (the predictive tokens for regression).
TGCN 10.04 2510 10.98  30.03 2.88 6.55 2.91 6.42 0.56 0.10 0.58 0.13
DMVSTNET 100 2829 1059 2920 | 3.80 987 365  9.21 0.48 0.01 0.59 015 Ground true: Based on the given information, the predictions of bike inflow and outflow in this region are [26 38 2824201316953
ST-LSTM 1697 3443 1893 4410 | 778 1541 692 1712 | 048 0.00 0.49 0.03 52]and[12191010119654422]
UrbanGPT 616 1692 683 2174 | 202 5.16 201 503 0.67 0.34 0.69 0.42 UrbanGPT Responds: Based on the given information, the predictions (predicted tokens) of bike inflow and outflow in this region are
<S5T PRE=[202122211712976555] and <5T PRE-[11108766544332].
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| single Modality
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# Dataset card &5 Viewer ‘= Files and versions Community
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I Single Modality

* Chronos (arxiv24)

Data Subset # Datasets @ Series  Usage Baselines
Pretraladong-only 13 95,936 pretrabning
Benchmark 1 15 97,372 pretraining and in-  Naive, SeasonalNaive, AuntoETS, AutaTheta
domain evaluation  AutoARIMA, DeepAR, TFT, PatchTST,
DlLinear, WaveNet, N-BEATS, N-HITS,
GPTATS, Lag-Liama, Molrai-1.0-HR
Benchmark 11 1 190,674 pero-shot evaluatbon Al the above, LLMTime and Forecast PFFN
Dataset Domain  Freq. Num. Series Series Length Prediction
min avg max Length (H)
Pretraining-only
Brazilian Cities Temperature nature M 12 492 757 1320 -
Mexico City Bikes transport 1H 494 T80  TB313 104449 -
Solar (5 Min.) energy Smin 5166 105120 105120 105120 -
Solar (Hourly) energy 1H 5166 8760 8760 8760 -
Spanish Energy and Weather energy 1H 66 35064 35064 35064 -
Taxi (Hourly) transport  1H 2428 734 739 744 -
USHCN nature 1D 6090 5906 38653 59283 -
Weatherbench (Daily) nature 1D 225280 14609 14609 14610 -
Weatherbench (Hourly) nature 1H 225280 350633 350639 350640 -
Weatherbench (Weekly) nature 1w 225280 2087 2087 2087 -
Wiki Daily (100k) web 1D 100000 2741 2741 2741 -
Wind Farms (Daily) energy 1D 337 71 354 366 -
Wind Farms (Hourly) energy 1H 337 1715 8514 8784 -

KDD'24 Tutorial of Foundation
Ansari, A. F., Stella, L., Turkmen, C., Zhang, X., Mercado, P, Shen, H., ... & Wang, Y. (2024). Chronos: Learning the language of time series. arXiv preprint arXiv:2403.07815.

Dataset Domain Freq. Num. Series Series Length Prediction
min avg max Length (H)
In-domain evaluation
Electricity (15 Min.) energy 15min 370 16032 113341 140256 24
Electricity (Hourly) energy 1H 321 26304 26304 26304 24
Electricity (Weekly) energy 1W 321 156 156 156 8
KDD Cup 2018 nature 1H 270 9504 10897 10920 48
London Smart Meters energy 30min 5560 288 29951 39648 48
M4 (Daily) various 1D 4227 107 2371 9933 14
M4 (Hourly) various 1H 414 748 901 1008 48
M4 (Monthly) various 1M 48000 60 234 2812 18
M4 (Weekly) various 1W 359 93 1035 2610 13
Pedestrian Counts transport 1H 66 576 47459 96424 48
Rideshare transport  1H 2340 541 541 541 24
Taxi (30 Min.) transport  30min 2428 1469 1478 1488 48
Temperature-Rain nature 1D 32072 725 725 725 30
Uber TLC (Daily) transport 1D 262 181 181 181 7
Uber TLC (Hourly) transport  1H 262 4344 4344 4344 24
Zero-shot evaluation
Australian Electricity energy 30min 5 230736 231052 232272 48
CIF 2016 banking 1M 72 28 98 120 12
Car Parts Tetail 1M 2674 51 51 51 12
Covid Deaths healthcare 1D 266 212 212 212 30
Dominick Tetail 1D 100014 201 296 399 8
ERCOT Load energy 1H 8 154854 154854 154854 24
ETT (15 Min.) energy 15min 14 69680 69680 69680 24
ETT (Hourly) energy 1H 14 17420 17420 17420 24
Exchange Rate finance 1B 8 7588 7588 7588 30
FRED-MD economics 1M 107 728 728 728 12
Hospital healthcare 1M 767 84 84 84 12
M1 (Monthly) various 1M 617 48 90 150 18
M1 (Quarterly) various 3M 203 18 48 114 8
M1 (Yearly) various 1Y 181 15 24 58 6
M3 (Monthly) various 1M 1428 66 117 144 18
M3 (Quarterly) various 3M 756 24 48 72 8
M3 (Yearly) various 1Y 645 20 28 47 6
M4 (Quarterly) various 3M 24000 24 100 874 8
M4 (Yearly) various 1Y 23000 19 37 841 6
M5 Tetail 1D 30490 124 1562 1969 28
NN5 (Daily) finance 1D 111 791 791 791 56
NN5 (Weekly) finance 1w 111 113 113 113 8
Tourism (Monthly) various 1M 366 91 298 333 24
Tourism (Quarterly) various 1Q 427 30 99 130 8
Tourism (Yearly) various 1Y 518 11 24 47 4
Traffic transport 1H 862 17544 17544 17544 24
Weather nature 1D 3010 1332 14296 65981 30
Models for Time Series 40



Single Modality

 Timer (icmL’24)

# Datasets: ® thuml/UTSD T Clike 11
(@B Energy @0 loT  Nature @B Web \ /. .

. . Tasks: [ TimeSeries Forecasting ~ Modalities: @ Text @ Time-series Formats: »» arrow  Size:  100K-1M  ArXiv: [ arxiv:2402.02368
Envi AustraliaRainfall
@0 Health port @ Env ‘ . ) ) . < V[ . i * Cro .
Tags: timeseries forecasting  timeseriesanalysis  timeseries  Libraries: @& Datasets ® Croissant License: @ apache-2.0

n Environment ; # Datasetcard M@ Viewer = Files and versions Community 8
W : & Dataset Viewer (First 5GE) Auto-converted to Parquet (< ARt| [ Embed] ( @ Viewin DatasetViewer
Subset (5) split (1)
default - 434k rows v train - 434k rows ~
n !h!!!!!!!!!!!!!n Q Search this dataset
Phoneme

item_id start end freq target
fl g [ Trafﬁc Health_SelfRegulationSCP1_d58_0 [ -8.119999885559882, -11.5600004196167,

Kaggle
Web

string - lengths string - classes string - classes string - classes sequence - lengths
-14.279999732971191, -18.190806534057617..

TSD-12G - | SR
375 values 443 values 6 values 288 7.4M
- - L J Health_SelfRegulationscP1_458_1 L ;8. eoneomsaseras, -19.5,
Unified Time Series Dataset Diverse Shapes, Patterns and Domains

[ -18.719999313354492, -19.8799991687666,

Health_SelfRegulationSCF1 458 2 -19.3799991607666, -19.719999313354492, ..

. [ -16.49999984741211, -17.3799991607666,
Health_SelfRegulationSCP1_a58_3 -15.976000267028809, -16.969999313354492..

Health_SelfRegulationSCP1_458_4 fz;?iéiig;ﬁﬁ?ifgféa. 219999313354492, .
- Easy Health_SelfRegulationSCP1_458_5 Ezfgééggggg:ii:gé:?ﬂiza.ssvweaamzn,.
UTSD-1G UTSD-2G UTSD-4G UTSD-12G = Medium cmer o e
Hard

» Unified Time Series Dataset (UTSD) encompasses seven domains with up to 1B time points (UTSD-12G)

« Data complexity is measured by Augmented Dickey-Fuller (ADF) test (that reflects the degree of non-stationarity)
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| single Modality

 UniST kpp24)

DDataset Min value Max value Mean value Standard deviation
TaxiB] 0.0 1285 107 133
Cellular 0.0 2092532 75258 149505
TaxiNYC-1 0.0 1517 32 94
TaxiNYC-2 0.0 1283 37 102
BikeNYC-1 0.0 266 92 18.1
BikeNYC-2 0.0 209 4.4 14.6
TDrive 0.0 2681 123 229
Crowd 0.0 593118 21656 40825
TrafficCS 0.0 22.25 622 4.79
TrafficWH 0.0 2235 6.22 4.68
TrafficCD 0.0 2225 733 1.36
Traffic]N 0.0 25.04 572 4.71
Traffich] 0.0 24,82 538 4.73
TrafficSH 0.0 21.83 T.92 LF. 1]
TrafficSZ 0.0 2212 5.11 4.75
TrafficGZ 0.0 25.16 5.20 4.79
TrafficGY 0.0 28.89 595 .03
TrafficT] 0.0 2524 6,32 5.05
TrafficHZ 0.0 29.50 381 4.38
TrafficZZ 0.0 23.26 6,67 432
TrafficB] 0.0 2282 6,30 4.22

Dataset Domain City Temporal Duration Temporal interval Spatial partition
20130601-20131030
TaxiBJ Taxi GPS Beijing, China ggi;g:gi:ggi;g:gg Half an hour 32X 32
20151101-20160410

Cellular  Cellular usage Nanjing, China 20201111-20210531 Half an hour 16 * 20
TaxiNYC-1 Taxi OD New York City, USA  20160101-20160229 Half an hour 16 %12
TaxiNYC-2 Taxi OD New York City, USA  20150101-20150301 Half an hour 20" 10
BikeNYC-1 Bike usage New York City, USA  20160801-20160929 One hour 16" 8
BikeNYC-2 Bike usage New York City, USA  20160701-20160829 Half an hour 10" 20
TDrive  Taxi trajectory New York City, USA  20150201-20160602 One hour 32x32
Crowd Crowd flow Nanjing, China 20201111-20210531 Half an hour 16 * 20
TrafficCS Traffic speed Changsha, China  20220305-20220405 Five minutes 28 x 28
TrafficWH  Traffic speed ‘Wuhan, China 20220305-20220405 Five minutes 30 % 28
TrafficCD  Traffic speed Chengdu, China 20220305-20220405 Five minutes 28 % 26
Traffic]N Traffic speed Jinan, China 20220305-20220405 Five minutes 32x 18
TrafficN] Traffic speed Nanjing, China 20220305-20220405 Five minutes 32x24
TrafficSH Traffic speed Shanghai, China 20220127-20220227 Five minutes 28 % 32
TrafficSZ Traffic speed Shenzhen, China 20220305-20220405 Five minutes 24 x 18
TrafficGZ  Traffic speed  Guangzhou, China  20220305-20220405 Five minutes 3226
TrafficGY  Traffic speed Guiyang, China 20220305-20220405 Five minutes 26 % 28
TrafficT] Traffic speed Tianjin, China 20220305-20220405 Five minutes 24 %30
TrafficHZ  Traffic speed Hangzhou, China  20220305-20220405 Five minutes 28 % 24
TrafficZZ Traffic speed  Zhengzhou, China  20220305-20220405 Five minutes 26 % 26
TrafficB] Traffic speed Beijing, China 20220305-20220405 Five minutes 30 x 32

KDD'24 Tutorial of Foundation Models for Time Series
Liu, Y., Zhang, H,, Li, C., Huang, X., Wang, J., & Long, M. Timer: Generative Pre-trained Transformers Are Large Time Series Models. In ICML'24
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| Muttimodatity

s
1 EN umerical Series Data Construction 120203 01 s I Forecasting
20212 : Task Instruction
Data S Target Collection
ata souree Variable > &
Selection .
Selection Preprocess
Task-aware
Numerlcal Sequence : Aligning
| l With binary timestamps {_____...........cooonincnnnnns,
Search Report v . 3 2021.1-2021.2
& -
Keyword Source Preprocessing 2021'2202%%2-1 '23021.4
Design Selection Discard Irrelevant Content -
T 7 Disentangle Prediction & Facts
Searching Crawling Summarize
! ' Texual Sequence
2 | i Textual Series Data Construction With binary timestamps :

« [1] Gather numerical data from reputable sources

. Textual data is collected for fine-grained matching with the numerical data

. Binary timestamps (start, end) are leveraged to mark the start and end dates as a
universal temporal alignment method between numerical and textual data

Liu, H., Xu, S., Zhao, Z., Kong, L., Kamarthi, H., Sasanur, A.B., ...

KDD'24 Tutorial of Foundation Models for Time Series
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Downstream Data

& Prakash, B. A. (2024). Time-MMD: A New Multi-Domain Multimodal Dataset for Time Series Analysis. arXiv preprint arXiv:2406.08627.
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Multimodality

] Numerical Data

Numerical data of each domain contains a csv file with has the following format

start_date, end_cdate, OT, (other variable 1), (other variadble 2), ... e

Here, OT represents the default target variable for prediction in each dataset. its specific meaning is as follows:

Table 1: Overview of numerical data in Time-MMD, covering key variables across nine domains
with daily, weekly, or monthly frequencies, sourced from reputable government departments. Eight
domains are updated to May 2024; the environment domain update is scheduled for June 2024.

Domain Target Frequency Timestamps Timespan
Agriculture Retail Broiler Composite Monthly 496 1983 - Present
Climate Drought Level Monthly 496 1983 - Present
Economy International Trade Balance Monthly 423 1989 - Present
Energy Gasoline Prices Weekly 1479 1996 - Present
Environment Air Quality Index Daily 11102 1982 - 2023
Health Influenza Patients Proportion Weekly 1389 1997 - Present
Security Disaster and Emergency Grants ~ Monthly 297 1999 - Present
Social Good Unemployment Rate Monthly 900 1950 - Present
Traffic Travel Volulmn Monthly 531 1980 - Present

KDD'24 Tutorial of Foundation Models for Time Series

Textual Data

Textual data of sach domaln containg two cev Tile, one for report data and another lor search data. AN data ame in a
arifipd format

itart_date, ond_date, Tactl, pred

Visualization of relevant renort (a. keftl and seanch (b, raht) cownts in Time-MMD ower tima is as follows:

—— Security —— Economy —— Environment —— SocialGood —— Health{Us) Health{AFR) —— Energy
— Traffic — Agriculture  —— Climate
Report Data Search Data

Relevant Facts per Month
N oW & o
o =] =3 [=]

=

=]

1980 1985 1980 1995 2000 2005 2010 2015 2020 2025 1980 1985 1990 1995 2000 2005 2010 2015 2020 2025

Figure 3: Visualization of relevant report (a, left) and search (b, right) counts in Time-MMD over time.
Textual counts from both reports and searches increase over time. Domains with higher attention,
such as the economy, have more relevant text data.
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Multimodality

Prompt (abbreviated for clarity):

Describe an event that would create a time series, give characteristics of that series and then write code that would generate it.

Generated Scenario:

( A. Caption |

The time series represents the daily count of steps from users of
a smartphone fitness app over the span of a year. The sample
rate is once daily at midnight. Users' motivation to exercise
varies by season and can be influenced by external events like
New Year resolutions, causing a spike in activity in early
January.

B. Metadata I

Start: 2021-01-01 Short Caption:
End: 2021-12-31 “Fitness app daily steps"

Units: Steps
Frequency: Daily

C. Characteristics

D. Generating Function

generate_series():
steps = .normal (loc=5000, scale=500, size=365)

steps[:31] += 1600

i (1, 12):
steps [1*30: (i+1)*30] -= i*50

.where(steps<0, 0, steps)
steps

steps =

E. Complete Series |

1. A mean of 5000 steps 3. Mean reversion begins in February

4, Non-zero values

Fitness App Daily Steps

2 T sl |

2022-01-01 2022-12-31

k 2. A high in January

* We can ask the model to “imagine a scenario” that would produce a time series

+ We then yield the following data for each scenario: caption, metadata, characteristics and a

script for time series generation

KDD'24 Tutorial of Foundation Models for Time Series
Merrill, M. A., Tan, M., Gupta, V., Hartvigsen, T., & Althoff, T. (2024). Language Models Still Struggle to Zero-shot Reason about Time Series. arXiv preprint arXiv:2404.11757.

1 Dencribe a scenario that sight produce a tine series. Thiv scesarie should
include an external event and how 1t might influence the reading, Be sure to
describe She sample rate of the Sine series and the duration over vhich it s
sampled. The description should be less than 100 words im length, Delimit this
description with the XML tag <description>

The tine series must be less than 1000 observatioms in length, be a single
variable, have no valuss greater than Je0, und have no missing valuss

Also add & summary of the deacription, no msore than 25 words in length with the
tag <descriptioam_short>. Alse add summary, no sore thas three vords in
longth with the tag <descriptica_tiny>. The scensrio should be as different
an posnible from any of the follewing: [<previous_descriptions>]

4 You will generate a dist of up to five characteristics of this specific Lise
series, including patterns that you sight expect to see in the series and how
external events might cause distribution shifts in the data geserating process
Delimit these characterintics with the XML tag <characteristice>

J You vill write & numpy function called genarate_saries’ that Lakes oo
argunents and outputs a time series that matches the description, All
paraneters from the data geseratisg process should be drawn from resscnable
distributions. The function sust return a single muspy array. Place this code
inside & pythen sarkdown block and delimit your code with the XML tag <
generator>. Do not call the fumction, sisply define it. You should also make
sure that the scale of Live series 1o realistic, For sxanple, & time series of
& quantity Jike stock price should never be less than aere

o Return a Json string, delimited by the tag <metadata> that contains the units
of the time series and the timestasps corresponding to the first and last
values, Nesesber that in JEBON format datetises must be passed as strimgs. Also
Iinclude & string that relects the frequency of the Sine serien

Here 1o an exanple of & complete response
<description> esyour descriptiome </description>
<description_sbort> eyour description® </description short>
<dancription tiny> syour descriptions </dancription_tiny>
<characteristics> syour charscteristices </characteristice>
<gensrator>
" 'python
dof generate_series()
# your code here
return »

</generator>

<petadata>
(
"start®: x,
“end*1 y,
“unite®:! =,
“frequency” freq
)

</metadata>
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Application

* Global Weather Forecasting

_—
Projections
Downscaling
& whr & = days At weeks montha/yoss
Nowcasting Short & Medium-range  Sub-seasonal Seasonal
g = B

ClimaX RN :‘Mm

Transformer

‘ Scalar Embed

l Patch Embed

l Cross-attention

Lead time

+ Left: ClimaXis built as a foundation model for diverse weather and climate modeling tasks

* Right: Pretraining phase of ClimaX. Variables are encoded using variable-separate tokenization, and subsequently aggregated
using variable aggregation. Together with position embedding and lead time embedding those are fed to the ViT backbone.
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Tokenization

 Time series tokenization is not easy
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Nie, Y., Nguyen, N. H., Sinthong, P., & Kalagnanam, J. A Time Series is Worth 64 Words: Long-term Forecasting with Transformers. In ICLR’23

Ansari, A. F., Stella, L., Turkmen, C., Zhang, X., Mercado, P, Shen, H., ... & Wang, Y. (2024). Chronos: Learning the language of time series. arXiv preprint arXiv:2403.07815.
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Normalization

* Normalization is overlooked
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Ansari, A. F., Stella, L., Turkmen, C., Zhang, X., Mercado, P, Shen, H., ... & Wang, Y. (2024). Chronos: Learning the language of time series. arXiv preprint arXiv:2403.07815.
Ekambaram, V., Jati, A., Dayama, P., Mukherjee, S., Nguyen, N. H., Gifford, W. M., ... & Kalagnanam, J. (2024). Tiny Time Mixers (TTMs): Fast Pre-trained Models for Enhanced Zero/Few-Shot Forecasting of MultivariaBfTime Series. CoRR
Liu, Y., Zhang, H,, Li, C., Huang, X., Wang, J., & Long, M. Timer: Generative Pre-trained Transformers Are Large Time Series Models. In ICML'24



I Data Modality

 Time series reasoning is promising
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a) Etiological Reasoning (Section 4)

b) Question Answering (Section 5)

Question: What scenario could
have produced this time series?

Daily step counts after
a New Year's resolution

or

Question: Does the overall brightness trend

stay the same?
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5000 { iy |

Minutes of sunlight per
hour over two days

c¢) Context-Aided Forecasting (Section 6)
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Jin, M., Wang, S., Ma, L., Chu, Z., Zhang, J., Shi, X., ... & Wen, Q. (2024, May). Time-LLM: Time Series Forecasting by Reprogramming Large Language Models. In ICLR’24
Merrill, M. A., Tan, M., Gupta, V., Hartvigsen, T., & Althoff, T. (2024). Language Models Still Struggle to Zero-shot Reason about Time Series. arXiv preprint arXiv:2404.11757.
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I Scaling Laws & Capabilities

+ Clear and robust scaling laws in language modeling
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Figure 1 Language modeling performance improves smoothly as we increase the model size, datasetset
size, and amount of compute? used for training. For optimal performance all three factors must be scaled
up in tandem. Empirical performance has a power-law relationship with each individual factor when not
bottlenecked by the other two.

« Big model that is undertrained or small
model that is well trained?

Performance vs Compute Budget

Do we have enough data to feed our model?

Data Size Bottleneck
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Kaplan, J., McCandlish, S., Henighan, T., Brown, T. B., Chess, B., Child, R., ... & Amodei, D. (2020). Scaling laws for neural language models. arXiv preprint arXiv:2001.08361.

https://stanford-cs324.github.io/winter2022/assets/pdfs/Scaling%20laws%20pdf.pdf
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I Scaling Laws & Capabilities

« Large models but why?
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Wei, J., Tay, Y., Bommasani, R., Raffel, C., Zoph, B., Borgeaud, S., ... & Fedus, W. (2022). Emergent abilities of large language models. arXiv preprint arXiv:2206.07682.



I Scaling Laws & Capabilities

All we know so far...

- Model parameters (e.g., 10K to 100M)

- Training tokens (e.g., 10M to 8B)

- Computation (e.g., PF-day budget)

-

§

“Large time series models scales

~

approximately as a power law with all

three quantities” -- Edwards et al.
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Bdwards, T.D., Alvey, J., Alsing, J., Nguyen, N. H., & Wandelt, B. D. (2024). Scaling-laws for Large Time-series Models. arXiv preprint arXiv:2405.13867.
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