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Time Series Applications

Time series is ubiquitous in the real world

Device Maintenance

[Detection]
[Forecasting]

Weather Forecast, Finance Assessment

2 [ ? ] [Imputation]
- CI .f. t.
AlOps, Mining ) [Classification]
] Labeling, Disease Recognition




Time Series Analysis: Challenges

Increasing challenges in modern time series analysis

Historical Series Future

Complex variations (Nonlinearity)
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Statistical methods: may fail to

——
Past observations Future time series capture nonlinear dependencies

Wu et al. Autoformer: Decomposition Transformers with Auto-Correlation for Long-Term Series Forecasting. NeurlPS 2021.




Time Series Analysis: Challenges

Increasing challenges in modern time series analysis

Clive W.J. Granger
Multiple variates

Entangled

correlations

Granger causality & Cointegration

Complex variations o )
v Nobel Prize in Economics

v" Towards powerful modeling of both time points and variates

Liu et al. iTransformer: Inverted Transformers Are Effective for Time Series Forecasting. ICLR 2024.



Time Series Analysis: Challenges

Increasing challenges in modern time series analysis

Time-variant distribution (Non-stationarity)

Period 1 i
Period 2

U3
125 nlmrd it

Period 4

Period 3

Real-world Series

>

Clive W.J. Granger

Granger causality & Cointegration

Nobel Prize in Economics

v" Theory-inspired / architecture-oriented non-stationary time series modeling

Liu et al. Non-stationary Transformers: Exploring the Stationarity in Time Series Forecasting. NeurlPS 2022.



Deep Models for Time Series: Pipeline

Performance
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Extensively applied based on classical methodology, structural design, and end-to-end training



Deep Models for Time Series: Timeline
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Deftly designed foundation backbones have advanced time series analysis



Deep Models for Time Series: Timeline

General Time Series Analysis
FiTS ModernTCN

i Transforme TimeMixer I
o r Deep Forecasting Models
NSformer (o mmmm e m —— = — = = — — — — — — -~
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: LLMTime :
I
PatchTST ¢ I Towards Large Models :
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2022 2024 | |
I TimesFM ,
' |

Emergence of Large Time-Series Models



Large Time-Series Models: Motivations

@ Status quo: Training models separately in specific scenarios (datasets, tasks, applications)

Short Position Decision
MaoTai, SSE: 600519

Anomaly Detection
Device A, Freq. 15min

Weather Forecasting
Station 1, 6 hours ahead

Tasks

Nontransferable!

S

Models



Large Time-Series Models: Motivations

@ Status quo: Training models separately in specific scenarios (datasets, tasks, applications)

@ Data scarcity is common and challenging in real-world applications

Training samples are expensive and sometimes inaccessible

Performance degrades greatly with limited samples

0% I
- 10%
2
0o/ |
£ 20%1 SOTA Method’s I
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230%|  Few-Shot
Q
g 40% Performance
o
ESO% —e— ETThI Weather
60%{ —=— ECL —— PEMSO03
20% —e— Traffic —e— IPEMSO4 - -l
100% 75% 50% 25% 5%1%

Data Percentage

Short Position Decision _ >Mall Deep Models
MaoTai, SSE: 600519

Anomaly Detection
Device A, Freq. 15min

Weather Forecasting
Station 1, 6 hours ahead

Tasks Nontransferable! Datasets



Large Time-Series Models: Capabilities

What is a Large Model

oo = mm mm mm mm e mm mm e =

One model fits different domains

Pre-Training Adaptation
“““““““““““““““ \I 'r“‘“‘“““““““““““
" Upstream ™\ i '~ Downstream ™\

Pre-Trained | ' Adapted
i | »
Labeled / )I Model ] i $ | (zeeoman ] l Model ]
Unlabeled ' ' :
: : Source Domain
v Upstream Task ! | Downstream Task

J

Transferable
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Large Time-Series Models: Capabilities

What is a Large Model

v Generalizability: One model fits different domains
v Task Generality: Versatility to tackle various scenarios / tasks

v Scalability: Performance improves with the scaling

[:cranslate English to German: That is good."

Unifying tasks of NLP

"Das ist gut.”

"cola sentence: The
course is jumping well."

on the grass. sentence2: A rhino

"stsb sentencel: The rhino grazed
is grazing in a field."

"summarize: state authorities "six people hospitalized after y y G
dispatched emergency crews tuesday to a storm in attala county.” GPT 2 GPT 2 GPT 2 EXTRA
survey the damage after an onslaught

of severe weather in mississippi.." SMALL MEDIUM LARGE LARGE
345M Parameters M Pare | Paral

Raffle et al. Exploring the Limits of Transfer Learning with a Unified Text-to-Text Transformer. JMLR 2020.




Large Time-Series Models: Capabilities

What is a Large Model

v" Emergence Abilities: Multimodality, instruction following...

e
Ti mestamp Other Descri ptlons Classify the review as positive, ® I didn’t really enjoy
negative, or neutral [...] that movie [...]
2016/7/1 00:00:00 Begin of day > . _[Entity Recognition
Identify all the named entities ©) Donald Trump served as
"""""" kappearing in the utterance [... ], | the 45th president [...]
2016/7/1 23:00:00 Warm-up device ) : ] :
] Summafize the main topic of @ [T recent study published
Textual Instructions | __thegiven paragraph [..] | = {__in the journal [..]
I | Unseen Tasks Generalization o
p all I need!
Translate the given English
\utterance into French script [... ]J )
Correct the grammar of the @ What | can do if my
| following sentence [...] ) paper was rejected?




Large Language Models: Timeline
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Zhao et al. A Survey of Large Language Models. arXiv 2023.

Large Model for
Time Series
Are Still in

Early Stages
T

Challenges

0 Data Infrastructure
O Scalable Architecture
O Model Versatility



Large Time-Series Models: Basic Approaches

Two Approach to Develop Large Model for Time Series
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« Language Dependencies

» Token Semantics

« Time Points Dependencies

« Series Semantics



Native Pre-Trained LTM

Decoder-Only
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Time Series Tokenization

Historical Time Series

WW\/
R\

Context Tokens

Mean Scaling

IN BETA

Meet TimeGPT

TimeGPT democratizes access to cutting-edge
predictive insights, eliminating the need for a

dedicated team of machine learning engineers.

Submit business interest

View Documentation

/

o

Training

Context Tokens

Time Series
Language Model

L]

Predicted
Probabilities

Chronos (Amazon)

TimeGPT-1 (Nixtla) /

~




ForecastPFN: Pre-trained on Synthetic Time Series

 Lack of high-quality time series corpora v

« Completely pre-trained on synthetic data

generated by prior distributions and mixups v
X
Traditional setting ForecastPFN setting
Train on the same (single) [ Train once, offline ]
real-world series with synthetic, diverse series

Support zero-shot forecasting
without downstream training
Give probability predictions
Human-like / Earth-like time series

might be out of scope

M/‘MWI\[\/U\/\I Number of total MSE Wins per Data Budget Number of total MSE Wins per Time Budget
20 20

Dooley et al. ForecastPFN: Synthetically-Trained Zero-Shot Forecasting. NeurlPS 2023.

MSE Wins
= G
4
i8]
3889
4 3
32
4
MSE Wi

‘ ‘ Informer S 10
Last \ /.\
— Mean \/
—e— Meta-N-BEATS
7 |mp|  Model |mp ?  mp ForecastPFN \mp e Frositet s ~ :
—e— SeasonalNaive
T T Transformer / ‘S&A
Test on a new part of Zero-shot test on new, S e Ny 0 & .
the same series Test unseen, real-world series Test 300 566 o
Data Budget Time Budget



Lag-Llama: Probabilistic Univariate Forecaster

« Training on real-world time series (360M) v' Support on
« Basedon LLaMA, encoding lagged univariate time series
values v' Better performance with
« Generate only one time point at one step X Inference with error accumulations
A lag indices: e || 2h | o el | o | 2hl, || b
£=1{1,7,14,...,L}

Distribution
Head

t T1| @2 L1 Ty Tir1 To g
t|mc t ) [ Cy Ci 1 C, Cii1 Co_1

} lag-featured inputs

Rasul et al. Lag-Llama: Towards Foundation Models for Probabilistic Time Series Forecasting. arXiv 2023.



TimesFM: LTM Developed by Google

* Architecture: Decoder-only Transformer
« Dataset: 100 billion time points, using
Google Trends and Wiki Page View

« Parameter Counts: 200M

Transformer
Causal Self-Attention (SA)

..........................

\
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-------- "'""lF"""""""'_l T e ey s e e e
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' WLBLWLYELY l / W i )

1 1
1w 1N
.............................................................
— > J L ~

input: patch: lenw32 output_patch_len=128

v'  Greatly enlarged training scale

v Zero-shot and patch-level predictions

Showcases  — goundtruth  —— TimesFM(zs) —— limtime(zs)

0.12 1 0.25 - -
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3500 1, ; . 3500+ ; ; oL , :
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Das et al. A Decoder-Only Foundation Model for Time-Series Forecasting. ICML 2024.



TimeGPT: First Commercialized LTM

*  Production: a large time-series model v Support anomaly detection, forecasting with

launched by Nixtla

* Pre-training on 100B time points from on given data

diverse datasets and domains : _ .
v | X Unrevealed architecture and training details

* Release API call for inference

- Prediction N M
20.0 { = GroundTruth E I | h 1 ) J “ ‘I W
17.5 1 ; i “ A A d b W n b |
' 15.0 g L A
Meet TimeGPT AN
12.51 b oa MG AMY UL N
10.0 4 LA YWY LYW M1 J |
TimeGPT democratizes access to cutting-edge : freyT "Iy ' ‘ﬂ
predictive insights, eliminating the need for a 75 ‘
dedicated team of machine learning engineers. 5.0 |
2.5 .
o 100 200 300 400 500 600 700 800

Australia Rain

Graza et al. TimeGPT-1. arXiv 2023.



MOIRAI: LTM for Multiple Variates ??? 5 @

Universal Forecaster

v' Accommodate vary-frequency time series and

. i | | ,
suitable for multivariate time series e VW A g
I N NN SO / aY)
v Able to generalize on a variety of time series SIS RE=T
based on pre-defined mixture distributions iﬁ'ﬁ“jfjﬁj‘;ﬁﬂjﬁj‘“" — Fg BWHD:
- Parameter Counts: e 8
14M ~ 311M | ot et i
« Dataset: 27B e “““““““ T s e o

e Method: MLM on

Encoder-only Trm.

Woo et al. Unified Training of Universal Time Series Forecasting Transformers. ICML 2024.



Chronos: Learning the Language of Time Series

* Quantizing continuous time points

to discrete words based on T5

« Training on mixup augmentation

and Gaussian mixture synthesis

Time Series Tokenization

Historical Time Series

Mean Scaling
—

E memll,]
CEEEEE

Context Tokens

W Local Models ~ mwm Task Specific Models W Pretrained Models (Zero Shot) W Pretrained Models (Other)

TFT 0.639 PatchTST
Chronos-TS (Large) 0.649 N-HITS
Chronos-T5 (Base) 0.661 Chronos-TS (Large)
N-HITS 0.672 N;J:“Ii

. 0.672 ep
Chronos T:_‘:E"::g 0,681 Chronos-T5 (Base)
TFT
PatchTST 0-684 Chronos-T5 (Small)
Moirai-1.0-R (Large) 0.685 Chronos-T5 (Mini)
Chronos-T5 (Mini) 0.690 Chronos-GPT2
@ Moirai-1.0-R (Base) 0.699 @ Moirai-1.0-R (Large)
-g Chronos-GPT2 0.700 -8 AutoTheta
= DeepAR 0.733 s DLinear
DLinear 0.757 GPTATS
AutoARIMA 0.761 AutoARIMA
AutoTheta 0.793 M 1.0-R (Base)
LLMTime 0.804 WaveNet
AUtoETS 0.838 [loeTS

WaveNet 0.842 S nal Nai

Seasona | Naive 1.000 Naiv
Lag-Llama 1.097 Lag-Llama
Naive 1.152 ForecastPFN
0.0 0.2 0.4 0.6 0.8 1.0 1.2 0.0 0.5

Agg. Relative WQL

1.0 15 2.0 25
Agg. Relative MASE

Woo et al. Chronos: Learning the Language of Time Series. ICML 2024.

Training

Context Tokens

[-.._.._......_._.}

Time Series
Language Model

Predicted
Probabilities

Inference

Context Tokens

[......_.,_._.._.]

Time Series
Language Model

e
a
gl-

A
c
£ 4 [
wm -
& |
g J
£2
DD
g2

o

Probabilistic Forecast

v' Good performance on zero-shot

forecasting for short-term outputs
v'  Give probability predictions

X Point-level autoregression:

suffer from error accumulation



o3 ICML

International Conference
On Machine Learning

Timer (Ours): Task-General LTM

Timer: Generative Pre-trained Transformers Are Large Time Series Models

! Haoran Zhang ! ChenyuLi”' Xiangdong Huang' Jianmin Wang' Mingsheng Long '

Yong Liu *

Yong Liu Haoran Zhang Chenyu Li  Xiangdong Huang Jianmin Wang Mingsheng Long



Timer: Well-curated Datasets

O Aspect 1: Unified Time Series Dataset Data quality is also important!

(@Energy 10T Nature mWeb ) () n

@ Health Transport @B Environment ANV\AI‘MWI" AustraliaRainfall ] . . .
7 @ e A Aggregation & Filter

* Preprocess & Evaluate

‘ UTSD-1G l ‘ UTSD-2 G\ El:Vironmom Heaht
ulddbggddli | ° Stacking up with a hierarchy

n & i AN ATUAA AR AT T
UTSD-4G UTSD-12G : ©
FW:FF‘&;;’W{:{V“'YTF"" eeeee rae ic
\_ J J

Unified Time Series Dataset Diverse Shapes, Patterns and Domains

UTSD-1G ‘ UTSD-2G ‘ ‘ UTSD-4G ‘ UTSD-12Gl

Dataset: https://huggingface.co/datasets/thum!l/UTSD

1 Billion Time Points

« 7 Typical Domain
@B Easy
@9 Medium 4 Scalable Volums
Hard

« Continuous Expansion...



https://github.com/thuml/iTransformer
https://huggingface.co/datasets/thuml/UTSD

Timer: Issue of Data Heterogenity
O Aspect 2: Unified format to address data heterogeneity

Distinct in Shape/Freq/Scale! No Neat as Natural Language

The patient is a frail 88-year-old caucasian male was

Dataset Dim
‘ | Frequency ‘ admitted to our hospital for complaints of nausea
ETThl, ETTh2 ‘ 7 | Hourly ‘ and vomiting and suspected urinary tract infection.
ETTml, ETTm2 ‘ 7 | 15min ‘ He has a past medical history of hypertension, atrial
. fibrillation and chronic right hip pain after total hip
EXChange ‘ 8 | Dally ‘ / replacement in 2012.
Weather | 21 | 10min | /
4 The patient was started on antibiotics. Urine culture
ECL ‘ 321 | Hourly ‘ confirmed an E. coli urinary tract infection sensitive
to trimethoprim.
Traffic | 862 | Hourly \\ ¥
Solar—Energy ‘ 137 | 10min ‘ \ During admission an episode of possible coffee
. ground vomiting coupled with his non-steroidal
PEMS03 ‘ 358 | Smin ‘ \ 2-D Irregular vectors (or more!) inflammatory drug use prompted an upper G|
- endoscopy at which no abnormality was detected.
PEMS04 ‘ 307 | Smin ‘ \ Fecal occult blood was negative.
PEMSO07 883 i
‘ | Smin ‘ \ The patient was also provided with physiotherapy
PEMSO08 ‘ 170 | Smin ‘ \ and fully remobilised.

\ Simple 1-D discrete tokens

Intractable for scalable training!



Timer: Single-Series Sequence

O Aspect 2: Unified format to address data heterogeneity: Single-Series Sentence

Normalized Merging 4 Single-variate series

! Windowed Sampling
4 /
/\\//\ » ,I W w/\//\/‘ | | \/\/\V\/\
\/ . S3: single-series sequence
4 .’ l Generative Objective
>

/\/\W ( Input Model Output )
Any multivariate dataset _ . > W A~ A N\ A

Variates from diverse . . ..

datasets and domains {_  ContextLength - Pre-training at scale

Define the basic “sentence” of multivariate time series



Timer: Backbones for Large Model

O Aspect 3: Decoder-only Transformer with autoregression

We make the initial exploration on architectures for LTMs

Transformer
(" ™
Add & Norm
Feed
Forward
4 \ Add & Norm
r—>— :
el & NET Multi-Head
Feed Attention
Forward 7 J) Nx
—
Nix Add & Norm
f->l Add & Norm | Masked
Multi-Head Multi-Head
Attention Attention
L At
— J \ —
Positional Positional
Encod P ¢ |
ncoding Encoding
Input Output
Embedding Embedding

OO®E Predicted
O Projection N\ Tokens
( Global lookback )
Flattening | Token
@@ @@ ED | Eneeoding
Trm Blocks
(No masking)
Tokens
Encoder-only Pipeline

Popular in small models

OGO

F

: S\
|  Autoregression

—ees e e e e e © o o

|
|
I EDIEDICHIEDICD
|
|

Token Projection

EDIEDICHIEDIOD)

Trm Blocks I

I (Causal masking) I
|

—_—— e —




Timer: Generative Pre-training

O Aspect 3: Next Token Prediction (Both training and inference)

Tokenize : S; = {x(i_1)5+1, “.e ,ZBiS} = RS. ( 2/ ] 3/ ] [4r [5! ]
h? :WeSi—l—TEi, 7 = 1,...,N, /-*Next?l'oken*\ T
Forwarding : Hl — TrmBlock(Hl_l), | = 1, L. ,L, Prediction p O
T X ces
{8;1}=H'"W,,i=1,...,N, Timer ) ‘
1 |
1 . , ,
NTP!ﬁMSE:N—SZHSi—s?;Hg,z:2,...,N+1. 1 2][3][4

 Token-wise supervision: the token of each position is independently supervised

v' Enables flexible input-output lengths to address a variety of real-world scenarios



Timer: Unified Task Formulation

O Aspect4: Unify Time Series Analysis into Generative Tasks

(1) Forecasting (2) Imputation (3) Detection
I Y
| ?
|
: 7 2 ' L |
I
I
| — " ~ <
OO®OO -- O0OOM® Towards the initial
C[ Autoregression ] [ Assemble ] [ C:)mparison ] effort in prompting
: . diverse time series
( Timer ) ( Timer ) ( Timer )
OO0 OHO®mO OOdOO analysis tasks

Liu et al. Pre-train, Prompt, and Predict: A Systematic Survey of Prompting Methods in Natural Language Processing. ACM 2023.



Task Generality: Forecasting

Time Series Forecasting

1) Forecastin
« Predict any next tokens by autoregression M N5

9

)@ @) .-

O( Autoregression J

EDIEDICHIEDICD)

( Timer )

EDIEDIEDIED I ED




Task Generality: Forecasting

Time Series Forecasting

« Timer trained with only 1~5% samples
outperforms SOTA with 100% samples

Traffic Weather
0.35 = £ 0.15
~—ad. N
0.39 - 0.17
&a] *»m
= 0.43 $ =019
0.47 021
100% ' 25% 5%I1% 100% ‘ 25%  5%1%
Data Percentage Data Percentage
PEMSO03 PEMS04
0.11 — s Y 0.10
T e 0.15
0.15 >
& Y 8 3
s = 0.20 :
0.19 | i
§ 025 4
|
100% 25%  5%1%  100% 25%  5%1%
Data Percentage Data Percentage

—- Timer (From Scratch) I— Timer (Pre-trained) SOTA (Full Samples) I

Takeaways:

1. Timer fine-tuned on few samples achieves

better results than advanced deep models

2. For widespread data-scarce scenarios, the

performance degradation can be alleviated

by the few-shot ability of Timer



Task Generality: Imputation

Time Series Imputation

* Imputation is performed by generating
masked tokens with the previous context

« Surpass previous SOTA TimesNet in 44
imputation cases and data scarcities

Imputation
50 P
44 TimesNet
407 38 M Timer
=
2 B0 A
S 25
=1 . 19
= R0
=
10- 6
ol 0 - |
5% 20% 100%

Data Scarcity

(2) Imputation

,?\ [?}

OOOO®
( | Assemble )
OOOO®
( Timer ‘ )
OHOEO




Task Generality: Imputation

Time Series Imputation Showcases
ECL 20% Samples Traffic 20% Samples

- Stable improvement exhibited in !
imputation by large-scale pre-training o ’
0 1549% 0 25 50 75 100 125 150 175 (1] 25 50 75 100 125 150 175
0% 13.15% 1339% | g L 13.69%! 0% ECL 5% Samples Traffic 5% Samples

= GroundTruth = GroundTruth

~N
N

0.0% 1

=
L

5.0%

o

-

IReduced MSE by Pre-training I

0.0%-

% 0 25 50 75 100 125 150 175 0 25 50 75 100 125 150 175

NI Imputing 50% missing time points



Task Generality: Anomaly Detection

Anomaly Detection

Number of Detected Anomalies

Conducted in a predictive approach by
generating normal time series

Quantile MSE as the abnormal confidence
Surpass task-specific SOTA models in
256 tasks of UCR Anomaly Archive

Anomaly Detection

(3) Detection

- : 172
TimesNet B Timer

1 B Anomaly Transformer

129

110 109
98

61
51 51

31 . .
1% 3% 10%
a Quantile

r N
N/ ,
OOOO
( Comparison )
: - |
alaloalal)
( Timer )
OOWE®



Task Generality: Anomaly Detection

Anomaly Detection

Stable improvement exhibited in anomaly
detection by large-scale pre-training

100%

1801

160+ 80%

140 - 60%

120 1 40%

110

a Quantile Distribution

20% Avg:14:3%

Avg: 12.5%

3% 10% 0 50 100 150 200 250
a Quantile Dataset Count

Number of Detected Anomalies

Timer (From Scratch) [ Timer (Pre-trained)

A smaller a indicates better performance

Lab2Cmac011215EPG TkeenFifthMARS
| — Prediction B Prediction
= GroundTruth — GroundTruth
05 -
" 0.0
_0_5 -
] -1.0 1
— 1_5 P
’J 201
_2_5 P
0 20 40 60 80 100 120 0 25 50 75 100 125 150 175 200
STAFFIlIDatabase CHARISten
1 —— Prediction 1257 Prediction
= GroundTruth —— GroundTruth
1.00 4
] ‘m 0.75 4
0.50 -
0.25
0.00
~0.25
~0.50 V
-0.75 1
O 100 200 300 400 500 600 700 0 20 40 60 80 100 120 140 160
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Explore the Backbone for Large Model

Loss Curve of Sequence Models
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—— Decoder-only Trm (Timer) —e— Encoder-only Trm —e— LSTM ——TiDE TCN

Scalable backbone remains underexplored

in the time series community

Takeaways:

« Transformer exhibits great model capacity to
accommodate diverse time series
« The finding is surprising since lots of deep time

series models focus on much smaller backbones



Scalability: Essence of Large Models

MSE

Scaling Model/Data Improves Performance

0.160 ‘ ‘ i
@ 0159 —— ol
i | | i 0.129
0.1551 |
| 0.1281
0.150 | |
i 0.1274 |
jaa) aa| i
g 01451 £0.126
0.140 0.125
i ! i
0.1351 0.130 0.1241 | 1
i 50M ! i
1
‘ | ‘ 2 0.130 4 H-—mmmm oo i . 0.123 - 1 1 &,
2 4 6 8 256 512 768 1024 1G 2G 4G 12G
Layer Number Model Dimension Dataset Size

Scaling Timer achieves MSE: 0.194 — 0.123
(-36.6%) under data scarcity, surpassing the

SOTA (0.129) trained on full samples



Architecture Analysis: Flexible Output Length

Variable Lookback Length

« Small models are constrained to fixed input/output lengths
« Similar to LLMs, Timer is flexible on the input length

* Increasing the input window leads to stable accuracy growth

Variable Lookback Length

=
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e
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=
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Architecture Analysis: Flexible Output Length

Iterative Multi-step Prediction 0.221

0.20

« Token-wise supervision can

MSE (ECL)
o
%

alleviate error accumulation

<
—
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1 A :
Lyse = 77 D lIsi =&l i=2,.., N+ 1.

Variable Forecast Length
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—-— Encoder-only Trm (PatchTST)
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MSE (Traffic)
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Variable Forecast Length

<
~
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o
-
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—— Decoder-only Trm (Timer)
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Benchmarks of LTMs

-shot Forecasting)

Quantitative Evaluations (Zero
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We provided the average rank, where the first is the best,

to measure LTMs as a general-purpose zero-shot forecaster



Evaluations of LTMs

Quality Assessments

METHOD TIMER MOIRAI MOMENT CHRONOS LaGg-LLAMA TIMESFM TIMEGPT-1
(OURS) (2024) (2024) (2024) (2023) (2023B) (2023)
DECODER ENCODER ENCODER ENCODER DECODER DECODER ENCODER
ARCHITECTURE
DECODER DECODER DECODER
20M, 50M, 14M, 91M 40M, 125M 20M, 46M 200M 17M, 70M, UNKNOWN . .
MODEL SIZE 2 2 9 9 b 2 b b b
67M 311M 385M 200M, 710M 200M FUture Dlrectlons
FORECAST FORECAST FORECAST IMPUTATION FORECAST FORECAST FORECAST FORECAST
SUPPORTED TASKS | IMPUTATION CLASSIFICATION DETECTION ° Larger Dataset
DETECTION DETECTION
[ )
PRE-TRAINING SCALE| 28B 27.65B 1.13B 84B 0.36B 100B 100B Longer Conte)(t
TOKEN TYPE ] SEGMENT  SEGMENT SEGMENT POINT POINT SEGMENT SEGMENT ° Probabilistic
CONTEXT LENGTH | <1440 <5000 =512 <512 <1024 <512 UNKNOWN
[ )
VARIABLE LENGTH ] TRUE TRUE FALSE TRUE TRUE TRUE TRUE Complex Tasks
PROBABILISTIC | FALSE TRUE FALSE TRUE TRUE TRUE TRUE °

*https://huggingface.co/AutonLab/MOMENT-1-large
3https://huggingface.co/amazon/chronos-t5-large
*https://huggingface.co/google/timesfm-1.0-200m
>https://huggingface.co/collections/Salesforce/moirai- 10-r-models-65c8d3a94c51428c300e0742
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Context Length Matters

Context Length of Foundation Models is Scaling

107
Answer|the follow”ing"mathematical questions; Foundation Model Context Length .

- 10
Q: If you have 12 apples and you give 5 to your 40000
friend, how many apples do you have now? GPT-4-39K 10°
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Long-Context Forecasting

Long-Term Forecasting -> Long-Context Forecasting

r — -
Forecasting e >|
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Unified Time Series Forecasting

Long-Context Forecasting -> Unified Time Series Forecasting

2D Time Series

<« Variable -

— Time —»

!

Overlength Context

00 - 00
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[ Structured Context of Time Series J

Unified Time Series Forecasting

-
(a) Univariate

I:I[ID Past I Future

DDD Non-stationary :
L Yearly Context i >

. J

p
(b) Multivariate

)
"— __________ ‘I One-for-All 1 -|-

I Forecaster ~— ]
I — Larger

“[LTL] Context

— J/

( . . S e )
(c) with Covariates f ! )
| |
Endogenous Context [} :W Fotugs
Exogenous. 33 : e :
+—— Context ———»
k. e e ————— - J




Rethinking Long-Context Transformers

How Long Should be Inputted? Is Longer Context Better?

Electricity T=96 Traffic T=96 Weather T=96
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A Time Series is Worth 64 Words: Long-term Forecasting with Transformers. ICLR 2023.
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Rethinking Long-Context Transformers

ETThl ECL
0.444\ 1Day —o— Timer-XL 4 Day —o— Timer-XL
==O==PatchTST 0.18 === PatchTST
m 0.421 (\ DLinear m DLinear
s 0.40 4 Day 4Month | % 0.16 1 Week
4 Month 1 Year
0.381 0.14 1 Month .
1 Week °
0.36 . . ‘ ‘ ‘ . ‘ — ‘ - ‘ ‘ . &
500 1000 1500 2000 2500 0 1000 2000 3000 4000 5000 6000 7000 8000 -
. N Architecture
06| 4Day =0= Timer-XL 04 8 Hour == Timer-XL
' === PatchTST ==O==PatchTST
o DLinear =03 DLinear i E n COd e r- O n I y
EO'S 1 Week - E | Day 4D
‘ear , 4, ay 1 Week 1 Month
044 1 Month 4 Month . 0.
4 v' Decoder-Only
0 1000 2000 3000 4000 5000 6000 7000 8000 "o 1000 2000 3000 4000 5000 6000 7000 8000
Performance - Context Length
Models | Timer-XL \ PatchTST | DLinear ST .
Metric | MSE | MAE ‘ MSE | MAE | MSE | MAE C Projection Tokens | Autoregression 3
Lookback-8 (1 Day) | 0.0847]02100 | | 0.0897]02196 | |  0.0970 ]| 0.2276 bl ook )
Lookback-32 (4 Day) | 0.0713]0.1928 | | 0.0778|02080 | | 0.0841]0.2113 (___Flatening ) e (__Token Projection )
g g g g Embeddings g g g g
Lookback-56 (1 Week) | 0.0688 | 0.1891 | 0.0785|02082 | | 0.0814|0.2081 @
Trm Block Trm Block:
Lookback-224 (1 Month) |  0.0675|0.1868 | |  0.0745(02042 ; |  0.0788 | 0.2048 [ Ro 9l ] / Chaarhiing /
Tok
Lookback-960 (4 Month) | 0.0667 | 0.1863 | |  0.1194]0.2696 | |  0.07730.2031 i )
Lookback-2944 (1 Year) 0.0663 |0.1857 ¥ | 0.1109]0.2638 | | 0.0763 | 0.2024 Encoder-only Pipeline TR

[ Decoder-Only Transformers Outperform Encoder-Only Models on Long-Context Sequences ]




Rethinking Long-Context Transformers

Attention - Raw Time Series

Encoder-only Decoder-only

0 o 10 -
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[ Decoder-Only Transformers Can Selectively Focus on Long-Context Sequences]




Extending 1D Sequences to 2D Time Series

Next Token Prediction (Patch Tokenization) x; = {z;_1)p4+1,...,ziP}

P(X) = Hp(Xi—l—l|XSi) ?:l < . |

(a) Univariate G I /
] ‘ ' Depedencies | l/\/\« MUItI-Length
A 4 4 1T0O8e () Supervised
EO0@ Fe———————— /
1:000 ]
1 2 8 ‘
} < Dependencies » ) | | J
N [ N Attention Map & —— e o o o —— —
1 Patch Tokens - . Masked /\/\'\/\/\—\-,\I
A I N

Lookback
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>~ [ Decoder-Only Transformers Are One-For-All-Length Models ]




Extending 1D Sequences to 2D Time Series

Next Token Prediction -> Multivariate Next Token Prediction

— H Hp(xm,i—l—llx:,ﬁi) Xm,i — {Xm,(z’—l)P+1: ce ;X-m,iP}

m=1:=1

(b) Multivariate
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TimeAttention

A Versatile Masking Mechanism for Multidimensional Time Series

TimeAttention(H) = Softmax (

Mask(C ® T) + A

) HW,, Mask(M) = {0 if My =1,

—0Q0 ifMi,j = 0.

Vi
Time Series A [ Variable Dependency Multivariate with Covariate B
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« Temporal Causality
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« Variable Dependence
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Cm,n - {0

if j <1,
otherwise.

if variable m is dependent on n,
otherwise.



Position Embedding in Self-Attention

Tokens of multivariate time series are both temporal tokens and variate tokens

Amn.ij = h;,iWng,i_jW;hn,j +u-Ilm=n)+v-1(m#n)

@ L J @ @
RoPE Alibi

A r r \ I r .
e BB ( Permutation-lnvariant RoPE: Avoid PI (inherent
< e 1 | T
ﬁ 1) 12)13)14)1 (3 MR R in self-attention) on the
§ . _ [ H(zy,...,z7) = H(m{x1,...,27}) . .
= ; 1 ) 2 ; 3 ) 4] \ O ) 7 : permutation of temporal tokens Temporal dimension

v ! \ J

>
Temporal Tokens ( \

. . Permutation-Equivalent
Learnable Alibi: Maintain PE

on the Variate dimension (only

H:RY 5 RN

W{H(azl,...,a:N)} = H(m{x1,...,zN})
distinguish endo-/exo-variates)

\ﬂ' : permutation of variate tokens )




Timer-XL

A Decoder-Only Long-Context Transformer for Unified Forecasting

p N 4 Unified Time Series Forecasting
TimeAttention ( PatchProjection J\ (a) Univariate )
— . - # g \r s DDD Past | Future
U_J (B [E 1 2] =~ ﬁ_T —»( Add & Norm J & DDD Non-statio :
[} L Yearly Context i )
( Causal Attn. & Position Embed ) | [ FFN J ) (b) TE— \
P %
ID EJ UJ LA -~ T —>( Add & Norm J g s qler
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Timer-XL can be used for (1) task-specific training and (2) scalable

pre-training, handling arbitrary-length and any-variable time series
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Timer-XL
A Decoder-Only Long-Context Transformer for Unified Forecasting

Table 1: Comparison among representative time-series Transformers.

Model PatchTST 1Trans. TimeXer UniTST Moirai Timer Timer-XL
ode (2022) (2023) (2024b) (2024a) (2024)  (2024c) (Ours)
Intra-Series v X v v v v v
Inter-Series X v v v v X v
Causal Trm. X X X X X v v
Pre-Trained X X X X v v Ve
( )

Timer-XL can be used for (1) task-specific training and (2) scalable

pre-training, handling arbitrary-length and any-variable time series
g /




Supervised Training Performance

. ° ° ° \ A . . °
Univariate Forecasting (Non-Stationary) f 9 691 9.993 Multivariate Forecasting
MSE —_
-U o
0.70° ~O— PatchTST § « Thousands of Variables
] —0O— Timer-XL
5 060 E « Yearly Context
0.50- o | 5912
0.401 4 Month — = | 4.614
| . e ‘ . . — T 4101 4124 4066 3889 3.8653.786
0 1000 2000 3000 4000 5000 6000 7000 8000 2
N\ o2 4 * e e »
/ . . . \ : \,\&bﬂ“\:‘o&;‘\e P & oeeql*\‘\»% 5\6&0\'\?1‘&0(20“ o““‘;&&\!‘{\«‘e‘*
Forecasting with Covariates Timer-XL \_

Models Timer-XL | Timer-XL TimeXer /

(Ours) |(Noncausal) (2024b)
Metric | MSE MAE|MSE MAE|MSE MAE
NP ]0.234 0.262{0.237 0.265|0.238 0.268

Large-Scale Pre-Training & Zero-Shot Forecasting

Variables (a) ERA5 (Pred-96, 4920 Stations) (b) TSLib (Pred-96, UTSD Pre-Trained)

One-for-All 75 [E—— 0.7 —
PIM  ]0.089 0.187]0.092 0.188|0.088 0.188 Generalization | = o . e -
BE 0.371 0.24310.410 0.279|0.379 0.243
m 73 03 0.438 0.458
FR 0.381 0.20410.406 0.220|0.384 0.208 & o ;
Time E 7 s % 0.394 0.405

DE ]0.434 0.415]0.435 0.415|0.440 0.418
Average|0.302 0.262]0.316 0.273|0.306 0.265

71

Unified
Context

Kou tp e rfo rm Ta S k- S p eCi fi C M Od ey \ Datasets 7 Temporal (T) Variable (V) T+V ’ ETThl ETTh2 ETTml ETTm2 CL Traffic Weather

AN




Pre-Training Large Time-Series Model

Zero-Shot Forecasting (Pre-trained on 260B Time Points)

Table 7: Averaged results of zero-shot forecasting. Full results of all prediction lengths are provided
in Table |13, 1%' Count represents the number of wins achieved by a model under all prediction lengths
and datasets. The configuration of Timer-XLg,,, shown in Table|11|is comparable with Moiraipg,,
which is pre-trained on UTSD (Liu et al., 2024c) and LOTSA (Woo et al., 2024).

Models Timer-XLgq. | Time-MoEz.;. Time-MoEq, Time-MoEy;,, Moirais,.; Moiraig.,, Moirair,,. TimesFM MOMENT Chronosg,,. Chronos; .
(Ours) (2024) (2024) (2024) (2024) (2024) (2024) (2023) (2024) (2024) (2024)

Metric|MSE MAE|MSE MAE |MSE MAE |MSE MAE |MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE |MSE MAE
ETTm1 [0.373 0.392}0.394 0.415[0.376 0.405 |0.356 0.391 |0.436 0.410|0.406 0.385|0.422 0.391|0.433 0.418|0.670 0.536]0.645 0.500 |0.555 0.465

ETTm?2 0.273 0.336]0.317 0.365 |0.316 0.361 |O.288 0.344 |0.307 0.347|0.311 O.337|0.329 0.343|0;328 0.346|0.316 0.365|0.310 0.350 ‘0.295 0.338
ETTh1 ]0.404 0.417§0.400 0.424 |0.394 0419 |0.412 0.426 |0.428 0.427|0.417 0.419|O.480 0.439|0.473 0.443|0.683 0.566|0.591 0.468 ‘0.588 0.466
ETTh2 }0.347 0.388]0.366 0.404 |0.405 0.415 |0.371 0.399 [0.361 0.384|0.362 0.382|0.367 0.377|0.392 0.406|0.361 0.409|0.405 0.410 ‘0.455 0.427

ECL [0.174 0278} - - | - - | - - [0.2180.303/0.187 0.274|0.186 0.270| - - [0.765 0.686|0.214 0.278]0.204 0.273

Weather [0.256 0.294[0.265 0.297 [0.270 0.300 [0.256 0.288 |0.275 0.286]0.287 0.281|0.264 0.273| - - |0.294 0.3260.292 0.315(0.279 0.306
“Countf 15 102 1 |3 o |10 7 |]o oo 5|1 w00 1|2 o]0 o0]o0 2

The model checkpoint is available at: https://huggingface.co/thuml/timer-base-84m.


https://huggingface.co/thuml/timer-base-84m
https://huggingface.co/thuml/timer-base-84m
https://huggingface.co/thuml/timer-base-84m
https://huggingface.co/thuml/timer-base-84m
https://huggingface.co/thuml/timer-base-84m

Model Efficiency

Evaluating Memory/FLOPS of Time-Series Transformers
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Model Efficiency

Computational Complexity of Time-Series Transformer

* FFN: Linear growth with the context length - O(NT) Dominate Term in TS!
- Attention: Quadratic growth with the context length - O(N?T?#)

Table 8: Parameters count and computational complexity of Transformers for multivariate time series.

Metric | Type | Count | Complexity
FLOPs Channel Independence 12(PDNT + L(D + H)NT? + (2+ «)LD>NT) O(LDNT(D +T))
(Training Speed) Channel Dependence 12(PDNT + L(D + H)N°T? + (2 + a)LD?NT) O(LDNT(D + NT))
Parameters Encoder-Only (4+ 2a)LD? +4LD + (1 + T)PD O(LD?)
Decoder-Only (4 +2a)LD? +4LD + 2PD O(LD?)
Memory Self-Attention 4(D+ P)NT + (32 + 8a)LDNT + 4ALHN?*T*? O(LHN*T?)
Footprint FlashAttention 4(D+ P)NT + (324 8a)LDNT O(LDNT)

* L is the block number of Transformers. D is the dimension of embeddings (the hidden dimension of FFN Dy is set as aD). H is the
head number and the dimension of query, key, and value dr, = D/H. The overhead is to train on a multivariate time series (N-variables
and T'P time points) with patch token length P and context length 7". Set N = 1 for training on univariate time series.



Model Analysis

Non-stationary Forecasting
Table 16: Evaluations (672-pred-96) on the effect of ReVIN (Kim et al., 2021) on Transformers.

Models || Timer-XL with ReVIN | Timer-XL w/o ReVIN| || PatchTST with ReVIN | PatchTST w/o ReVIN
Metic || MSE|MAE | MSE|MAE ||| MSE|MAE |  MSE|MAE . Long-context Transformers do
ETThl | 0.364 | 0.397 \ 0.370 | 0.401 | 0.370 | 0.399 | 0.421 | 0.448
Weather || 0157|0205 |  0151]0205 ||| 014900198 | 0173|0242 not rely on Stationarization
ECL || 0.127]0219 01300225 f||  0.129]0.222 0.138 | 0.244

Small Gap Big Gap

Ablation Study

Table 14: Embedding ablation in TimeAttention. For the temporal dimension, we compare prevalent " .
relative and absolute position embeddings. As for the variable dimension, we explore the effectiveness Amn,ij AN, WeRe,i—j Wi by j JHu - L(m = n) +v-1(m # n)

of the variable embedding that distinguishes endogenous and exogenous variables. Temporal Variable

Design | Temporal | Variable | Traffic | Weather | Solar-Energy | ERAS5-MS
| | | MSE MAE | MSE MAE | MSE MAE | vse mag ° ROPE outperformers other counterparts

[ Timer-XL | RoPE (2024) | with | 0.340 0.238 | 0.157 0.205 | 0.162 0.221 | 0.164 0.307 |

ALiBi (2021) | with | 0351 0246 | 0.162 0212 | 0.188 0210 | 0.167 0.308

Replace | Relative (2020) | with | 0361 0250 | 0.163 0214 | 0.197 0215 | 0.168 0.309 : T
Absolute (2017) | with | 0381 0270 | 0159 0207 | 0171 0.204 | 0165 o306 ° IUis helpful to distinguish endogenous
ROPE (2024) | wio | 0361 0254 |0.171 0217 | 0.181 0221 | 0235 0.373 :

wio ’ w/o ‘ wlo ‘0.363 0.253‘0.164 0.215’0.194 0.215‘0.167 0.309 and exogenous variables




Interpretability

Attention Map

Learned Attention

F
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Figure 7: Visualization of TimeAttention. It is from the first sample of a length 672 in the test spht of
Traffic. We visualize the last 10 variables with each contains 7 tokens. We present auto-correlation
function plot. Auto-correlation can be reflected by the distribution of attention scores (bottom right).
We average TimeAttention across sub-blocks, which indicates Pearson correlations (upper right).



Open Source

Timer (Large Time Series Model)

This repo provides official code, datasets and checkpeints for Timer: Generative Pre-trained Transformers Are
Large Time Series Models. [Poster], [Slides].

Updates

» News (2024.6) Pre-training dataset (UTSD) is available in HuggingFace. Dataloader is also contained.
» News (2024.5) Accepted by ICML 2024, a camera-ready version of 31 pages.
» News (2024.4) The pre-training scale has been extended, enabling zero-shot forecasting.

» News (2024.2) Releasing model checkpoints and code for adaptation.

Introduction

Time Series Transformer (Timer) is a Generative Pre-trained Transformer for general time series analysis. You can

visit our Homepage for a more detailed introduction.
| | | @ -Scalability
h
— Task Generality
T
|||| T Strong Generalization
j ng
Emergence Abilities...

Large-scale
Pre-training

Diverse Time Series

Datasets

We curate Unified Time Series Datasets (UTSD) comprised of 1B time points and 4 volumes to facilitate the
research on large time series models and pre-training.

Nature mmweb ) (7 "

| ! ﬂ CE CT! tﬂ AustraliaRainfall

{@Energy 0 loT
= Health  Transport @ Environment

‘ UTSD-1G .‘ UTSD-2G ‘
‘ UTSD-4G .‘UTSDJZG.
. J

Unified Time Series Dataset

Diverse Shapes, Patterns and Domains

More workflows

Publish your first package
~ . Hugging Face

Contributors 2

Timer-Base (Pre-Trained on

% WenWeiTHU Yong Liu

P - pasets: = um | 260B) is Released!

Languages

Tasks: [ Time Series Forecasting ~ Modalities: B Image Text Time-series  Size:  100K<n<1M

® Python 83.0% Shell 7.0%

3 arxiv:2402.02368 3 arxiv:2105.06643 9 arxiv:1810.07758 1

Suggested workflows
Based on your tech stack

Tags: timeseries forecasting  timeseries analysis  timeseries & Croissant

ibraries: & Datasets & Croissant  License: # apache-2.0

@ Python package Configure
Create and test a Python package on
multiple Python versions.

@ Python application  configure

How to use from the ¢ Datasets © library

Create and test a Pythen application.

& SLSA Generic Configure
generator
Generate SLSA3 provenance for your
existing release workflows

from datasets import load_dataset

ds

load_dataset ("thuml/UTSD", "default")

Dismiss suggestions

All in one for using/developing LTMs: Pre-trained

checkpoint, dataset, and fine-tuning scripts

GitHub: https://github.com/thuml/Large-Time-Series-Model

Checkpoint: hitps://huggingface.co/thuml/timer-base-84m
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https://huggingface.co/thuml/timer-base-84m
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https://huggingface.co/thuml/timer-base-84m

Text-Informed Time Series Forecasting
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Semantic token/variation

Generative formulations




LLMs for Time Series: Motivations
Align time series and natural language

[cLS) sy Language modeling (Bengio et al., 2000):

the the

cat Y cat N q | n (\ A
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on on . \ J@i \ | q QP |
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[SEP] [SEP] ime series forecasting: |
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cat cat P ) . X RC

lay lay (XL+1.L+F|X1.L)7 = Dependencies of time points
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Dependencies of language tokens



LLMs for Time Series: Motivations
Align time series and natural language

[CLS] =g [CLS]
the the
cat Y cat

Large Language Models Large Time-Series Models

e Token Semantics

sat ‘ sat
on / on
the the
mat mat
[SEP] [SEP]
the the

cat cat - ‘

lay. lay

t:z f:e Pre-train Adaptation

rug rug

[SEP] [SEP] [ AutoTimes @ = u]

« Large-scale text corpora

* Token Transitions

 Limited scale of datasets

* Avoid case-by-case training

4 ™
Goal of LLM4TS: Leverage off-the-shelf

. Scalable and versatile architecture g LLMs as foundation models for time series )




FPT: Fine-tune LLM for Time Series

* Fine-tune GPT-2 in a BERT-style on time series analysis tasks, following TimesNet

T _________________ . XL
Output Linear Layer -7 F o Long-term
- - { _>[ Add & Layer Norm \ Forecasting
- 1
/"_________________________T’_""h\ 1 A 1 940
- 1
[ Pretrained | ! L |
Params | | p| ! Short-term
: Frozen Transformer Blocks I | [ Feed Forward J : N Forecartiis
{ A ! 16.00 GPT2-backbone
| A N | [ I ac
~ 1 1 TimesNet
| t s | I i OPatehTST
| Positional © 9 RS ! ey QETS omer
| Embeddings 1 \‘JI : Add & Layer Norm . =y
1 inear
\ ~N—_ rd . : 1 I O Stationary
) 1 OFEDformer
N * ~ : : ‘ : 1 Autoformer
: AN Multi-Head Attention ] Informer
[ Input Embedding ] N [ ) OReformer
Sy 1 /! Few-shot [ Imputation
A N D . 030 "\ 0.04

[ Instance Norm + Patching ]

T (‘9 Fine-tune ’ o
PWW ¢ Frozen
I 74.00 87.00

Classification Anomaly Detection

Zhou et al. One Fits All: Power General Time Series Analysis by Pretrained LM. NeurlPS 2023.



LLMTime: Directly Encoding Time Series As Words

0.123,1.23,12.3,123.0 -+ "12,123,1230,12300". * Encode TS as numerical tokens series

« Applied on larger LM (GPT-3, LLaMA)

Prompt P, Samples NgﬁAgg j
Thed 1 hobed "and fell asleep" N-HITS e ——
"The dog jumped up on the bed" " : " LLaMAAZR;"gg .
LM | eyl 20 o v Conduct zero-shot forecasting
"631, 656, 650, ..., 487, 485, 487" 479, - 371, 3647 _ s : :
492, ., 499, 501" o = X Fine-grained tokens: costly to produce

T N~/ * 0 0150 \\
\,N\/M\/J\/\/M\W W e T multivariate and long predictions
MMLU Accuracy

X Applicable on simple time series

"151,167,..,267" "151,167,...,267" "151,167,..,267" "151,167,...,267"
"151,167,..,267" "151,167,...,267" "145H NI6 41 ... R2ACK" "1561,167,...,267"
GPT-3 spaces GPT-3 no spaces LLaMA spaces LLaMA no spaces

Gruver et al. Large Language Models Are Zero-Shot Time Series Forecasters. NeurlPS 2024.

AirPassengers

Q5 ‘ MWW\M
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=
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Time-LLM: Prompting Time Series With Texts

T Output Embeddings

* Frozen LLM Parameters

—>[ Add & Layer Norm ]

i i @[”A Output Projection ] i £ i . .
=== - " B ‘¢|¢| e _i Feed Forward j « Concat. patched series with
i i e 1\ T y : Add & Layer Norm l .
: S:Liudfdﬁgsch : ” 3% Pre-trained LLM E : deSIQned Ianguage prompts
T (Body) ! Attention i .

I S Mr=rr=- W * Flattenen & Proj. (BERT-style)
- S

e e e e TR
3>i(él:’re—fmined LLM A

[ Token Embedder ] Patch Reprogram }

|
|
I
|
I
|
I
A : (Embedder)
| ,
I
|
I
|
|

Tokenization , Patching i
) e I ' ] | v Introduce textual modality
Input Text s "Sta”C,F Norm |
————————————— ### Instruction: <task information> [ N | .
WU i ‘/-\_/'\,/*vf\\_,./v\’i Time Series  Pre-trained | X ObSCU re meChan|Sm Of
e {__Paiches Word Embeddings|
3‘%\; Frozen A Training :rljli Prompt Embeddings E--“‘i Patch Embeddings —> Forward —> Backward Ut”lZI ng LLMS (Resu ItS are
Figure 2: The model framework of TIME-LLM. Given an input time series, we first tokenize and : :
embed it via () patching along with a @ customized embedding layer. 3 These patch embeddings still gOOd without LLMS)

are then reprogrammed with condensed text prototypes to align two modalities. To augment the
LLM’s reasoning ability, @ additional prompt prefixes are added to the input to direct the transfor- X COStIy to adapt (8 X A1 OO)
mation of input patches. 5 The output patches from the LLM are projected to generate the forecasts.

Jin et al. Time-LLM: Time Series Forecasting by Reprogramming Large Language Models. ICLR 2024.



Unsolved Questions

Time-LLM-ETTm?2 OneFitsAl-ETTm2 LLaTA-ETTm2
0.318 0.315 .
= + 0.324 Y
— 0.310 29
Are Language Models Actually Useful for 2 0,306 @ e 0.320
T- . F . 9 0 100 200 Y 1.26 1.32 1.38 1.95 2.10
1me Sel‘leS OrecaStlng . 0.300 Time-LLM-Traffic OneFitsAll-Traffic 0.288 LLaTA-Traffic
. . d &0
EE 0.290 02707 0.280
= .280 0.260 * 0.272
1 2 0.30 0.45 0.60 30.00 60.00 90.00
Mil‘lgtial‘l Tan Mike A. Merrill Vinayak Gupta 0.979 ~ Time-LLM-ECL OneFitsAll-ECL ‘ 0.270 LLaTA-ECL
University of Virginia University of Washington University of Washington = 0.264 0.260 0.265 e

wtd3gz@virginia.edu mikeam@cs.washington.edu vinayak@cs.washington.edu = 0.956 0.250 } 0.960

4 8 030 045  0.60 12.00 18.00

Tim Althoff Thomas Hartvigsen Inference Time (ms) Inference Time (ms) Inference Time (ms)
University of Washington University of Virginia @® w/LLM @ w/oLLM B LLM2Attn % LLM2Tusf
althoff@cs.washington hartvigsen@virginia.edu
= = A X High adaptation cost (7B+
% Projection “i Projection {4 Projection

E.J\ Transformer

X Results are still good
without LLMs

.........................

Freezing
# Trainable
@ Aligning Input Time Series Input Time Series Input Time Series Input Time Series

X Patch + Project is already

(a) w/ LLM (b) w/o LLM (c) LLM2Attn (d) LLM2Trsf

a simple & effective choice
Tan et al. Are Language Models Actually Useful for Time Series Forecasting? arXiv 2024.



AutoTimes (Ours): Exploring LLM’s Potentials for TSF

AutoTimes: Autoregressive Time Series Forecasters via Large Language Models

Yong Liu“! Guo Qin“! Xiangdong Huang' Jianmin Wang'! Mingsheng Long !

§

Yong Liu Guo Qin Xiangdong Huang Jianmin Wang Mingsheng Long



Rethinking Previous LLM4TS Methods

Insufficient utilization of LLMs is caused by several inconsistencies

Causal Decoder X Architecture: Previous works adapt LLMs, which are GPT-style

causal decoders, as encoder-only models in a BERT-style

(. LLM .)\

1 ][2 3 ] Causal Decoder

‘ | &8 D Predicted Series

A Survey of Large Language Models

d 1 R R R B | 2 Forecasting Anoroach
5 —— : a) Forecastin roac
I . . . . Time Series I 5 App
00088 1 A WEd
R ' - | Noncausal Projector
‘ J . . | (Flatten+Project)/ .
| - . C] Lookback Series : I I I
|
|

Non-Autoregressive

Casual mask

inside each LLM
hinrk

@ The token causality are broken in the last projector



Rethinking Previous LLM4TS Methods

Insufficient utilization of LLMs is caused by several inconsistencies

N

PU) = ][ p(uilu<s)

i=1
Multiple supervision

under different lengths

!

Inference with different

lengths of input tokens

X Autoregression: LLM predicts the next tokens iteratively,

while prevalent forecasters obtain all tokens in one step

(a) Forecasting Approach

alaala

Next Token

Time Series

] FNPNA

>

Prediction

(v ) Cm )T
)G MOEE

Non-Autoregressive  Autoregressive (Ours)

¥

@ The outcome forecaster is only available for specific length

C] Lookback Series
D Predicted Series

|
|
I
|
I ( Flatten + Project )
I
I
|
|



Revitalize LLMs for Time Series Modality

Exploration of advanced capabilities of language models

 Prompting: we formulate time series as prompts, extending

the context for prediction beyond the lookback window

Time Series (b) Prompting Mechanism
1/v/\ [ ImadN ( —
| I Y 4 - 4 A
— O L OEG

C] Lookback Series ( LLM )
[:] Predicted Series + 4 4 4 4
Prompts aim to elicit better () Natural Language ) | cgﬁgat ER1E31ED

Time Series as Prompts (Ours)

|
|
|
|
D Relevant Series | Language as Prompts (Previous)
|
|
|
|

responses from large models
@ Language prompts for TSF lead to modality gap

Liu et al. Pre-train, Prompt, and Predict: A Systematic Survey of Prompting Methods in Natural Language Processing. ACM 2023.



Revitalize LLMs for Time Series Modality

Exploration of advanced capabilities of language models

/The Electricity Transformer Temperature (ETT) indicates the N\ * MUItImOdaI: we use LLM-embedded teXtual tlmeStampS to

[:] Predicted Series
Long language prompts () Natural Language

designed for time series

[Adcu 1 ] (Addé 2 } [Add+ - ]

@ Language prompts for TSF lead to excessive contexts

electric power long-term deployment. Each data point consists
of the target oil temperature and 6 power load features .. utilize chronological information and align multivariate series
Below is the information about the input time series:
[BEGIN DATA] .
* k% -
[Domain]: We usually observe that electricity consumption Time Serles I Language as Prompts (Prevmus)
peaks at noon, with a significant increase in transformer load | ( LLM )
* % ¥
[Instructlo‘n]: Predlf:t the next <H> steps given the previous } | * ‘ ‘ ‘ ‘ ‘
<T'> steps information attached see — | I
[Statistics]: The input has a minimum of , @ maximum I Coneat I l | l
of , and a median of . The overall trend D R | Seri I
is . The top five lags are . elevant Series L Positi Embeddi (O )
anguage as rosituon cmpedadin urs
[END DATA] ) guag 8
\ / C] Lookback Series | ( (LM )

Jin et al. Time-LLM: Time Series Forecasting by Reprogramming Large Language Models. ICLR 2024.



Key ldea

Language token transitions are general-purpose and transferable

Model Perspective Token Perspective

o ik ) bown | o | jumps | over |
Language the : quick Ibrown : fox : jumps : over |

{\ Transitions

Repurpose

Forecaster I I I I

v Time Series I |
Transitions | | | | | |

v' Approach: Reuse the general-purpose token transition

v Alignment: Embed time series into latent language representations

v Potentials: Autoregressive generation with inherited LLM capabilities

( )
000
L)

Token-wise
Alignment

000,




Key ldea

Autoregressive LLMs are arbitrary-length time series forecasters

uoissaibaiolny

[~

l__ __9)
P_\_/_\_\_/_\_/_J ’/
“_____Y__9

G S S S S S S S S S S E—

PU) = HP(uz’|U<z’)

Token-wise supervision

4

f:(X1.0,81:04F) — XL41.L+F-

v" Arbitrary lookback length L
v" Arbitrary prediction length F



Method Pipeline

(®

Large Language Model

P
xIx

]

Ground Truth
2, 3 |

A
Template ]

™

€ = -

~

N\

N\

This is the series
from 2016/7/1 00:00:00

|

Embeddings ]

Next Token Prediction

MSE MSE

t0 2016/7/1 23:00:00 afilexts
] : =
1 = ( s Segment Projection ¥ )
o ©
Timestamp Time Series g
= - . :
2016/7/1 00:00:00 13
...... J/V\/\ 'S 4 4 4
2016/7/1 23:00:00 s (@ Large Language Model * J
I —
< i A A
= 2016/7/2 00:00:00 - /
&0 ! asPosition  (TE[sE, TE,[SE, TE[SE;
L | _/"W\ 1 Embedding 'y L) 1
% 2016/7/2 23:00:00 e il T S SO PO T PP P TP T T 1
s_,g-’ 4 Segment Embedding o )
| R I
2016/7/7 00:00:00 - . . P -
...... fv-'\/\\_ Time Series 14 2 3 7
2016/7/7 23:00:00 Segments ' . i
e, 2016/7/1 2016/7/2 2016/7/7

Tokenization: regard time series
segments as basic language tokens

Modality-Mixing: Incorporate textual
covariates (timestamp) to align variates

Freeze the LLM: Train minimal
parameters by next token prediction

Inference: Generate arbitrary-length
time series autoregressively like LLMs



In-Context Learning

Answer the following mathematical reasoning questions: In-Context Learni ng: LLM can generate desired

Q-. If you have 12 C.andies and you give 4 candies to your ﬁ'iel'ld, Outputs based on task demonstrations from
how many candies do you have left?
A: Theansweris 8. downstream datasets, without gradient updating
_ Ifarectangle has a length of 6 cm and a width of 3 cm,
0. what is the perimeter of the rectangle?

: The answer is 18 cm. A: He gives (1 /4) x 12 = 3 marbles.
i So Sam is left with 12 — 3 = 9 marbles.

Sam has 12 marbles. He gives 1/4 of them to his sister. - LLM »
ow many marbles does Sam have left?

4
Q
H

The answer is 9.

Task Demonstrations: Question-answer pairs in natural language, from an unseen task

Inference: Combine the current question with task demonstrations (prompt) as the input

Based on the token-wise alignment and full reutilization of token transition,

Q AutoTimes can seamlessly transfer ICL to the time series modality




In-Context Forecasting

We propose in-context forecasting for time series Time Series Forecasting:
Zero-Shot Forecasting In-Context Forecasting f:(Xup,an04F) & XL41:04F-
E [52’ [53'] 54'] [55' P2’ [P3’] P4’] [PS’] [52'] [53 [54 ] S5
S 4 4 4 ) (Time Series Prompt: )
5[ .
&R Forecaster ] ( Forecaster ) C = {tsp(j) — X<tj}) tj < L.
: < >
E r | I ) Earlier historical time series
Es ] [52 ] [53 ] P1 || P2]|]|P3 [ P4 [ ST [ S2 [ S3 [54 (perhaps non-consecutive )
E( . E
Time Series Prompt Lookback .
,i‘;nk ' L ' > : ' ' ' > Qc : (CaxlzLaalzL-l-F) = ﬁL+1:L+F)

Prediction Demonstrations: Retrieve time series as prompts from the target domain

Inference: Input "prompt-lookback" sentence into our model without updating parameters



Comparison of LLM4TS

Quality assessments (none of prior LLM4TS methods achieved all three)

Method AutoTimes | TimeLLM [15] UniTime [21] FPT [49] LLMTime [13] TEST [34] TEMPO [7] PromptCast [44]

Autoregressive v X X X v X X X
Freeze LLM v v X X v v X v
Multimodal v v v X X v v v

Minimal tunable parameters -> Better performance/model efficiency

B AutoTimes FPT B TimeLLM
Training Time (s/iter) Inference Time (s/iter) Tunable Parameters (MB) .
,] 896108 0734 43.66 15min to repurpose
40
0.61 LLaMA-7B on a RTX
0.284 0.354 0.2 0.133 0.163 7.01
0 0033 o L %022 0.4 0.79 (8 x A100 for Time-LLM)

GPT-2 LLaMA-7B GPT-2 LLaMA-7B. 0 GPT-2 LLaMA-7B



Ablation Study

True utilization of large language model (different from non-autoregressive LLM4TS methods)

Table 6: We follow the protocol of LLM4TS ablation studies [35] to verify whether the LL.M is truly
useful in our AutoTimes: (1) w/o LLM replaces the language model entirely and passing input tokens
directly to the last layer; (2) LLM2Attn replaces the language model with a single multi-head attention
layer; (3) LLM2Trsf replaces the language model with a single transformer block.

Dataset ETThl ECL
Type | AutoTimes  w/o LLM LLM2Attn ~ LLM2Trsf | AutoTimes w/o LLM LLM2Attn ~ LLM2Trsf
Metric | MSE MAE MSE MAE MSE MAE MSE MAE|MSE MAE MSE MAE MSE MAE MSE MAE

Pred-96

0.360 0.400 0.365 0.399 0.383 0.404 0.377 0.401

0.129 0.225 0.171 0.263 0.156 0.255 0.162 0.263

Pred-192

0.388 0.419 0.405 0.425 0.414 0.422 0.406 0.420

0.147 0.241 0.192 0.282 0.178 0.276 0.189 0.287

Pred-336

0.401 0.429 0.429 0.441 0.431 0.432 0.421 0.431

0.162 0.258 0.216 0.304 0.198 0.295 0.216 0.309

Pred-720

0.406 0.440 0.450 0.468 0.456 0.454 0.449 0.452

0.199 0.288 0.264 0.342 0.230 0.320 0.258 0.340

Tan et al. Are Language Models Actually Useful for Time Series Forecasting? NeurlPS 2024.



Forecasting Performance

Long-term forecasting (one-for-all rolling forecasting)

Models] AutoTimes | TimeLLM [15] UniTime [21] FPT [48]  iTrans.[22] DLinear [44] PatchTST [26] TimesNet [41]

Metric [MSE MAE|JMSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE
ETThl §0.389 0.422§0.412 0.437 0.683 0.596 0.429 0.439 0.421 0.445 0.426 0.444 0.409 0.430 0.495 0.491

BCL [0.159 0.253]0.181 0288 0.325 0.399 0.184 0.284 0.164 0.258 0.165 0.265 0.169 0.268 0.201 0.303
Weather[0.235 0.273[0.225 0.266 0.461 0.459 0.228 0.266 0.266 0.291 0.239 0.291 0.226 0.268 0.264 0.293 deep models trained
Traffic [0.374 0.264{0.410 0.303 0.584 0.367 0461 0.326 0.384 0.274 0.423 0.298 0.391 0.275 0.602 0.322
Solar. [0.197 0.242J0.263 0.335 0.392 0.462 0.236 0.303 0213 0.291 0.222 0.283 0.202 0.269 0.213 0.295

One LLM-forecasters

can outperform each

on specific lengths

Short-term forecasting (in-distribution)

Models | AutoTimes| TimeLLM  FPT Koopa N-HiTS DLinear PatchTST TimesNet FiLM N-BEATS
g;n sMAPE| 11.831 11983 11.991 11.863 11960 12.418 13.022 11930 12.489 11.910
§ MASE| 1.585 1.595 1.600 1.595 1.606 1.656 1.814 1.597 1.690 1.613
<| owAal] 0.850 0.859 0.861 0.858 0.861 0.891 0.954 0.867 0902 0.862
State-of-the-art
Zero-shot forecasting (out-of-distribution) performance

Models | AutoTimes] FPT DLinear PatchTST TimesNet NSFormer FEDFormer Informer Reformer
M4 —-M3) 12.75 13.06 14.03 13.06 14.17 15.29 13.53 15.82 13.37

M3 —»>M4| 13.036 |13.125 15337 13.228 14.553 14.327 15.047 19.047 14.092




Compatibility of Language Models

AutoTimes configuration

Base LLM GPT-2 (124M) OPT-350M OPT-13B  OPT-27B  OPT-6.7B LLaMA-7B
Hidden Dim. | 768 1024 2048 2560 4096 4096 Large model tuned with
Embedding | 2-layer MLP 2-layer MLP 2-layer MLP 2-layer MLP 2-layer MLP  Linear

: small amount of params

Trainable Param. (M) |~ 0.44 0.58 1.10 1.36 2.15 079 |

Scaling law of LLM-forecasters

GPT-2
0.170

0.165

MSE

0.160

0 125 25 375 500 625 750
Training Time (ms/iter)

0.400

0.390

0.380

0.370

Traffic

GPT-2

250 375 500 625
Training Time (ms/iter)

Larger language models,

more accurate predictions



In-Context Forecasting Showcases

Facilitate an interactive experience of forecasting via prediction samples
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Open Source - AutoTimes

v’ Efficient: Only 15min to repurpose LLaMA-7B on
one single RTX 3090-24G (8 x A100 for Time-LLM)

v' Compatible: Support any decoder-only LLMs:
GPT, LLaMA of different sizes, the OPT family...

v" Well-organized: Pretty code implementations for
multi-step autoregressive forecasting and in-

context forecasting

GitHub: https://github.com/thuml/AutoTimes

(1 README &[5 MIT license Z

AutoTimes (Large Language Models for Time
Series Forecasting)

The repo is the official implementation: AutaTimes: Autoregressive Time Series Forecasters via
Large Language Models.

Time Series Forecasting: AutoTimes repurpose LLMs as autoregressive multivariate time
series forecasters. Different from previous models, our repurposed forecaster can be applied
on various lookback/forecast lengths.

Zero-Shot Forecasting: AutoTimes takes advantage of LLM's general-purposed token
transition as the future extrapolation of time series, demonstrating good performance without
downstream samples.

In-Context Forecasting: We propose in-context forecasting for the first time, where time
series prompts can further incorporated into the context to enhance forecasting.

Easy-to-Use: AutoTimes is compatiable with any decoder-only large language models,
demonstrating generality and proper scaling behavior.

Updates

» News (2024.10): AutoTimes has been accepted by NeurlPS 2024. A revised version (25 Pages)
is now available, including prompt engineering of in-context forecasting, adaptation cost
evaluations, textual embeddings of metadata, and low-rank adaptation techigue.

» News (2024.08): Recent work (code) has also raised questions about previous non-
autoregressive LLM4TS methods. We conduct ablations here, highlighting AutoTimes can truly
utilize LLMs, Instead of adopting LLMs in a BERT-style, the general-purpose token transition is
transferable among time series and natural language.

Model Perspective Token Perspective
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» News (2024.2) Scripts for the above tasks in our paper are all available.



https://github.com/thuml/iTransformer
https://github.com/thuml/AutoTimes

Limitations of LTMs

Deep Models Always Give Global-Optimal Predictions (Conservative)

* They are trained to make minimal prediction errors KRN~ TES ARES AR
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Limitations of LTMs

Learning/Inference on Single Time Series (Non-Multivariate)
« The single-variate formulation makes the training simple and versatile

 Fail to utilize expertise knowledge / multivariate correlations

External factors: Policies, Employment... -—
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Most time series are unpredictable and external Applications are involved with domain knowledge

factors that make the change are not considered while deep time series models are purely data-driven



Limitations of LTMs

Series Variation is Distinct in Different Applications (Non-transferable)
* Unlike grammar in languages, the common sense of TS remains unclear

» Scaling does not bring continuous/explicit benefits to performance

Other Applications “ b Learn More, Know Less!
| ®
|l| | Want to Know
When Will Our

Finance Traffic

g/ Server Break Down!
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Future Directions

Large Model Does Not Grow in One Step

.~ GPT-3 175B zero shot || GPT-3 175B few-shot || FLAN 137B zero-shot

ulll gl

Natural language inference = Reading Comprehension Closed-Book QA

/ Large Model for \

Natural Language
Was Also in

Early Stages

\ (GPT-3,2020) )

- G-

GPT-3 InstructGPT

ChatGPT



OpenLTM: Open-Source Large Time-Series Models

v Inclusive: Integrate mainstream large

time-series models and datasets

v' Ease of Use: Easy to pre-train and

evaluate your large model design

v Active: We are engaging in discussion

and welcome to any instructive PRs

GitHub: https://github.com/thum|/OpenLTM

}g WenWeiTHU Update README.md fbe9dOb - 6 hours ago L) 12 Commits
data_provider init 3 days ago
exp init 3 days ago
figures update readme 2 days ago
layers init 3 days ago
models init 3 days ago
scripts init 3 days ago
utils init 3 days ago

[ .gitignore init 3 days ago
[ LICENSE init 3 days ago
[ README.md Update README.md 6 hours ago
[ requirements.txt init 3 days ago
D run.py init 3 days ago

[0 README &[5 MIT license

OpenLTM (Open-Source Large Time-Series Models)

Large time-series models, pre-training datasets, adaptation techniques, and benchmarks.

® Note

7 =

OpenLTM is a open codebase intending to explore the design philosophy of large time-series models. It is not
intended to be completely compatiable with official codebases and existing checkpoints. We aim to provide a
neat pipeline to develop and evaluate large time-series models, which covers three milestone applications:

supervised training, large-scale pre-training, and model adaptation.


https://github.com/thuml/OpenLTM

Thank you!
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