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Big Challenges in Big Cities N e Tt




Examples (Data / Analysis / Decision)

® THE HONG KONG
w UNIVERSITY OF SCIENCE AND

TECHNOLOGY (GUANGZHOU)

» Geological disaster response w0

1. Current and historical rainfall .

2. Predicting whether geological disaster will o sttt
happen in the future EHT

3. When to take what precautionary measures

» Autoscaling of cloud resources

Current and historical user load
Predicting future user load

3. Decision on whether to scale up or scale down
at future time, and by how much.

A

Time series: Rainfall

Waste of resources Supply

Demand

Waste

Loss

Time series: User Load



& THE HONG KONG

Examples (Data / Analysis / Decision) () UniveRSITY OF SCIENCE AnD

TECHNOLOGY (GUANGZHOU)

« Navigation from a source to a destination

* Current and historical traffic flow

» Predicting traffic flows, identifying congested areas

» Selecting fastest/greenest paths; whether using

highways, bridges vs. tunnels Spatio-temporal Data:

- Design new materials/drugs Trajectories, 1;raff|c Flows

» Structure of existing materials and their properties

» Predicting properties of unknown material

structures &Q\
» Potential candidates for new materials that satisfy (€)  inrauniccdge
specific properties Molecular structure spatial

data: geometric coordinates
and topological graphs s
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What is Spatio-Temporal (ST) Data ([ URIVERSITY OF SCIENCE AND

» ST data refers to data that integrates spatial (location), temporal (time), and event-

related information, capturing how phenomena change across both space and time.

———

=
——

Time, Location,

Event

Transportation Sports Analysis
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Environment @

ST Data Intelligence Framework

Service Providing
Improve urban planning, Ease Traffic Congestion, Save Energy, Reduce ——
Air Pollution, ...
1 Win
Urban Data Analytics
Data Mining, Machine Learning, Visualization
Modeling
Urban Data Management ST Data
Spatio-temporal index, streaming, trajectory and graph data management,... I i
{ 5
See . 8800 o o
Human A1r Meteorolo Social Road
En POI
mobiy " ualiy gy Media " Networts "% Tackle the Big challenges
Urban Sensing & Data Acquisition
Participatory Sensing, Crowd Sensing, Mobile Sensing n B Ig Cl t[eS
using Big data!

Urban Computing: concepts, methodologies, and applications.
Zheng, Y., etal. ACM transactions on Intelligent Systems and Technology.
9
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ST Data - Taxonomy

» Spatially and temporally static data
» Spatially static and temporally dynamic data

» Spatially and temporally dynamic data

US EPA, China MEP, IOT Foursquare, Geo-tweets, Dianping
Spatio-temporal Spatial Static Spatio-Temporal
Static Data Temporal Dynamic Data Dynamic Data
4 ) 9 7
A
- @] @[&J .@iﬂ,_‘@", \
w 7 73 7 - = -
2 B BB 51
Q 3 =
£ 8= @
e POI Distributions Spatial-temporal
Crowd Souring Data
°
% A A @ @
- 7 ) ;
_& 7 7 /ﬂ ; N
° 7 g 7 P . e
3 , - B B
7}
2 Road/Transportation j \ ] j \ ] /
k Networks Road Traffic Data Trajectory Data
Bing, Google, Gaode, Gaode Maps, Traffic TAXI, DD, Uber,

Baidu Maps management Bureau China Mobile, China Telecom 10
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Spatially and Temporally Static Data O S o)

* Points & Locations

* Lines
- Route, pipeline,

- Rivers, coast,...

» Graphs
- Road networks [ == P v E
o Eismeie
- Air lines NG Ee s e a e

91,

CE

2011: 121,771 nodes and 162,246 segments, 19,524km
Beijing road networks 2009-2011
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Spatially Static and Temporally Dynamic Data [ UNErsTY oF science an

» Usually derived from sensors deployed in different locations.

« Also can be called standard time series and spatial time series,

-® (
, Sensor ID: 601500 @
- =1 [PV " Traffic Flow:
B
A4 A il A AA
WL ywe \\ W\,
o (0] @ el op e o) vl I "y ]7‘/ Ao p f‘“,»/ e
aP (05} ¥ 2015 2016 2017 2018 2019
aa > e Coordinate: ( 36.327, -119.341)
PM2.5 Info Station: Lasa Highway Category: State Route 198 East
Number of Lanes: 3

time

2 NGO o

o ® O
PM2.5 Concentration

0 0-10 (pg/m*) o
o 10-40 Sensors in California (CA)
@ 40-80 ® Greater Los Angeles (GLA) 000090040 o
@ 80- 150 o) @ Greater Bay Area (GBA)
® 150-300 "ES‘"’_ san Diego (SD) =
China @® Other Sensors
°

PM2.5 Concentration Traffic flow 12
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Spatially and Temporally Dynamic Data O S S S ot

« Spatial and temporal values varying in time

- Moving objects Timestamp
T =m — P2 = = Pn, pi:(ai,bi,
i Trajectorles Location (latitude & longitude)

« E.g. Human mobility (travel logs, check-ins, credit card transactions, trajectories of taxis /

airplanes / ferries, ...), Animals migration, Natural phenomena.

— o "1-.’._}&5 = =& = -



Data Types and Data Sources

THE HONG KONG
UNIVERSITY OF SCIENCE AND

TECHNOLOGY (GUANGZHOU)

Geographical data
Traffic data

Social media data
Demographic data
Environment data

Others

The quality of related papers

Proportion of dataset type

B Geographical Data
B Traffic Data
Social Media Data
Demographic Data
Environment Data
B others

Total number of papers=177

14
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ata Types and Data Sources U0 Roioer Guanczion

ent Format Dataset Link Reference

Category

ArcGIS nttps://devel
PlanetScope ttps://deve
01 Satellitc Image Image Google Earth
OpenStrectMap
i Baidu Maps
Baidu Map
Google Street
Tencent Map

Street-View
Image

siozedieis

2 Tencent Map Service
Geographical WeChat POIs
16 Data Baidu Map POIs
NYC Open POIs
Foursquare
POIs Point Vector Wikipedia POIs
AMap Service
Yelp POIs
Dianping POIs
[ Multimodal-Urban-C ing Public OWatch 4 + | ¥ ok 10~ | f¢ sar 134 :! ':r':)’l': e
Bing Map POIs v
Shenzhou UCar ttps://bit.1
P main - 1Branch ©0Tags Q Gotofile ©  Addfile - About Chicago Transportation  https://data. cityofchicago. org
v ttps://github. con/gsol
‘Taxi Shenzhen ttps://github
NYC Open Taxi Data~ https://opendata
Trafic  Spatio-temporal GeoLife
Urban Computing, Trajectory Trajectory

+o
20221124 20240118 20240313 20240507 20240701 20240825 20241019 20241213 20250207 20250403
Time

A professional list on Multi-modal Data
XingchenZOU Update README md 902602/ -4 morths ago ) 208 Commits Fusion Models and Key Datasets for

[ README.md Update README.md 4 months ago

@ anxiv.org/pdf/2402.19348 pdf
O intropng Rename image.png_to intro.png last year Grab-Posisi
decprleaming  cross-domain  multimodal

e California-PEMS
[ taxonomy_frameworkpng Rename image.png to taxonomy_framework png fast year T g— () ‘I'::"":‘ METRLA
Taffic Flow Large-ST
0 Readme rapl MobilcBJ
[ README a = TaxiBJ
A Activity BikeNYC
v 134stars OpenStrectMap

Road Network  Spatial Graph

bRs welcome awesome US Census Burcau
LY avesome | © awarching

‘Spatio-temporal LaDe
% 10 forks Trajectory ID Logistics
Awesome-Multimodal-Urban-Computing Report repository — y
T . Common Crawl
Welcome to our carefully curated collection of amazing Multimodal Urban Computing models! This repository serves Releases et ot Yelp Reviews
as a valuable addition to our comprehensive survey paper. Rest assured, we are committed to consistently updating it . . Weibo Traffic Police
to ensure it remains up-to-date and relevant. ial Geo-tagged YRCCI00M
Media Image & yideo  ImagekVideo NUS-WIDE ttps://goo. su/dWPQZcD
Data o L) GeoUGV tps://qualinet.gith io, tabase de
Spatio-temporal Modality . 453] Geographical pata Packages Joer Cheock 7
Cross-domain Data s e s Chec tps://Jiepang. apy

Users” Info Time Series  Gowalla User Lo

tp://kone netwo: bc-gow edg

PO GPS Point; Time seies Trajectory. POVAGE Saelite Image; Street view Imag

7 ‘WeChat Mobili nttps://open. e .o
W @ of 2 2 J ety .
TH &b Ea $ie Traffic Data Crime. Time Serics NYC Crime ttps://opendata. cityofneuyork 8
Visual Modality Trlector; Roud Network Tt Flow; Logt " Land Use SG ttps://wwu.ura er-Plan
- - ) Il\m;§:|:| Land Use Time Series Coid U Ve i/ b
. é c ngsocialmedilban Population Time Series. WorldPop Tt www . worldpop.org 1309, 154, 10)
ain £ § e Dt Gao g Pt TipDM China Weather . org/
Soelite image Streetiew Image. 3 f e Geota doo DarkSky Weather pple ‘en-us/10: 1349)
Textual Modality . pemographic Data WeatherNY ks z L)
preT— et st WeatherChicago chicago 221
oo ot Popuaton Crime Dta and Use Dt s eSS Weather Underground on 42
e tomtn DIdiSY 3 b 1
Uenvironment Data Environment DRHFH 192
Other Modalities [ —— Data WD_USA weather s u/RVBA 1192)
e G Greenery “Time Series Google Earth t / k. go om/ 1342)
By Citymind (G2} 1f th dd d, please let me know! iiAle epe// d L
y Citymind LAI Z). If there are any areas, papers, and datasets | missed, please let me know! Air Quality Time Series. syt i $ s N - g 1 5
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Why ST Data Mining U0 Roioer Guanczion

« Modeling ST data is the foundation of real-world applications, creating win-win-win

solutions that improve the environment, human life quality, and city operation systems.

« ST data are anywhere, connecting with each other.

Environment ﬁ

Modeling
ST Data

ik

People
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Why Multimodal ST Data Mining N e Tt

« Single-modality information fails to address the complexity of real-world scenarios.

« Example 1: Air Quality Inference — Unlock the power from multiple (sparse) data across

different domains

N
A\
>
Meteorology Traffic Human Mobility
2 #,
e ey
a -
P -]
R 0
mes e —er G
EEEs L i o — =
7 =5 = I e
. p— N 3 /;"
v<=Saw B el 7
= . g R K
I I" T e Y
Z $/«9«-@“"v,/ n
Historical air quality data Real-time air quality reports SeSfenie /)‘r' ‘ B SN N

U-Air: When Urban Air Quality Inference Meets Big Data, KDD 2013 18
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« Single-modality information fails to address the complexity of real-world scenarios.

« Example 2: Noise Diagnosis — Unlock the power from multiple (sparse) data across different

domains
POIs Road Networks
‘ 5 Loud Music/Party [Jlll Construction [ Private carting noise
@ ) 8 [:LOUdleE{:IOL\ - ACIV enulauon- Others
@ S 60-
. f 40
= g
By g
= = 20 "
@ ® &
3 ] T T T T T
@ Z o0 4 8 12 16 20
z Time of Day

C) Noise of different categories in Time Square

l 311 Data about noises
; Weekday:0-5am  Weekend: 7pm-11pm Weekday: 6am-6pm

v : i
04 - éﬁj 276 27
{7 % el o =
¥ 2
4 0, "[ 184 18
by, H % [' 138 m" 13
"“‘ . J’é sI ‘0
s madt ol
A) Overall noises B) Construction

Diagnosing New York City's Noises with Ubiquitous Data, Ubicomp 2014 19
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Research Gap U0 Roioer Guanczion

» Multimodal ST Data Mining vs Traditional Multimodal Learning
» Multimodal ST Data Mining <> Cross Domain Knowledge Fusion

» Existing research focuses on single-domain multimodal fusion, data are originally aligned

(collected for same problem), which fails in cross-domain ST scenarios.

E— ==l
o il
VY
| >
A) A Webpage B) A robot C) Sensors for Brains
Fusing Cross-Domain Knowledge from Multimodal Data to Solve Problems in the Physical World. 20

In ACM Transactions on Intelligent Systems and Technology, 2025.
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What is Cross-domain Data Fusion () U aveRSITY OF sciEnce AND

TECHNOLOGY (GUANGZHOU)

« Data from different domains, collected for different problems, originally not aligned.

« E.g. Air Quality Inference (history AQlI, traffic, land uses, meteorology data)

$% 3% - xp o Abeetse
e 3% — ) .
4

D ) o
ata Domain Knowledge

T - - e Bl

M - ;Doimain‘A
> | - | - A @ @4 D - "'vé"D(A)maiinB e
Insights ~—
) into data = - $E
NN @ @ — ]~ ‘ —_Domain D
Knowledge & links Data Data Sources Domains

Fusing Cross-Domain Knowledge from Multimodal Data to Solve Problems in the Physical World. In ACM Transactions on Intelligent Systems and Technoloé\}, 2025.



& THE HONG KONG

ST Multimodal Learning is Future ) R S e

» Current research on multimodal learning is mainly focus on solving problems in

digital world (stage a & b), rarely stepping into the physical world (stage c).

Digital World

> roblems . . . .
1) Daily Multimodal Apps, Image/Video Generation

A) Solving digital problems using data in the digital world

Dlgltal World

B) Solving problems in digital world using data from both worlds

Physical World

E{ 2) Motion-sensing Game, e.g. Switch

3) Real World Problems, e.g. AQl

Dlgltal World
ultimod aI
Data

C) Solving problems in the physical world using data from both worlds

Physical World

B
o Essential difference between multimodal ML

in ST compared to the common multimodal.

Fusing Cross-Domain Knowledge from Multimodal Data to Solve Problems in the Physical World. In ACM Transactions on Intelligent Systems and Technoloég, 2025.
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ST Multimodal Data Fusion System U S S e

Domains @ C C )

D t P ¥ 3 A A ¥ ~‘l iy i,
o LS ) IS LSs ) [8e ] [8s ][ Se ][ S0 |[ 8] S, |
Sources “1 2 3 4 A 6\\ >7 8 ‘ n |
| D,/ DaD, XD, Dg/f D<, DexPu D
i ¥y q“’;"1 " § 5
Data 3 f[?ﬂ F
g i [fp ))> L \\
Modalities
i Image Video Audio Texts Pomt based Network-based Spreadsheets
‘ Unstructured Data | Spatial Temporal Data Structured Data
12 » < v v S € Ca ¥ oy 4
K ad K1 Koy K71 Ksy Ke1 Ka1 ‘ Koy I Ka1 Ke1 ] Kn
NOWIS ge K12 K22 K72 KSZ K82 K32 ‘ K92 ' K42 K62 I KnZ
from Data | | 3 | j
] ]

. Domain knowledger et i Domain knowledge

Fusing Cross-Domain Knowledge from Multimodal Data to Solve Problems in the Physical World. In ACM

Transactions on Intelligent Systems and Technology, 2025. 23
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Machine Learning Era

Methodologies for Cross-Domain Data Fusion: An Overview
Publisher: IEEE | Cite This | 500+ citations
YuZheng All Authors On Google
310 59 13016 Scholar!

Citesin Citesin Full
Papers Patents Text Views .
[ ] I
Abstract Abstract:

Traditional data mining usually deals with data from a single domain. In the big data era, we face a diversity of datasets
from different sources in different domains. These datasets consist of multiple modalities, each of which has a different
1 Introduction representation, distribution, scale, and density. How to unlock the power of knowledge from multiple disparate (but
potentially connected) datasets is paramount in big data research, essentially distinguishing big data from traditional

Document Sections

2 Related Work data mining tasks. This calls for advanced techniques that can fuse knowledge from various datasets organically in a
3 Stage-Based Data Fusion machine learning and data mining task. This paper summarizes the data fusion methodologies, classifying them into
Methods three categories: stage-based, feature level-based, and semantic meaning-based data fusion methods. The last category
of data fusion methods is further divided into four groups: multi-view learning-based, similarity-based, probabilistic
4 Feature-Level-Based Data dependency-based, and transfer learning-based methods. These methods focus on knowledge fusion rather than schema
Fusion mapping and data merging, significantly distinguishing between cross-domain data fusion and traditional data fusion
studied in the database community. This paper does not only introduce high-level principles of each category of
5 Semantic Meaning-Based . . . . . . .
methods, but also give examples in which these techniques are used to handle real big data problems. In addition, this
Data Fusion e e . . . . . B .
paper positions existing works in a framework, exploring the relationship and difference between different data fusion
Show Full Outline v methods. This paper will help a wide range of communities find a solution for data fusion in big data projects.
Authors

Published in: IEEE Transactions on Big Data ( Volume: 1, Issue: 1,01 March 2015)

Methodologies for Cross-Domain Data Fusion: An Overview, IEEE Transaction on Big Data, 2015 25
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Machine Learning Era

» Stage-based data fusion

* Feature-level-based data fusion
* Feature concatenation + regularization
 DNN-based

Semantic meaning-based fusion

» Multiple-view-based: like co-training
« Similarity-based: Coupled matrix factorization
 PGM-based

Transfer learning-based

Methodologies for Cross-Domain Data Fusion: An

| Road Networks: F,

IR Road Ner |
Spatial Classifier | POLs: F, Spatial |
ETraﬂ'nc: F, Meteorologic: F, E

 Human mobility: F;, Temporal E

Multi-view learning (Co-training)

Air quality data  Traffic Data

ailalllea¥a ’\Jﬂ/’ N Falra) ! R
™ f s )
el e e e S
c A o\ O Zrn My Px p : = O
- , {Good. nlodcmlium‘ {fast, normal,
K Xy K Unbhealthy} congestion }

Pro. dependency-based (Topic Models) Transfer Learning-based

g £1857816,8182 816 PRIy F =Ty i hbh—fk

) : 4 : -

oMo Mg | Mo oM | Pleisis

y / i Lot
Y < X < &

Similarity-based (matrix factorization)

Overview, IEEE Transaction on Big Data, 2015 26



% THE HONG KONG

Principle of ST Multimodal Fusion 11,1 UMt O SEENGE e

TECHNOLOGY (GUANGZHOU)

Deep Learning Era

Spatio-temporal Modality Cross-domain Data @1‘] Geographical Data |

POI; GPS Point; Time series; Trajectory... POI/AOI; Satellite Image; Street-view Image

949 © Fusion
W @ Qfﬂ\Q 2 . ?g; Traffic Data

Trajectory; Road Network; Traffic Flow; Logistic

Visual Modality

© < 000 . .
g = Social Media Data
(=
£ &
=] 8 Geo-textual Data; Geo-tagged Photo;
Satellite Image Street-view Image § a Geo-tagged Video
0 009
Textual Modality Urban Computing {1 pemographic ata
Social Media Text: -'1: \;\
Users’ comment : [ » Population; Crime Data; Land Use Data
Geo-information Text: ° 90886 g (%) .
o ol (Gom -
~ ® o ) ﬁ Environment Data
Other Modalities © ® ®
Contrastive Masked Large Language X
Neural Network Learning Autoencoder Model Meteorological Data; Greenery Data;

Air Quality Data

Deep Learning for Cross-Domain Data Fusion in Urban Computina:Taxonomy, Advances, and Outlook, Information Fusion, 2024. 27
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Feature-based
Data Fusion

\ Fy
©+00=0
Feature Addition/Multiplication

Fy

@00 OO

Concat

" Fix

00000

Feature Concatenation

Deep Learning for Cross-Domain Data Fusion in Urban Computina:Taxonomy, Advances, and Outlook, Information Fusion, 2024. 28
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Feature-based Fusion (Simplest!) () UnivERSITY OF SCIENCE AND

» Feature Addition/Multiplication » Graph-based Data Fusion

H Encode pair-wise Aggregate different Capture spatial dependency
s Featu re Concatenathn correlations between regions observations with with graph convolution on Generate prediction
using multiple graphs Contextual Gated RNN multiple graphs
> . o 0O le)
¥ o) (P -
= —0 O O O—>
Contextual
S o O o} Gatlln‘g U O ®
e & / Neighborhood Contextual Gated RNN GCN
3 5 " time
MEKEVD.’ distant T near R cent O O L O
o ©
| | no M o
| O (o) Contextual o
Feature [ Convl | [ Convl | | Convl | ! Gating )
) % 2 ! _ Contextual Gated RNN
extraction | "ResUnit | | [ ResUnit1 | | ResUmt 1] : Func. similarity GCN
» R 7
O E, : Y 3 Q/ |
ST & & . o .
L N q \
(2 v N °
[ ResUnitZ | [ ResUnitZ | [ ResUnitZ | i — =0 . el -—
FCs 12 i : Gating o o
[ Cnv2 || [ Conv2 | f Conv2 J ! S L
L I : Connectivity Contextual Gated RNN GCN
1
X, ’ |
XEat R“r"\ | X, X i
»@—> Tanh | Loss |e-

Spatiotemporal multi-graph convolution network for ride-hailing

Deep Spatio-Temporal Residual Networks for Citywide Crowd demand forecasting, AAAI 2019
Flows Prediction, AAAI 2017

29
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Feature-based Fusion (Simplest!)

TECHNOLOGY (GUANGZHOU)

« UniTime (Unified TS Modeling): Directly concatenates TS patch tokens with Text tokens
and feeds them into the LLM.

* Time-LLM (end-to-end LLM4TS): Converts TS patch tokens into Text tokens, combines
them with prompt embeddings, and feeds them into the LLM.

®[ 4 output projection |

Output Patch

Exchange rate data with

Output Projection
i
IIIIIII

%ﬁ Pre-trained LLM

daily sampling rate. (Body)
14
2% ¥ output Tok LTI T I
o E Embedding L 73 A
foary T ®s I
Binary Indicator o "g ! Token Embedder %Pre-fmined LLM ¢\ Patch Reprogram
c s ! (Embedder) .
S | [ omimion ) Poing©
- V) i
Hoart s | InputText

i
'\ Corrupted Time Series | & |

Decoder

Time Series Tokenizer

UniTime: A Lanquage-Empowered Unified Model for Cross-Domain
Time Series Forecasting. WWW 2024

(==
;}:@qun & Training i} prompt

Time Series Forecasting by Reprogramming Large Language

Models. ICLR 2024

—> Forward — Backward
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Alignment-based
Data Fusion

FM{:“L F‘\J‘l.-]v

Transformer
blocks

g
Fily, Fiy
Attention-based Alignment

Fs

Transformer

f {0
Fy Fy
Encoder-based Alignment

Deep Learning for Cross-Domain Data Fusion in Urban Computina:Taxonomy, Advances, and Outlook, Information Fusion, 2024. 31
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+ Based on Cross-Attention mechanism

* Query and Keys (Values) are from different modalities

Multi-view region
correlations

Joint learning

Human Mobility - module
Modality A Modality B

— 4\‘\' — [ c——::]
=,
|| Query

. e -
Cross attention P i =S
0 ) € GAT |, _, Learning
P T —] Layers = Objectives
R Fe===" . Region Attributes o *
Softmax \ —— o : i & P
\/d_ ________ alue Sk * =
k ‘ Q o —_ . .

Multi-view joint graph representation learning for urban region embedding, IJCAI 2021 32
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« RCRank: Ranking of root causes of slow SQL queries in cloud databases

« SQL statements, logs, KPIs, and query plans

» Ranking of potential root causes that result in slow queries

Full Observability

sQL

Select id from user t1 join auth t2
on t1.id=t2.id where money > 1000

Log

duration

1766
read_rows 59315677

KPIs b
memory.usage —
cpu.usage
io.read
io.write

Root
Cause
Ranking
(RCR)

Plan

local local
gather gather

™\

I

D

Ranking root causes
sorted by impact

Root Cause  Impact A
1. Index 21.3%
2. Statistics 14.8 %

Input Embedding Module

Multimodal Fusion Module

E Common Cross-Modal

sQL

Select id from user t1

join auth t2 on tl.id= S SQL Encoder
t2.id where money>1000 (Ency) J

Plan

Root Cause Estimation Module

EC

F
TTT |S| i o Transformer —> Moo
" C-CMT)
S ( ) N O
E, /) £ £ E B
I Root Cause

P Plan Encoder
(Ency)

Root Cause Gating Unit for

L Log Encoder ]
66 (Enc))

O e 4 KPIs Encoder
(Ene)

Score Regression

RG Adaptive Cross-Modal
Transformer
(A-CMT) l

Impact:

Threshold &

Yoz, Yreo
Identification and Ranking:
Yae;> Vre, > >

Pretraining an encoder
for each modality

Cross modal fusion

Commonality vs. Specificity

Root cause ranking

RCRank: Multimodal Ranking of Root Causes of Slow Queries in Cloud Database Systems. PVLDB 2025 33
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» Token-level concatenation: Unified representations across modalities;

« Usually based on Self-Attention

I G Pretcor (M 0 0 0 0 Gate e ()E) reamabe ctas oken (7 Token positionenccing
T — Output Fusion Embeddi
Prediction Results IEPLEESIoD e O Model-type mark O Patch position encoding
[

II@'@IS%IIILEPIS%EEQIIII

#  Multimodal Fusion Network

{@@é @@@ @@@ @@ 080 @@@ 080 080 - @0@ 900 600 680 ©) - @@@

[ @ Multi-Head Self-Attention + Poolu.\g [CLS] o VLM Vision Encoder [CLS] [ o VLM Text Encoder
g2 T I T I

E E Me mm\ [ Image I.merpolanou&\Iormahzatmn ] Electricity ~consumption peak - noon
E D B‘m‘"fw [Task]: Forecast the next {pred len} steps using past {seq len} steps.
Multi-scale C ouVollmon Projection ) ] [Domain]: Electricity consumption typically peaks at noon, drop at

night. [Statistics]: Input value ranges from <min> to «max>, with a

Patch Embeddings Fast Fourier Transform R Frequency Encoder median of <median> and an overall <downward> trend, and top k lags

@@@ @OO @IQ @lO -~ 080

[ L. 1 beddi J m P are {lags}. [Image]: The time series is converted into an image using
postonalEmpedcogy 5 Periodicity roulti-scale convolutional layers and periodicity encoding, highlighting

7777777 Sine Periodicity Ry Encoding trends, periodic pattems, and multi-scale features for forecasting.

Linear <«— W N W V] M WY
Patchify T B Pl _,| Domain Statistic Image
o} Context Compute Description
— (Camamerriom ] ; e
Time Series n_vars (haichy_sizet seq e, vaus) Time Series
a) Retrieval-Augmented Learner (RAL) b) Vision-Augmented Learner (VAL) ¢) Text-Augmented Learner (TAL)

Time-VLM: Exploring Multimodal Vision-Language Models for Augmented Time Series Forecasting. ICML 2025 34



THE HONG KONG
UNIVERSITY OF SCIENCE AND
TECHNOLOGY (GUANGZHOU)

ﬁj_

Contrast-based
Data Fusion

00000

Deep Learning-based Fusion Methods

[T|Contrastive Matrix

&
Q0000

Symmetric
Cross Entropy

Contrastive Loss
Muti-modal Contrastive

Learning

Deep Learning for Cross-Domain Data Fusion in Urban Computina:Taxonomy, Advances, and Outlook, Information Fusion, 2024

35



& THE HONG KONG

Contrastive Learning J S RS

» Arepresentative class of self-supervised learning

« Building negative and positive samples to provide supervision signals

XL reference

a:+ positive

L~ negative

36
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* How to fuse two modalities using contrastive learning?

 The answer is CLIP!

(1) Contrastive pre-training (2) Create dataset classifier from label text
Pepper the I
aussie pup ETeXT A photo of Text
| ncoder i l i l | a . Encoder
T, T, | T3 Tn
—>» L LTy | Ty | Ty | . [Ty L
(3) Use for zero-shot prediction v v v v
> I LT | LTy | LTy | .. |IyTy T, T, | T3 T
Image . . . . [ [
—r> I 3Ty | 13Ty | I3Ty | . | I3Ty Ima
Encoder ge 1 LT, | ;T | [T LT
Encoder —>» L vy | Ity | 4T 1'IN
— Iy INTy | INTy | INT3 | [ INTN A pahow of

A. Radford et al., Learning Transferable Visual Models From Natural Language Supervision. ICML 2021 37
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Contrast-based Fusion U0 Roioer Guanczion

» Urban Contrastive Language-Image Pre-training (UrbanCLIP) is the first framework that

integrates the knowledge of text modality into urban region profiling.

————————————————————————————————————— rmmmmmmm e ——————
1
1
1

Input: location coordinates 3 (a) Task-specific Supervised Learning E (c) Downstream Tasks i E (d) Our UrbanCLIP Framework

' — b | 1 (Spatial Modality + Textual Modality)
B Acrialimiger @—’ . ) M |
N s SR ér}; > (Eiedel i ' Economics
i / : i A i o Indicator

(51.4767, 7.2166)

*’ E | Outpu Am-iaﬁi;'mé'rx E

xxxxx

El:l e/ Many follow-up works adapt this idea
o . @ to profiling other geo-entities, such as

urban streets and urban traffic.

o o \‘gb ‘

!
!
! A - L [
Mobility §OIs Road Net i Indicators ! ! High-Quality Description
Y J : !-ﬁ : ! -
!

(with only Spatft

|
i ;o - This region is featured by a park |

Output: Semantic embedding ‘: Outputs 3 ! ﬂa b surrounded by a mix of residential
‘\\‘ W :

' Climate and commercial buildings, and is

138 |7.58 |-0.13|-0.11| 022 | .. |0.37|235|0.23 |047|0.13 ; Stepl: _, Stp2 _ Step3: . Indicators D R AN Teran
‘ | | cars are driving on the streets.

' Pre-training ~ Fine-tuning  Evaluation |
i

UrbanCLIP: Learning Text-enhanced Urban Region Profiling with Contrastive Language-Image Pretraining from the Web. WWW 2024 38
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)
W
Generation-based

Data Fusion

[MASK]

F, (T "
00900
Cross-modality
,—_ Reconstruction

Deep Learning-based Fusion Methods
@00 00

)

Encoder

Cross-modaiity
Encoder
1

Generative Learning
,"Imag]

Etc.

[Text]

[Spatio-
tempara

Data]
LLM-boosted Data Fusion

39

Deep Learning for Cross-Domain Data Fusion in Urban Computina:Taxonomy, Advances, and Outlook, Information Fusion, 2024.
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Generation-based Data Fusion ) e s e e

DiffSTG

| a1,

» Autoregression-based fusion

Noise Schedule

& Conditional Noise
& Predictor UGnet

0 P (0 | %] % ,6)

 Diffusion-based fusion | 1 ________________________ s

condition: (xmsk .9

» Masked modeling-based fusion

External Factor Fusion Multi-level Attention Netwmk
Decoder

DiffSTG: Probabilistic Spatio-Temporal Graph Forecasting with
Denoising Diffusion Models. SIGSPATIAL 2023

/ POIs & Sensor Networks

SensorlD Embed PR o .
i ¥ ® Geolocation I ) GCL Loss MGM Loss Single-Modal MLM Loss Multi-Modal MLM Loss Multi-Modal MGM Loss
eather Forocasts Embed (I ek ] (106.458,29.563) ! (Geo Input) (Geo Input) (TextInput) (Text & Geo Input) (Text & Geo Input)
T 1 $ $ b t
Time Features /->Julage ‘ v (B[]
. z 5 / \ Add &N
Encoder Spatial Attention [ o
hac I
h Y — Y L Feed-Forward
] . Multi-Modal Interaction X Multi-Layer
—————— : : > Add & Norm

,,,,,,,,,,,,,,,,,,, £ H i
v : -n [
J ! ;
W " ’ Multi-Head Attention
+ H H

LSTM LSTM LSTM y
I Spatial Attn I Spatial Attn S I Spatial Attn [
=——
: o (][] [m] o [a] EI

1 i
e —— e = ————— o ! * -IE i -
M elation: ] i | .
Time | [Meteorology| POIs Sen.sor_ Geo-sensory i Model I npu t 0SMID: 3119 7 ! e i Word Embeddings ngraphlc Encoder
Networks Time series | | Shape: POLYGON._) 5.1 | Engml;ﬂ £ - x
- : ) | Geolocation!

Jo )
v Text t

aere £ PN g

GeoMAN: Multi-Level Attention Networks for Geo- MGeo: Multi-Modal Geographic Language Model Pre-Training. SIGIR 2023
Sensory Time Series Prediction. IJCAI 2018 40
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Summary Table

General Spatio-temporal Visual Textual
Category DataSource e pot/  twajectory/ ST Satellite  Streetview  Social Appticaion Inetintion) Yeax
series Location  Roadnetwork M cvenss image  image  media text ””"’Z‘l"’""
A Transportation  Microsoft
A% Transportation  Microsoft
A Transportation  JD Research
A Social 1D Research
;278) A Transportation THU
DeepSTN+ [170] A Transportation THU
DeepTP [349] A “Transportation THU
Guoetal. [94] Transportation BUAA
Photo2Trip [386] A Transportation  SU/RU/UCA
A Public Safety  SCUT/HKU
A% General XDU
Huang etal. [112] A Urban planning PKU
Liang etal. [164] Transportation NUS
Balsebre et al. [13] A [ ] Urban Planning NTU
Ruan etal. [235] A “Transportation NTU
Liuetal. [172) A Economy HKUST(GZ)
Feature PANDA [342] Public Safety XMU
UVLens [40) A Urban Planning XMU
Data Miyazawa et al, [200] A ° Transpostation
Eisiox NodeSense2Vec [33] A ° Social
Keerthi Chandra et al. |134] A Urban Planning UCF
Fuetal. [74] A General UCF
Liuetal. [184] L ] Socis Gatech
Yuan et al. [349] A “Transportation MIT
Bai etal. [12] * Transportation  Shanghai Al Lab
Keetal. [132] Transportation i
Geng etal. [81] Transportation
Yao etal. [329] Transportation
Gaoetal. [19] Transportation SWITU
DeepMob [249) [ ] Public Safety SUSTech
Geng etal. [£2] Transportation HKUST
Xi etal. [309] A General THU
Zhang et al. [368) A General THU
Yuan et al. [349] A% Transportation THU
Yin etal. [339] A% Urban Planning NUS
GSNet [272] A% Public Safety BITU 2021
Alignmens Mashem etal.195] A General NTU 203
o TrGAT [325] Transportation NTU 2022
RADAR [39] General XMU 2018
Fusion Wang etal. [287] A% General csu 2021
Tedjopumomo etal. [261] Transportation RMIT 2021
ERNIE-Geol [110] A [ ] General Baidu
SAInEL193] A% Transportation D Rescarch
Gaoetal. [77) A Transportation SWITU 2023
KnowCL [186] A Economy THU 2023
Lictal. [154] A Economy THU
C”"';’::“‘ MMGR [10] A General NTU
Data ReMVC [366] A Urban Planning NTU
Frsion HMTRL [173] Transportation UCF
Mao etal. [196) Transportation ~ Shanghai Al Lab
UrbanSTC [226] Transportation D Rescarch
UrbanCLIP [323] [ J General HKUST(GZ)
SG-GAN [375] A Urban Planning NUS
A Transportation THU
A jeneral BITU
pr— CP-Route [207] A Transportation
Based G2PTL[304) A [ ] Transportation
@ DiflUFlow [401] A Transportation
Fusion DP-TFI [320] A% “Transportation
Wang et al. | A Urban Planning
Chatirafe[355] ° Transportation 4 1
MGEO [61] A [ ] General
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Background & Examples

Foundation of ST Data [\ MULTIMODALTEARNING. -

FOR SPATIO-TEMPORAL .«
~+1.... DATA'MINING "

=) I11:00 AM - 12:30 PM' Monday, October 27th @) Swift1 & Swift 2, Raﬁisso’n O Dublin Treland

Why Multimodal ST Data Fusion 0 e T

|
My
T Rl

T4

Principle of ST Multimodal Fusion ACM multimedia

Visual/Language Knowledge Transfer

Dublin, Ireland 27-31.10.2025

Conclusions
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« We focus on spatially static and temporally dynamic data.

i.e. standard time series and spatial time series data (e.g. traffic flow, air quality).

» We focus on how vision and language can enhance ST forecasting.

Time Series ‘Ciz

1 L2) 63) 64 6s) 6] L7 [,8) [,9] [,16]
,) 14 12 3 18 11 9 1 19 15 3
2,] X

[

[ 4
(3 17 15 3 13 6 11 18 16 11 19
[ 17 31 8 2
[ 1 8 3

(6,] 12 15 6 2 10 9 4 5
(7] 6 18 20 15 20 6 17 17 12 14
[ 7 6 17 7
[ 7 7 3 20 4 15 17 10 8 6
I 1 13 5 12 11 17 3 3 8

| Numerical View

ey

Time Series Models Language Models Vision Models

48
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We focus on spatially static and temporally dynamic data.

i.e. standard time series and spatial time series data (e.g. traffic flow, air quality).

We focus on how vision and language can enhance ST forecasting.

\ ~ ~ ~ A e N }
i D1 | D D7 “\Ds / DDt D,
: LR B
Modalities
| Vldeo Audio Point-basedl Network-based Spreadsheets
Unstructured Data Spati‘ai.TemporaI Data Structu red Data
(a) Line Plot (b) UVH (c) MVH (d) GAF /The Electricity Transformer Temperature (ETT) indicates the "\
_g Y53 4 & electric power long-term deployment. Each data point consists
'; of the target oil temperature and 6 power load features ...
'g | Below is the information about the input time series: L
E [BEGIN DATA] .

*xk
[Domain]: We usually observe that electricity consumption

peaks at noon, with a significant increase in transformer load
ok

Timestep Inter-Period Time Timestep
(f) Wavelet

(g) Filterbank

(e) STFT

(h) RP

[Instruction]: Predict the next <H> steps given the previous

'g g <T> steps information attached
< 7
g E [Statlstlcs] The input has a minimum of ,amaximum
b of , and a median of . The overall trend Time Series Spat|a| Time Series
Tifieet Tiinget ,:_ | i IR - . is . The top five lags are .
: imestep imestep imestep imestep \ IEND DATA] Y,
~ 49
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Language-enhanced
Spatio-Temporal Analysis
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- Limitations of traditional methods D e g | Rt

. . . i g.i i E i Classiﬁcation E'E

- incomplete information ! P ; ik

[ L S, = | : W O"&.l I -

H I%- E: : alln Oﬂm.: : enera 9:

- lack of causality | CDomain smowiedge ) & 17 L@ G B!

E & o s : a"?i Multimodal Inputs i i gi

- poor response to shocks

Multiple Data Modalities Domain Models omplex Problem Solving

b Ad Va ntag eS b ro u g ht by Ia n g u age Residential Electricity Usage Patterns Over a Week

"B 0y Late Down Early Up ... Steady Short Long Increase
- CO ntext pr0V| d ed “IES e R ,’,b 7 [Context]: These are residential electricity usage pattems.

o|[EEEEE g ) | [Dataset]: Electricity consumption peaks on weekday®
e tlin ‘(;n : i evenings, drops during daytime; and reverses on rest days.
g™ [Statistic]: The input range from <min> to <max>, with a
i median of <median>. The overall trend is <upward>.

Electricity Consumption (kWh)

- interpretability

800 12:00 1600 20:00 2400
Hour of the Day

- robustness

Svdney's lockdown expected to decrease short- . s reside > e y { power outage is expected to affect electricity load
Load News dney's lockdc expected to decrease Load Dews increasing residential electricity use, leading to | aq News powe age is expected to affect electricity loaa

(kW) term commercial and industrial energy usage (kW) higher power load during peak hours (kW) with a drop in consumption

12000 ActualValue 12000 —

T Vs 5500
11000 | = With News

z =

11000

5000

10000 10000

9000 9000

4500

8000 8000

4000

7000 7000

(a) 0 20 40 60 80 (b) 0 20 40 60 80 (c) 0 20 40 60 N4l51
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« Data heterogeneity

Time-series data are orderly continuous numerical signals, while text is a high-

dimensional, discrete symbolic expression.

« Temporal alignment
There exists an uncertain lag effect or asynchrony between textual events and peaks in

numerical sequences.

* Noise and irrelevant context
Compared to the vast amount of daily text, event descriptions truly related to temporal

dynamics are extremely sparse and often implicitly expressed.

52
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» The process of Integrating heterogeneous modalities (Text, ST Data) in a way that

captures complementary information across diverse sources.

« Three stages of fusion: input level, intermediate level, output level

Unified Input Time Series Modality Time Series Modality
* Encoder Encoder Model Model
Single-modal == J
Mode —»
Output Output Output
High parameter efficiency High flexibility Simple implementation
Strong deep feature interaction Superior performance Strong robustness, Flexibility
Potential modality imbalance Complex model design High Low performance ceiling

limited flexibility computational cost Requires modality independence. o3
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» Integrate time series and texts into a unified textual prompt.

Dataset Task
(T Ty T » 14 = (T T T T T T T s s T E TR ETI R \
1 2 \‘ - 1 1 I ®
: I’ T : : | I ;ini Time Series Forecasting :
- ime | 1 i |
: ® Tim_'e_ series : | : | hﬁn Time Series Imputation |
I I " ! I I
: [@ Eq| ) : : : 48, Time Series Anomaly Detection |
= == = 1
1 1 ! | e
! @ Cc_):fexf ! | : ' £ 2 Time Series Classification :
! B i ! : m = @ ! : A 9 . :
! @ Task specific prompfs: g Llama  Mistral Qwen ChatGPT | '\ Open-Ended Reasoning QA )

| (1) Forecasting | | (2) Imputation | [(3) Anomaly Detection]|

[Context] This dataset aims to [Context] The Self-regulation of | | [Context] The following data is
estimate heart rate during physical Slow Cortical Potentials dataset, derived from traffic systems,
exercise using wrist-worn PPG provided by the University of recording variations in traffic flow,

sensors and sampled at 125 Hz
from subjects aged 18 to 35 ..

The input Time Predict the next 24

Tuebingen, involves EEG recordings
from ...

Please give full time series with

Series are: time series point given missing value imputed. information above. :
: information above. LTS Why?
f/\\"\l . . Why? ? - » ¥
Past Future Time Series ¢ ¢ ]”\—— [Industrial Maintenance]
8 ! J P NS J

such as ..

Please determine whether there are
anomalies in this time series given

Time-MQA: Time Series Multi-Task Question Answering with Context Enhancement. In ACL, 2025.
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Input Level Fusion

Integrate time series and texts into a unified textual prompt.

E System Prompts

Road Networks in CA

&ExTer‘naI Factors

oo Pl ST-Data - \

e

# Instructions ——————

Domain Knowledge
Chain of Thoughts
Spatial Attributes
Historical series
Date Holiday

Weather

(] Labels
Ground Truth

G::)Response
\ Prediction  Explanation

A
|
I
I
|

Prediction

N

Loss

THE HONG KONG
UNIVERSITY OF SCIENCE AND
TECHNOLOGY (GUANGZHOU)

%T System Prompts
~

Task iption:
You are an expert traffic volume prediction model, that can
predict the future volume values according to spatial temporal

information...

« [Traffic volume]: the number of vehicles passing...
« [Traffic pattern characteristic]: Traffic flow patterns in a
city are influenced by various area attributes...

« [Spatial temporal factors correlation]: Traffic flow in an
area will be affected by its nearby infrastructures, during
specific periods for different areas... For example,

« Residential areas - more activities during morning and
evening rush hours.

« Commercial areas - busy during lunch hours and after-
work periods.

+ Educational locations - high volume during peak hours
near schools.

Towards explainable traffic flow prediction with large language models, In Communications in Transportation Research, 2024
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Input Level Fusion

» Integrate paired text embedding as an additional variable of time series.

Numerical
Sequence

E ( Value Sequence = ) .
. Unified Multi-Modality
Sequence

Time-Series
Model

Prediction

Text Sequence

P

Temporal S
Paired Text & > Text /_Z/J' * Input alignment
Sequence Encoder D * Capture natural
S: (51,52, ) Sn} Text as Time-Series (TaTS) (7 temporal dynamics
B . within texts J

Multi-modal Time-Series

Language in the Flow of Time: Time-Series-Paired Texts Weaved into a Unified Temporal Narrative, In Arxiv, 2025 56



Input Level Fusion

THE HONG KONG
UNIVERSITY OF SCIENCE AND
TECHNOLOGY (GUANGZHOU)

Describe time series as discrete marks, using LLM's autoregressive generation ability

Prompt Samples
"and fell asleep”
"The dog jumped up on the bed" "and bit my leg"
LLM
"631, 656, 650, ..., 487, 485, 487" ,,479’ il 308 "
492, ..., 499, 501
0.537
P("5"
Encoder (\ \),\\,
¥ P(0.537) =
) £537° ) P("5") - P("3"|"5") \
| Tokenizer | P("3"|"5") - P("7""53")
["5","3","7"] P(|l7n|ll53|l) g
P(0.537)
et Ml
P(ui | UQ:i-1) |II|| | T —
] L 0.2 0.6 0.8

N-BEATS ——
SM-GP _
TCN ——
N-HITS © —
ARIMA — —————

LLaMA-2 708
GPT-3 I

0.00 0.05 0.10 0.15 0.20

0.175
.

.
¥ 0.150
o . .
5 0.125 .
0.100

03 04 05 06 07
MMLU Accuracy

Exponential
- -025%
|||||"|||I||iIlIIlim.........,.,. . |i.i - 0.00 §
Square + Student t o
2 i -02 &
Y Wl "
" S
s .. ., 3
ARIMA Residuals o
-0.25 g
il ill172
eonsaitiI.. - 0.00
B laplace ®m Fixed Bins
1.0 mm GMM B Decimal AR

267"
267"

267"
267"

"151,167,...,
"15181678.. &

110 1165 s
" 158|181 644, -- B

GPT-3 spaces GPT-3 no spaces

"151,167,..,267" "151,167,...,267"
"1§501 4116 @ 3 --. b 24607" "1813164,.. 5267"
LLaMA spaces LLaMA no spaces

57

Large language models are zero-shot time series forecasters, In NeurlPS, 2023.
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« Simple aggregations (e.g., mean, addition, concatenation, etc.) of time series embedding

and text embeddings.

o [ _ Note 1
3 = | Fine-tuned BCB ] = embedding
= == | Note 2
mEan embedding
o = ) Note N
j:j = | Fine-tuned BCB | = - i
+ g J embedding Concat]—[ FC ]‘ Pr;é?:tlion
Time-series data
/’7’\//777\\
- - iy : Time-Series
o = [ cmbesdng

Predicting In-hospital Mortality by Combining Clinical Notes with Time-series Data, In ACL, 2021.
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» The fusion of modality embeddings is usually followed by alignments.

» Alignment is the process of preserving inter-modal relationships and ensuring semantic

coherence when integrating different modalities into a unified framework.

- self-attention, cross-attention, gating
- graph convolution

- learning objectives

59



Intermediate Level Fusion
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Self-attention: a joint and undirected alignment across all modalities by dynamically

attending to important features.

i_ g E)E'r;;f_Eil;e_d];l;s_ IR

| i

@[" Output Projection J | I
1 : :

| |

R | lamm) |
I - I

% Pre-trained LLM : Multi-Head !
(Body) ! Attention !

) | Input Embeddings i

M | | (A~ “Reprogrammed |

Patch Embeddings

|
i

Linear :

|

|

|

|

[@ Multi-Head Attention ]
I ST, G JIf

Text Profofypes‘: :

% Pre-trained LLM [*" Patch Reprogram ]
(Embedder)

i
Patching @

<dataset descrip
### Domain:

### Instruction: <task information>
#4# Input statistics:
<time series statis 1

r statistic 2> «se

Time Series Pre-trained
Patches  Word Embeddings

Time-LLM: Time Series Forecasting by Reprogramming
Large Language Models, In ICLR, 2024.

?

[ Output Linear Layer ]

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

Pre-trained Parameters from GPT2

6x [ Transformer Blocks ]

Positional Embedding 9
>

—

Linear Embedding BERT Embedding + Linear Layer + ReLU]

Channel Independence + Patching Channel Independence
+ Reverse Instance Normalization it

The president of a Central American country
has imposed a 'state of exception', granting
himself unprecedented ...

GPT4MTS: Prompt-Based Large Language Model for

Multimodal Time Series Forecasting, In AAAI, 2024. 50
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» Cross-attention: time series serves as the query modality to get contextualized by other
modalities, providing a directed alignment that ensure auxiliary modalities contribute

relevant contexts while preserving the temporal structure of time series.

———————————————————————————————————————————————————————————————————————————————————————————————————————————

Dual-Modality Encoding

Time Series Encoding Branch

4 2\

g
1
1

Dependencies
Mapping

Inverted -
Embeddin

>,

Variables
-l_

Channel-wise
Similarity Retrieval

]
]
\

Do:

1

B

i

H

I il

1 |

I il

[ o I

: o | ¥

: D ,Sli Ltaské :

Prompts ! [l = |

bl : | ! [t - m(n’ :

S L. ol §

———— :_;_ ! ':__:”_: Prompiy_ - | |
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Intermediate Level Fusion ey LN U

» Gating: a parametric filtering operation that explicitly regulates the influence of time

series and other modalities on the fused embeddings.

“”“ AV Vi Ml+«— Predictor ﬁ:_ BER OO0 Gate m @ Leamsble]dass] token O Token position encoding
Prediction Results Output Fusion Embeddings ’j O Model-type mark O Patch position encoding

[ e [ e

(e) Multimodal Fusion Network

[@@@ 080 @@@ 960 | 000 @@@ 080 00 - u@ 900 @@@ @l@ @@@ @@@

@M Multi-Head Self-Attention + Pooling [CLS] : VLM Vision Encoder [CLS] : VLM Text Encoder
T - f ‘
: g = et [ Image Interpolation & Normalization ] 5 ectncny consumption peak = Eoon
B El Bﬂ“k‘ﬁ‘ f [Task]: Forecast the next {pred len} steps using past {seq len} steps.
[ Multi-scale Convolution + Projection 0’%} [Domain|: Electricity consumption typically peaks at noon, drop at

@@@ @.O @. @.O N @O T night. [Statistics]: Input value ranges from <min> to «max>, with a
Patch Embeddings <—/| Frequency Encoder median of <median> and an overall <downward> trend, and top k lags

F. are {lags}. [Image|: The time series is converted into an image using
[ EositionallEmberding ] Periodicity multi-scale convolutional layers and periodicity encoding, highlighting
* psine Periodicity -« Encoding trends, periodic patterns, and multi-scale features for forecasting

e
[ tinear  Jo— W NIV W IR

A Patchify T ’ﬁ — -«— Domain Statistic Image
VA g Context Compute Description
— Cinsmeerom ) L -
Time Series nvars (batch_size, seq_len, n_vars) Time Series
a) Retrieval-A ugmented Learner (RAL) b) Vision-Augmented Learner (VAL) ¢) Text-Augmented Learner (TAL)

Time-VLM: Exploring multimodal vision-language models for augmented time series forecasting. In ICML, 2025. 62
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» Graph convolution: The topological structure from external contexts can be used for

alignment. It explicitly aligns representations with relational structures, enabling context-

aware feature propagation across modalities.
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Deep Attentive Learning for Stock Movement Prediction from Social Media Text and Company Correlations, In EMNLP, 2020



Intermediate Level Fusion

[ ]
Cosine
Similarity
K_T_V

Projector

embeddings and minimize that of unpaired ones.

-

L

Contrastive Learning: maximize the cosine similarity between paired multi-modal
Normal ECG

THE HONG KONG
UNIVERSITY OF SCIENCE AND
TECHNOLOGY (GUANGZHOU)

ﬁj_

Myocardial Infarction

Conduction Disturbance(71%)
Hypertrophy

ST/T change
(c) Visualization of Classification Results
TlEl TZE1 T3E1 T3E1 T3E1

ECG
Encoder

E|? Gradient ‘
Flow
L | L I T T
A A O A
Language Model ERN— }
[ I [ I
Hypertrophy c::ge A\ A

Myocardial
Infarction

Conduction
Disturbance
(b) Zero-Shot Learning for Classification

ECG

Encoder
Normal
ECG

T

Language Model
* Frozen L

Sinus tachycardia. left axis deviation ... due to
ischaemic heart disease.

(a) Self-supervised Learning pre-training

Frozen Language Model Helps ECG Zero-Shot Learning, In MIDL, 2023
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* Project multiple modality outputs onto a unified space.

TSF ]
Model ¥
% Open Pooling

Source
LLM =

Input  ~IN-TSFLib

m@ﬁﬁ

Output

Time-MMD

Projection

Time-MMD: Multi-Domain Multimodal Dataset for Time Series Analysis, In NeurlPS, 2024. 65



& THE HONG KONG

S umma ry w UNIVERSITY OF SCIENCE AND

TECHNOLOGY (GUANGZHOU)

Leveraging LLMs’ reasoning capabilities
Straightforward to integrate additional textual data
Potential to provide explanation

@ Model long time series

@ Model multivariate time series (e.g., spatiotemporal data)

@ Perform long-term forecasting

66
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Vision-enhanced
Spatio-Temporal Analysis
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« Compared to LLM, vision model has more advantages:
- Using continuous pixel sequences (vs. text’s discrete tokens).
- Supporting multivariate time series (vs. LLM follows channel independence).
- Compactly encoding long time series (vs. LLM's context length/precision limits).

- Enabling more intuitive human/system understanding.

» Multimodal LLM perhaps simultaneously integrate the advantages of both.

T Sy Time series continuous physical systems high redundancy
Image continuous physical systems high redundancy
¢ AMUW\N 1 Text discrete human cognitive semantically
— = construct dense

Seasonality
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TS-to-Vision Transformation
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UNIVERSITY OF SCIENCE AND
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* There are 8 major time-series imaging methods:

(a) Line Plot (b) UVH
£
=
S 3
S 20
o
=
Timestep Inter-Period Time
(e) STFT (f) Wavelet

Freq (Hz)

Freq (Hz)
Scale

(d) GAF

(c) MVH

Timestep

Tmestep
(h) RP

Timeste Timeste Timeste
. i E p
N\
Spectrograms
Method TS-Type | Advantages Limitations
Line Plot (§3.1) UTS, MTS | matches human perception of time series | limited to MTS with a small number of variates
Heatmap (§3.2) UTS, MTS | straightforward for both UTS and MTS the order of variates may affect their correlation learning
Spectrogram (§3.3) | UTS encodes the time-frequency space limited to UTS; needs a proper choice of window/wavelet
GAF (§3.4) UTS encodes the temporal correlations in a UTS | limited to UTS; O(77) time and space complexity
RP (§3.5) UTS flexibility in image size by tuning m and 7 | limited to UTS; information loss after thresholding

69

Harnessing Vision Models for Time Series Analysis: A Survey. In 1JCAI, 2025.
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Line Plot is a 2D image with time on x-axis, values on y-axis, and a line connecting points.

* Ex.1: Line Plot Imaging for Financial Univariate Time Series Classification.

AAPL: 2019-2-19

17150 hlgh 5

171.25

$171.41

171.00

$170.94

170.75

usD

170.50
$170.40
170.25
170.00

169.75

$169.56

169.50
9:30am 10am 11am 12pm 1pm 2pm 3pm apm

$174.81

174.75
a0 $174.44
174.25
‘E 174.00
173.75

173.50

173.25

$173.20
9:30am 10am 11am 12pm 1pm 2pm 3pm 4pm low $1 73.11

Figure 1: Typical workstation of a professional trader.

Figure 2: Converting continuous time series to images.

Trading via image classification. In ICAIF, 2020. 70
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Line Plot — e.g. Univariate TSC D e e

1.0

. . . . . 3x3
« Ablations on Imaging Details and Resolution. —
921 s 10x10
. 30x30
0.91 . 70x70
a) Candlestick chart w/ OHLC data b) Line plot with Close data c) As in a) with varying width
lj u § 0.851
s 000, 000,
f I { f 0.8/
(it : 4] b
ol 1
ﬂ ﬂ 0.751
T T 07 Accuracy BB Accuracy RSl Accuracy MACD  Precision BB Precision RSl  Precision MACD
c_l) As in a) with previous Close e) As 'in a) with varying width as volume 1.0 — 1 1.0 —
== Close == Close
W OHLC + Varying widths W OHLC + Varying widths
ﬁ@ﬁﬂ& 5 o, —Frhtey = i

0.95 0.95

A (RN |

0.9

i‘ ii
0.85 0.85
1. Simple line plot is better 08 08
2. Sufficient resolution is important
0.75 BB RSI MACD 0:13 BB RSI MACD

Trading via image classification. In ICAIF, 2020. 71



Time

00:30
Variable

Line Plot — e.g. Multivariate TSC

Multivariate Time Series
00:34
Pa02
Value

Ex.2: Line Plot Imaging for irregularly Multivariate Time Series Classification.
02:13 03:25
HCT PaCO2
155.0 29.1
\; PaC02

SysABP
33.0 143.0

ﬁj_

THE HONG KONG

UNIVERSITY OF SCIENCE AND
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[ Prediction Head ]

1

Vision Transformer Encoder

(e.g. ViT, Swin)

11

n
i

shiﬂed'

A i
AN

Time series as images: Vision transformer for irregularly sampled time series. NeurlPS, 2023.
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Line Plot — e.g. Multivariate TSC

» Ablations on Time Series Imaging Strategies and Details.

Table 3: Ablation studies on different strategies of time series-to-image transformation. Table 4: Robustness regarding the style and size of

lines and markers. In the brackets, the first element

| P19 | P12 | PAM ;
Methods denotes style, and the second represents size.
’ | AUROC AUPRC | AUROC AUPRC | Accuracy Precision Recall FI score -
Line Marker , AUROC AUPRC
Default | 89.2+£20 53.1+3.4 | 8.1+0s8 5l.1+41 | 95.8x1.3 96.2+1.1 96.2+1.3 96.5+1.2
(solid,1) (*,2) 89.2+2.0 53.1+3.4
w/o interpolation | 89.6 +2.1  52.9+3.4 | 85.7+1.0 51.943.4 | 95.6+1.1 96.6+09 95.9+1.0 96.2+1.0 (dashed,1) (*,2) 89.2 4 2.1 53.7+4.1
w/o markers 89.0+2.1 51.7+25 85.3+0.9 50.3 £3.2 95.8+1.1 96.9 +0.7 96.0 £ 1.0 96.4 +0.9 (dotted, 1) (%,2) 89.2 4+ 2.1 52.8 + 4.0
w/o colors 88.8+1.8 51.4+4.1 84.4+0.7 47.042.9 95.0+1.0 96.2 4+ 0.7 95.3+1.0 95.7+0.9 (solid 6_5) (*’2) 88.6 + 1.7 53.0 + 3.6
w/o order 89.3+2.3 52.7T+4.5 84.0+1.8 47.8+4.6 - - - - (solid, 1) (+.2) 89.2 %20 581l sL e
(solid,2) (*,2) 88.5+2.3 53.6 £3.1
90+ 100 e 5 (256x320) (solid,1) (*,2) 89.2+2.0 53.1+3.4
. 4x9 (256x576 X % % s g
ht Eazo:su: Se(i52e054) W $x6 oA (solid, 1) (A2) 89.3+1.9 52.6+4.0
£x6 (384x384) 98 (solid,1) (0,2) 89.1+1.9 51.3+4.2
66 (224x224) (so]?d,l) (x,1) 88.24+1.4 52.14+4.5
96 (solid, 1) (*,2) 89.2+2.0 53.1+3.4
(solid,1) (*,3) 88.9+1.9 52.8+3.2

Linear interpolation of two nodes is useless.

AUROC AUPRC

(a) P19

9| l I m— 4x9 (256x576) -
5x7 (320x448) :
6x6 (384x384) 801
801 W 6X6 (224x224)
701
701
601
601
I 501
501
40

AUROC

(b) P12

il

Accuracy Precision Recall F1 Score

(c) PAM

The style and size of marks and lines are robust.

Color differentiation is very important for MTS.

Figure 5: Ablation study of the influence of grid layouts and image sizes. For instance, 4x9 (256x576)
denotes a grid layout of 4x9 with an image size of 256 x576 pixels.

W N

The order of multivariate subgraphs is robust.

Time series as images: Vision transformer for irregularly sampled time series. NeurlPS, 2023. 3
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» Vision backbone analysis

90 1007
\ . 90 W= ResNet & = ResNet
h‘Jﬁ- P e e o = . " [ Vit 80‘ L it
= = 2 " - 80 Swin Swin 80
RE e == = — 4 . e Swin-scratch | 70 = Swin-scratch
" I e m Iy l i A ] 70 &
EET Foie i T e W P
5 & [ i | WU l"'h] = I l 50 I n | = Swin-scratch
(=} — Y - ¢ 40 1
= et ~ g SO0 /\v:-/—v- 20 40
¥ e 30
- hed\ - 30
M ¥ — - 20 L] — 20
AUROC AUPRC AUROC AUPRC Accuracy Precision Recall F1 Score
~ e g o
il ¥ (a) P19 (b) P12 (c) PAM

Figure 4: Performance of different backbone vision models on P19, P12, and PAM datasets. We do
not use static features for our approach here to exclude their influence.

1. Transformer (ViT) better captures spatial

Attention

correlations compared to CNN (ResNet).

PAM 2. it can focus on the meaningful parts of TS images.

P19

Figure 6: Illustration of the averaged attention map of ViTST. 3. The pretrained vision knowledge is useful.

Time series as images: Vision transformer for irregularly sampled time series. NeurlPS, 2023. 7
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Line Plot — e.g. TSFM (ViTime)

« Ex.3: First Vision-based Foundation Model for TSF. A

Patchify & Position
Embedding

Numerical
Sequence
0.75, 0.20,..., 0.30

Traditional
Numerical TSF
Model

Directly Feed Prediction

Visual Time

Tokenizer

Transformer

——————————————— 0.75, 0.20,..., 0.30

< lnpu'l : |_M- - - encoder layer
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seovrce [ EN R R L R :
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I Vision 1
—> w Intelligence Powered 1 L
[ TSF Model I
Real World ] v
Numerical Time \] ! 1
e sl
1 ediction ¥ Inverse Mapping Numerical =T
IViTime Sequence

Unpatchify

.
B
\ ‘/_ .
.
& . Image-to-Time-Series
: ViTime modeling : inverse mapping Refining Module _Backbone
. 3 . sL Numerical
: : N
A 4 N
. 5 ”

RealTS

Numerical

YL

Arra; Array
i /\ Y . ASPP &
© / 0.5,0.7, 0.9, 0.5,0.7, 0.9, : D B
2 0.6,0.8 v 0.6,0.8 3 sam|

Inverse Mapping
function f &

Data generator

Tendency
Pattern

;:> Mapping function f :| " ViTime :|:>
: . VisERtTne :
— | EEERE R . :
. : HHHH
. | Numerical
Array

Array = G
0.,0.11,0.23, [ - H e . ) : .
s 0.64,0.78) "Lﬂ NN s VL : L 0,041,023,
. bt . . wy 0.64,0.78

L=d (VL, vL) + aKLD (V'L, VL)

Eearth Moving Distance + KL Divergence

ViTime: A visual intelligence-based foundation model for time series forecasting. arXiv 2024. 76
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» Theoretical Advantages of Visual Intelligence for TSF.
RealTS Time-Series-to-Image mapping [ —— N]
: Pﬂ ! g QM«/\«I\\/‘«/\MM‘W‘MW
- Numerical Tovp ]
Peciodic 7\ s Array : j Hh F B ﬁ> WMMM
Eaticen N/ 05,0.7,09, || : Nelse
wss 0.6, 0.8 i ] ;:AV\ i q> :‘ b i i A Mo ke
Data generator >- l:> }
: o \111);:,:.; q>/\" MWM’\/"W\["\
Numerical 1 HF Fi 6 Perf . £ ViTi
A igure 6: Performance comparison of ViTime versus
L [ S TilgnesFM on TSF tasks under vl;rious data perturbations: a.
— — IS0 . . —mi 7 Original time series. b. Time series with noises injected.
. 0.64, 0.78 X |H| . Time series with harmonic added. d. Time series with
N a2asss wisingdate
1. Spatiotemporal Isometry: value changes in TS is proportional to pixel variations in images.
2. Pattern Preservation: Visual Fourier spectra matching original time series.
3.

Geometric Regularization: limited resolution of the image resists disturbance, small disturbance in
TS only causes bitty changes in visual embedding.

ViTime: A visual intelligence-based foundation model for time series forecasting. arXiv 2024. 81
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Heatmap — Intro I T e

Heatmap visualizes the magnitudes of the values in matrix using color.

» Naturally supports MTS.

(b) UVH - Univariate Heatmap (b) UVH

look-back window
(D segmentation

> | R

periods
> Inter-Period Time

/\/
R
Intra-Period Time

time

(c) MVH - Multivariate Heatmap (c) MVH

Variates

Timestep

Harnessing Vision Models for Time Series Analysis: A Survey. In 1JCAI, 2025. 82
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 Ex.1: a GAN-based model for Electronic Health Records (EHR) time series generation, it

aims to solve the Irregular sampling, missing value and high dimensional challenges.

I) CWGAN-GP

i
= JITT
- o L _ 1 N ~
value missing measured missing PI i I LLl - N § :izl 'yl - yl|
variable [ I o 8 LT D, +———
DiasABP == ____________________________________________________
MAP
SysABP [ [ ] II)S‘PIXZPIX -
GCS I. | a O O | O I maskc I l!l
Ui [H_HEEES_ SESEEENSENEESEE_ EEEE LN Pt
son|] @ H H H B H B B .
Gt | 0 H H H H H N -k
IEREEEER R Lin= 5T (5 — 3
HCO3 i D 2:—2.7( ; — )
| B B HE B HE EH E OB g L N 2i=1\Yi — Yi
x| ® E ® E ®E ® H® v
vg| B B H N H B B L,
wer| @ HE N H B [} o B B |
Paces | l W H H BN H B B B& I11) Inference
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TimEHR: Image-based time series generation for electronic health records. arXiv 2024. 83
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Heatmap — e.g. MVH TSF

« Ex.2: Video Prediction Model for TSF

Predicted Predicted

Non-image Time-Series Input
Data History Video Frames Video Frames Non-image Data

input output map

Video Prediction
Neural Network

A price

A price

o~

<
time

time

Figure 2: Method overview. First, we turn non-image time-series data history into a video frame at each time stamp. Then, we
use a video prediction neural network to predict future video frames. Finally, we map the predicted video frames back to the

numerical data space.

Based on domain knowledge, variables with strong relevance are arranged spatially adjacent,

facilitating the extraction of local correlation features by CNNs.

Deep video prediction for time series forecasting. In ICAIF, 2021. 84
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» Ex.3: Perform periodic folding to capture inter-period and intra-period patterns via 2D CNNSs.

1D-variations

]
2
Time

Capture Temporal 2D-variations
by 2D Kernels

\
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‘4 [
1y 'Y
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Xl
y } Xio
TimesBlock | Adaptive Aggregation KL ... gLk
TimesBlock [ / 1D Space , = 4 ™ Xip i}
/ Parameter-efficient [t A A I"\,\WM St
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TimesNet: Temporal 2d-variation modeling for general time series analysis. In ICLR, 2023. 85
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« Sota Performance in Forecasting, Imputation, Classification and Anomaly Detection

Table 2: Long-term forecasting task. The past sequence length is set as 36 for ILI and 96 for the Table 4: Imputation task. We randomly mask {12.5%, 256%, 37.5%, 50%} time points in length-96
others. All the results are averaged from 4 different prediction lengths, that is {24, 36,48, 60} for ILI time series. The results are averaged from 4 different mask ratios. See Table 16 for full results.
and {96,192, 336, 720} for the others. See Table 13 in Appendix for the full results.

Models TimesNet ETSformer LightTS  DLinear FEDformer Stationary Autoformer Pyraformer Informer LogTrans Reformer
(Ours) (2022) (2022) (2023) (2022) (2022a) (2021) (2021a) (2021) (2019) (2020)

TimesNet ETSformer LightTS DLinear FEDformer Stationary Autoformer Pyraformer Informer LogTrans Reformer

Models (Ours)  (2022) (2022) (2023) (2022)  (20222)  (2021)  (2021a)  (2021) (2019) (2020) Mask Ratio MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE
Metric MsE MAElMSE MAElMSE MAE|MSE MAE|MSE MAE|MSE MAE[MSE MAE‘MSE MAElMSE MAElMSE MAE|MSE S ETTml [0.0270.107]0.120 0.253(0.104 0.218|0.093 0.206]0.062 0.177|0.036 0.126/0.051 0.150|0.717 0.570/0.071 0.188/0.050 0.154]0.055 0.166
ETTm1 [0.400 0.406]0.429 0.425(0.435 0.437(0.403 0.407/0.448 0.452{0.481 0.456]0.588 0.517]0.691 0.607/0.961 0.734/0.929 0.725[0.799 0.671 ETTm2 [04220.08800:208 03270046 0.151j0.096 0.2080.101 0:215j0.026 0.090}0.029 0.105f0465 0.5080.156 0.29200119 0246p.157 0280

ETTm2 [0.291 0.333|0.203 0.342|0.409 0.436/0.350 0.401/0.305 0.349]0.306 0.347(0.327 0.371|1.498 0.869]1.410 0.810|1.535 0.9001.479 0.915 ETThl. [R078 8.487/0:202 0:32510.2840:5750.2010.306{0.117 024000054 0201/0:103 02140 842 0.682f0.161.0275§21903520:122 0245

ETTh2 [0.049 0.146[0.367 0.436/0.119 0.250[0.142 0.259/0.163 0.279]0.053 0.152(0.055 0.156[1.079 0.792(0.337 0.452{0.186 0.318[0.234 0.352

ETThI [0.458 0.450[0.542 0.510/0.491 0.479|0.456 0.452(0.440 0.460|0.570 0.537/0.496 0.487]0.827 0.703(1.040 0.7951.072 0.837[1.029 0.805

Electricity [0.092 0.210[0.214 0.339/0.131 0.262{0.132 0.260]0.130 0.259/0.100 0.218[0.101 0.225[0.297 0.382/0.222 0.328/0.175 0.303|0.200 0313
ETTh2 [0.414 0.4270.439 0.452|0.602 0.543[0.559 0.5150.437 0.449]0.526 0.516/0.450 0.459]0.826 0.703[4.431 1.729|2.686 1.494/6.736 2.191

Weather [0.0300.054|0.076 0.1710.055 0.117/0.052 0.110[0.099 0.203[0.032 0.059/0.031 0.057/0.152 0.235[0.045 0.104]0.039 0.076/0.038 0.087

Electricity]0.192 0.295[0.208 0.323(0.229 0.329[0.212 0.300[0.214 0.327/0.193 0.296[0.227 0.338[0.379 0.445/0.311 0.3970.272 0.370[0.338 0.422

Traffic [0.620 0.336/0.621 0.396(0.622 0.392]0.625 0.383[0.610 0.376|0.624 0.340|0.628 0.379/0.878 0.469|0.764 0.416/0.705 0.395/0.741 0.422

Table 5: Anomaly detection task. We calculate the F1-score (as %) for each dataset. *. means the

Weather [0.259 0.287]0.271 0.334/0.261 0.312]0.265 0.317]0.309 0.360[0.288 0.3140.338 0.382|0.946 0.717]0.634 0.548(0.696 0.602|0.803 0.636 *former. A higher value of Fl-score indicates a better performance. See Table 15 for full results

Exchange |0.416 0.443(0.410 0.4270.385 0.447|0.354 0.414(0.519 0.500]0.461 0.454|0.613 0.539|1.913 1.159]1.550 0.9981.402 0.968|1.280 0.932

TimesNet TimesNet ETS. FED. LightTS DLinear Stationary Auto. Pyra. Anomaly* In. Re. LogTrans Trans.

LT [2.1390.931[2.497 1.004]7.382 2.003|2.616 1.090[2.847 1.144[2.077 0.9143.006 1.161[7.635 2.050]5.137 1.544(4.839 1.485[4.724 1.445 Models (ResNeXt) (Inception) (2022) (2022) (2022) (2023) (2022a) (2021) (2021a) (2021) (2021) (2020) (2019) (2017)
SMD | 8581 | 85.12 |[83.13|8508| 8253 | 77.10 | 8472 |85.11|83.04 | 8549 |81.65|7532| 7621 |79.56

Table 3: Short-term forecasting task on M4. The prediction lengths are in [6, 48] and results are MSL | 8515 | 84.18 |85.03(78.57| 7895 | 84.88 | 7750 |79.05| 84.86 | 83.31 |84.06|84.40| 79.57 |78.68
weighted averaged from several datasets under different sample intervals. See Table 14 for full results. SMAP | 7152 | 7085 169.50|70.76] 6921 | 69.26 | 7109 |71.121 7109 | 7LI8 169.92170.40| 69.97 |69.70
SWaT | 9174 | 92.10 [84.91[93.19| 9333 | 87.52 | 79.88 [9274|91.78 | 83.10 |81.43|82.80| 80.52 [80.37

Models TimesNet N-HiTS N-BEATS ETSformer LightTS DLinear FEDformer Stationary Autoformer Pyraformer Informer LogTrans Reformer PSM | 9747 | 9521 |[91.76|97.23| 97.15 | 93.55 | 97.29 |9329| 82.08 | 79.40 |77.10|73.61| 76.74 |76.07

(Ours) (2022) (2019) (2022) (2022) (2023) (2022) (2022a) (2021) (2021a) (2021) (2019) (2020) AvgFl | 8634 | 8549 |82.87(84.97| 8423 | 8246 | 82.08 [84.26] 8257 | 80.50 |78.83|77.31| 76.60 |76.88

SMAPE | 11.829 11.927 11.851 14.718 13.525 13.639 12.840 12780  12.909 16.987 14.086 16.018 18.200
MASE 1585 1.613  1.599 2408 2111 2.095 1.701 1756 1.771 3.265 2718  3.010 4.223
OWA 0.851 0.861 0.855 1172 1.051 1.051 0.918 0.930 0.939 1.480 1230 1378 1775

TimesNet: Temporal 2d-variation modeling for general time series analysis. In ICLR, 2023. 86
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« Ex.4: Periodic folding in frequency domain and multi-scale down-sapling in time domain.

period

frequency

Output
- \ 3 . aa h
(e) Multi-Resolution Mixing M I Output Projection } (d) Multi-Scale Mixing
Yy IEN . A xL s 1
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TimeMixer++: A general time series pattern machine for universal predictive analysis. In ICLR, 2025. 87
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» Sota in long/short/few/zero Forecasting, Imputation, Classification and Anomaly Detection

Table 1: Long-term forecasting results. We average the results across 4 prediction lengths: Table 4: Results of imputation task across six datasets. To evaluate our model performance, we
{96,192, 336, 720}. The best performance is highlighted in red, and the second-best is underlined. randomly mask {12.5%, 25%, 37.5%, 50%} of the time points in time series of length 1024. The
Full results can be found in Appendix final results are averaged across these 4 different masking ratios.

TimeMixer++ TimeMixer iTra
Durs)

TimesNet  DLinear

Models

FEDformer  Stationary  Autoformer TimeMixer++ TimeMixer Ty PaichTST Crossformer FEDformer ~ TIDE ~ DLincar TimesNet ~ MICN  Autoformer
Models (Ours) @02

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
Electricity [0.165 0.253 |0.182 0.272[0.178 0.2700.205 0.290]0.244 0.334[0.251 0.344]0.192 0.295(0.212 0.300/0.268 0.365|0.214 0.3270.193 0.296[0.227 0338

Metric MSE_MAE_|MSE MAE|MSE MAE |MSE MAE|MSE MAE |MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE
ETT(Avg)[0.055 0.154 [0.097 0.220[0.096 0.205 [0.120 0.225(0.150 0.258 |0.124 0.230]0.314 0.366[0.115 0.229]0.079 0.182(0.119 0.234]0.104 0.215
ECL [0.109 0.197 [0.1420.261(0.140 0.223[0.129 0.198[0.125 0.204[0.181 0.314]0.182 0.202]0.080 0.200[0.135 0.255[0.138 0.246[0.141 0.234

ETT (Avg) [0.349 0399 |0.367 0.388(0.383 0377|0381 0.397/0.685 0.578]0.482 0.470]0.391 0.404|0.442 0.444|0.689 0.597|0.408 0.428]0.471 0.464]0.465 0.459

Exchange [0.357 0391 [0.391 0.453[0.378 0.360 [0.403 0.404|0.940 0.707{0.370 0.413[0.416 0.443[0.354 0.414[0.750 0.626[0.519 0.429]0.461 0.454]0.613 0.539

Traffic  [0.416 0264 [0.484 0.297(0.428 0.282 |0.481 0.304]0.550 0.304]0.760 0.473]0.620 0.336]0.625 0.383[0.804 0.509]0.610 0.376]0.624 0.340]0.628 0.379 Weather 0.049 0.078 [0.0910.114]0.095 0.1020.082 0.149]0.150 0.111]0.064 0.139]0.063 0.131]0.071 0.107|0.061 0.098|0.075 0.126[0.066 0.107
Weather [0.226 0.262 [0.240 0.271[0.258 0.278 |0.259 0.281/0.259 0.315/0.271 0.320]0.259 0.287[0.265 0.317[0.292 0.363[0.309 0.360|0.288 0.314]0.338 0.382 . . L
Solar-Energy[0.203 0.238 [0.216 0.280[0.233 0.262 [0.270 0.307|0.641 0.639]0.347 0.417[0.301 0.319]0.330 0.401[0.282 0.375[0.291 0.381]0.261 0.381]0.885 0.711 Table 6: Zero-shot learnlng results. The results are averaged from 4 different predlctlon lengthS:
{96,192, 336, 720}.
. . . Methods |T|meM|xer~+ TimeMixer | LLMTime | DLinear ‘ PatchTST ‘ TimesNet | iTransformer | Crossformer | Fedformer | Autoformer |  TiDE
Table 2: Univariate short-term forecasting results, averaged across all M4 subsets. Full results are oury)
available in Appendix Metric |MSE MAE |MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE

ETTh1 — ETTh2 [0.367 0.391 [0.427 0.424]0.992 0.708[0.493 0.488]0.380 0.405[0.421 0.431]0.481 0.474]0.555 0.574|0.712 0.693]0.634 0.651]0.593 0.582

Models T.meM.xer++T.meM.xchmmmnner TiDE TlmcchlN HiTS N-BEATS PatchTST MICN FiLM LightTS DLinear FED. Sldlmnary Auto
(O 2 20226] @

ETTh1 — ETTm2 [0.301 0.357 [0.361 0.397]1.867 0.869]0.415 0.452]0.314 0.360[0.327 0.361]0.311 0.361]0.613 0.629]0.681 0.588]0.647 0.609]0.563 0.547

13.152

SMAPE|  11.448 13.950 11.829 11.927 11.851 19.638 14.863 13.525 13.639 12.840 12.780 12.909 ETTh2 — ETTh1 [0.511 0.498 [0.679 0.577|1.961 0.981]0.703 0.574]0.565 0.513]0.865 0.621]0.552 0.511]0.587 0.518]0.612 0.624]0.599 0.571]0.588 0.556
MASE 1.487 1.764 1.940 1.585 1613 1559 1.945 5947 2207 2.111 2.095 1701 1756 1.771 o~  ETThS 4 4 4

OWA 0821 0920 1020 0851 0861 0855 0998 2270 1125 1051 1051 0918 0930 0939 ETTm1 - ETTh2 [0.417 0.422 (0452 0.441]0.992 0.708]0.464 0.475]0.439 0.438]0.457 0.454]0.434 0.438]0.624 0.541]0.533 0.594]0.579 0.568]0.543 0.535

ETTm1 — ETTm2[0.291 0.331 [0329 0.357|1.867 0.869]0.335 0.389]0.296 0.334]0.322 0.354]0.324 0.331]0.595 0.572|0.612 0.611]0.603 0.592|0.534 0527
PR : ETTm2 - ETTm1[0.427 0. 4781.933 0.9840.649 0.537]0.5 2 567]0.559 0.491 |0 59310577 0. 594 0.597[0.585 0.
Table 3: Results of multivariate short-term forecasting, averaged across all PEMS datasets. Full m2 —» ETTm1[0427 0.448 |0.554 0478|1933 0.984]0.649 0.537[0.568 0.492[0.769 0.567]0.559 0.4910.611 0.593]0.577 0.601]0.594 0.597[0.585 0.571
results can be found in Table[18|of Appendix
W RNN-based Convolution-based W88 MLP-based WSS Transformer-based Ours
Modc]sT TimeMixer iTt TiDE SCINeK CmsQformerPﬂchTST TimesNet MICN DLinear FEDformer Stationary Autoformer
"~ (Ours) 2024b, 4 2023 3 2022c

MAE 15.91 17.41 19.87 21.86 | 19.12 19.03 2301 | 20.54 |19.34| 2331 | 23.50 21.32 22.62

MAPE 10.08 10.59 12.55 13.80 | 12.24 12.22 14.95 12,69 |12.38 | 14.68 15.01 14.09 14.89

RMSE 27.06 28.01 31.29 34.42|30.12 | 30.17 36.05 | 33.25 |30.40| 3732 | 36.78 36.20 34.49

score (%)

Table 5: Few-shot learning on 10% training data. All results are averaged from 4 prediction lengths:
{96,192, 336, 720}.

iTransformer  TiDE  Crossformer DLinear PatchTST Tim

’I'u-neMuen+ Time?

et FEDformer Autoformer Stationary ETSformer L

Models

Meric MSE MAE |MSE MAE|MSE MAE |MSE MAE|MSE MAE [MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE

ETTCwgl0396 0421 0453 0445]0458 0.497 [0.432 0444]0470 0.471[0.506 0.484]0.461 0.445]0.586 0.49610.573 0.532J0.834 0.66300.627 0.510]0.875 0.687]1.497 0.575]2.408 1.146]2.535 1.191

Weather [0-241 0271 [0.2420.281/0.201 0331 [0.2490.291[0.267 0.306 |0.241 0.2830.242 0.279]0.279 0.301 0,284 0.324]0.300 0.3420.318 0.323]0.318 0.360]0.289 0.322[0.597 0.495[0.546 0.469

EcL (0168 0271 [0.18702770.241 0337 [0.196.0.289(0.214 0308 0180 0.280]0.180 0.273]0.323 0.39200.346.0.427]0.431 0478]0.444 0.480] 7]0.441 0.489]1 0965 0768

(a) Classification Results (b) Anomalv Detection Results

TimesNet: Temporal 2d-variation modeling for general time series analysis. In ICLR, 2023. 88
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Ex.5: Also adopts the periodic folding imaging, leveraging vision models for TSF.

VisionTS reformulates TSF into an image reconstruction task via MAE.

| Characteristics | Origin | ___Information ___|

Time series continuous physical systems high redundancy
Image continuous physical systems high redundancy
Text discrete human cognitive construct semantically dense
_E/ o évwmw
Position d Position o -
Trend ‘ Stationarity A
: : oS ";-',.';."..‘-" S, Weaher
Position Position .'.3 ,"’ “‘;u"e:.‘:. .'..*; ;I;rcmrild
Seasonality Sudden Change % .“?%’; ":’:-'.. " o Imagener

VisionTS: Visual masked autoencoders are free-lunch zero-shot time series forecasters. In ICML, 2025. 89
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. render
look-back window A @
(D segmentation . — Mean Square Error (MSE)
time Averaged on six long-term time series forecasting datasets and four prediction lengths
. [fime 2 2 2 2 2 8 8 8 8 071 few-shot zero-shot
0.6 10% downstream 7" no downstream
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time - Resize the image
through interpolation
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-l | IZ’ I The game began |
| | B | . development in 2010,
Y . <3 - E Pre-training carrying over a large [
H ; reverse g time R B | Dataset portion of the work... |
: ] W VisualMAE [3] I No Pre-training Natural Texts Time-Series Natural Images I
T [ | | [z] { (no time-series training)
Y | . s e
~. J | El visible patches

- target
=~ prediction

(a) Input Image (b) Reconstructed Image

(c) VISIONTS (MAE = 0.821)

VisionTS: Visual masked autoencoders are free-lunch zero-shot time series forecasters. In ICML, 2025. 90
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» Three gaps between TS and Image:

- Modality Gap Dimensional Gap Probabilistic-forecasting Gap

unbounded, arbitrary numbers need uncertainty-aware
heterogeneous of variates probabilistic predictions
Image structured, 3 channels deterministic output
bounded (RGB) of most vision models

Time Series Pretraining (LOTSA)
! I Image Pretraining (ImageNet)
brid (ImageNet + LOTSA)
Visual Backbone : - : Hy|
’ TS Continual Pretraining :

P etraining In Distribution Forecasting (Monash)

Universal E 0,701

Forecaster | =
\ '+ E o0.60
e v2 1 |
F E 00D Multivariate Forecasting (LTSF)
w |
werse 50| LTI
o “oss IER , . — =
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0
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VisionTS++: Cross-Modal Time Series Foundation Model with Continual Pre-trained Visual Backbones. arxiv 2025. 91
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VisionTS++
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VisionTS++: Cross-Modal Time Series Foundation Model with Continual Pre-trained Visual Backbones. arxiv 2025. 92
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RP (Recurrent Plot) capture periodicity, chaos, and other dynamic patterns of the sequence.

x € RIXT vy = [xt,$t+T,$t+2T, "'7xt+(m—1)7'] € RmT, 1<t RP;; =O(e — [[vi—vjl]), 1<4,5<1

: . : Time series with periodicity and chaotic data
Uncorrelated stochastic data(white noise)

1

1 1

1
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1L

T T T T T
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Time series with periodicity and trend

il V\
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e
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|

Time
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Forecasting with time series imaging. Expert Syst. Appl., 2020.
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 Ex.1: Vision Models for TS Classification.

Training images Source Task Label
- Convolutional layers Fully-connected layers
—1 C1-C2-C3-...CN EC IEHE 2 kE FC (M+1) 1000 classes
ImageNet M
( J1000 or 2048
Y dim vector
Transfer ~—
Parameters
Testing images
r———
FC 1-FC 2...FC
C1-C2-C3-...CN M FC (M+1) A mtiin]s
1
\ Y J 1000 or 2048 [T S
dim vect :
Pre-trained model S 2daptation
layers
trained on Label
Target Task target task

Forecasting with time series imaging. Expert Syst. Appl., 2020. 94
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« Ex.2: Vision Models for TS Forecasting.

Extract aee Training Model
features . . .
Train the model to produce
/\/V\ . . . - 9 weights from the features
| to minimize the OWA of the
D combination of methods
with xgboost.
NV\ OWA of . . .
9methods | (0 00 00| Model Combination: ARIMA, ETS, NNET-AR, TBATS,
_— 088 STLM-AR, RW-DRIFT, THETA, NAIVE, SNAIVE
Testing Process Features Model
: | Features Testing
Extract a8 Produce 9 weights of 9 [ N N |
features . . . methods for combination
—_— . . . — | from the testing data > . . .
features with trained
VAV eature aes
Predictions of
/\’\I\ 9 methods M?del.
I— Combination

Forecasting with time series imaging. Expert Syst. Appl., 2020. 95
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Time Series x -

Gramian Angular
Summation Field

GASF: cos(¢: + ¢y ) = zrayr — \/1 — x? \/1 —z2

400 50 100 200

GASF

Gramian Angular
GADF Difference Field

GADF: sin(¢; — ¢y ) = xyr \/1 —z? —x44/1 — 22

Encoding time series as images for visual inspection and classification using tiled convolutional neural networks. In AAAlI Workshop, 2015
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* Ex.1: CNNs for TS Anomaly Detection

D, D
D, D,
/ \ \ ]
INPUT _40x40
[ < <403 ] 1 GADF\ / ‘/GADF ;
m encoding encoding
& GADF
((MAX POOL 2x2 ) GADF ™~ - '
§ ) encoding | encoding

3x3_CONV_64
(_MAX_POOL 2x2 )]

( )

% \ CNN, \\ CNN, \\ CNN, \ CNN,
T T | Threshold
(MAX POOL 2x2 ) -

Ensemble N
) 1

0/1 Long / Short

CNN

(—__FC 1024

o

Deep learning and time series-to-image encoding for financial forecasting. IEEE/CAA J. Autom. Sin., 2020. 97
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Spectrogram is a visual representation of frequencies of a signal as it varies with time.

» Extensively used for audio signals analysis, type of UTS.

/) Fixed window size /) Variable wavelet size

(e) STFT (f) Wavelet (g) Filterbank

Freq (Hz)
Scale

Freq (Hz)

Timestep Timestep Timestep

"Signal estimation from modified short-time fourier transform." IEEE Trans. Acoust., 1984.
"The wavelet transform, time-frequency localization and signal analysis." IEEE Trans. Inf. Theory, 1990.
"Wavelets and filter banks: Theory and design." IEEE Trans. Signal Process., 1992. 98
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 Ex.1: VLMs for Few-shot Audio Spectrogram Classification.

Spectrogram

10000 Here are example spectrograms for all

the classes:
T A
EHTR
5: 000 Now analyse this spectrogram and
||||I| |||||, _,SEetC"Ogram g determine the most likely sound class
xtraction g

Audio
2000 Predicted
Class

clock_tick

crackling_fire

nnnnn

2.4 3
Time (s)

helicopter rooster sea_waves s sneezing

Vision language models are few-shot audio spectrogram classifiers. In NeurlPS Workshop, 2024. 99
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« Ex.2: Vision Models for TS Anomaly Detection

Multivariate time series

TP P, |
W A AN Wk e w'

ik

WWWWW

i i uHJ.L

s

Scalogram Generation

Complex Morlet wavelet

Rlcker wavelet

o o |

Scalogram Aggregation
Mapping multiple scalograms
into one image

Complex Morlet wavelet Ricker wavelet

o ¢ sl o abisb ]
e misgapnamas ol
TR T ] S I
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Random Random
matrix matrix

Aggregated scalograms

Channel embedding
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Frﬁuenc‘ embeddlnﬁ

Resultant RGB image for anomaly detection

Image Anomaly Detection

RGB image of aggregated scalograms

Partitioning into input image size

Anomaly detection

Anomaly scores for each image
1l
il 1l

... NN
W

Concatenated anomaly score matrix

Maximum in frequency direction

Image anomaly detection by
PatchCore (training/test)

Image foundation model
as encoder
Similarity-based scoring
Trainingdata @ @ Test data
e o .. /(abnormal)

e _© ® o
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) ...:. ° .:%/ (normal)

ol 1 1L
4] LI

mim
W

Anomaly score

I

I

Training-free time-series anomaly detection: Leveraging image foundation models. arXiv 2024.

100



& THE HONG KONG

TS2Vision Summary TECHNOLOGY (GUANGZHOU)

Method TS-Type | Advantages Limitations
Line Plot (§3.1) UTS, MTS | matches human perception of time series | limited to MTS with a small number of variates
Heatmap (§3.2) UTS, MTS | straightforward for both UTS and MTS the order of variates may affect their correlation learning

Spectrogram (§3.3) | UTS encodes the time-frequency space limited to UTS; needs a proper choice of window/wavelet

GAF (§3.4) UTS encodes the temporal correlations in a UTS | limited to UTS; O(T") time and space complexity

RP (83.5) UTS flexibility in image size by tuning m and 7 | limited to UTS; information loss after thresholding
Method TS-Type  Imaging Imaged Time Series Modeling TS-Recover ~ Task  Domain Code

Multimodal Model Pre-trained Fine-tune Prompt

[Silva et al., 2013] UTS RP x K-NN x x x X Classification General X
[Wang and Oates, 2015a] UTsS GAF x CNN x /E x v Classification  General X
[Wang and Oates, 2015b] uTs GAF x CNN x % x v Multiple  General X H
s 207 M mame ¢ an X0 x 7 e e x 1.  More research focuses on Line Plot and Heatmap,
[Hatami et al., 2018] UTs RP x CNN x st x X Classification ~ General X
[Yazdanbakhsh and Dick, 2019] ~ MTS Heatmap X CNN X e X x Classification  General v!!!
MSCRED [Zhang et al., 2019] MTS Other (§3.6) X ConvLSTM x v X x Anomaly  General /E . .
[Li et al., 20201 UTS RP x cNN v v x X Forecasting ~ General ' th y pp rt MTS I ty
[Cohen et al., 2020] uTS LinePlot x Ensemble x b x x Classification  Finance X as e S u O _— m O re CO m mo nin rea I -
[Barra et al., 20201 UTsS GAF x cNN x b x X Classification  Finance X
VisualAE [Sood et al., 2021] UTsS LinePlot x CNN x st x v Forecasting ~ Finance X .. . .
[Zeng et al., 2021] MTS Heatmaj X CNN, LSTM X ' X v Forecastin; Finance X 2 TSZV bI d f t k I
ASTg[Gong etal., 2021] uTS Spec!.mg‘rl':m X DeiT v v X X Classiﬁcatifn Audio v . ISIOn e na es a WI e range O aS S, ma I n y
TTS-GAN [Li et al., 2022] MTS Heatmap X ViT X v X v Ts-Generation Health v'*
SSAST [Gong et al., 2022] UTS Spectrogram X ViT v v X x Classification ~ Audio v
MAE-AST [Baade et al., 2022] UTS Spectrogram X MAE v v X x Classification ~ Audio v} " g . . .
AST-SED [Li ef al., 2023a] UTS  Spectrogram x SSAST, GRU v v x X EventDetection Audio X I f t f t q Iy d t t
ForCNN [Semenoglou et al., 20231 UTS LinePlot X CNN x e X x Forecasting ~ General X C aSSI ICa |On I Orecas In I anoma e eC Ion -
Vit-num-spec [Zeng et al., 2023]  UTS  Spectrogram x ViT x v x x Forecasting ~ Finance X
VITST [Li er al., 2023b] MTS LinePlot X Swin v v X x Classification General v!¥!
MV-DTSA [Yang et al., 2023] uUTs” LinePlot X CNN x v X v Forecasting ~ General v'%
TimesNet [Wu et al., 2023] MTS Heatmap X CNN x v X v Multiple ~ General 1'%
ITE-TAD [Namura e al., 20241~ UTS  Spectrogram X CNN v x x X Anomaly  General X
[Kaewrakmuk et al., 2024] uTs GAF x CNN v v x X Classification ~ Sensing X
HCR-AdaAD [Lin er al., 2024] MTS RP X CNN, GNN x M X x Anomaly  General X
FIRTS [Costa et al., 2024] UTS Other (§3.6) X CNN X b X x Classification General v
CAFO [Kim et al., 2024] MTS RP X CNN, ViT x Ve X x Explanation ~ General v!'?
ViTime [Yang ef al., 2024] uTs” LinePlot X ViT v/ v X v Forecasting ~ General v!'¥
ImagenTime [Naiman et al., 2024] MTS Other (§3.6) X CNN x v X v Ts-Generation General !4
TimEHR [Karami et al., 2024] MTS Heatmap X CNN x v X v Ts-Generation Health '3
VisionTS [Chen et al., 2024] uTs” Heatmap X MAE v v X v Forecasting ~ General v!'®!
TimeMixer++ [Wang et al., 2025] MTS Heatmap X CNN X v X v Multiple ~ General v!!7)
InsightMiner [Zhang ef al., 20231  UTS LinePlot v LLava v v v X Txt-Generation General X
[Wimmer and Rekabsaz, 2023]  MTS LincPlot v CLIP,LSTM v v x X Classification  Finance X
[Dixit et al., 2024] UTS  Spectrogram GP;"COL'E Somint v X v x Classification ~ Audio X
[Daswani et al., 2024] MTS LinePlot v GPT4o,Gemini x v X Multiple  General X
TAMA [Zhuang ef al., 2024] UTS LinePlot v GPT4o0 v x v X Anomaly  General X
[Prithyani et al., 2024] MTS LinePlot v LLaVA v v v x Classification  General v!'*!
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« Select two supervised (ViT/Swin) and two self-supervised pre-trained LVMs (MAE/SimMIM).
* Employ 8 common time series visualization methods.

* Analyze the effects on 10 TSC datasets and 8 TSF datasets.

! (a) Imaging Methods i (b) Classification ! (c) Forecasting: (d) Forecasting: Encoder-Decoder
T : ® Trainable ' Linear Head oo m - === Recover
(i) Line Plot v) UVH : ) : H 41 ...Iﬁ' iL \/\/
- NWWW m Qe e | oy BEEETTT O
: ! I E e ~"" ! MAE: Transformer dec. !
: ! WL H i b L H LVM o e ]
H vi) Filterbank | fegrnsad Qe N oo kien: Decoder | __ :"S_lr_n_l\_ll_l!ll_._L_lP_e:a_r_(!t_ac_:.““:
K TE Y'Y j Transformer; § o/ Lym SI% [ LM & Imaging: () UVH |
: i Encoder yoL 1l Jo--[f | Encoder Encoder Masked: =
i3 : ' il ! p [
e . I ____\i Projection i ______T______ . Ealchesi e @
I | [ [ — voo i - B

S,
Look-back window Se9ments

’Vil‘ GAF
iii) RP

1

1

1

1

1

1

1

1

1

1

1

1
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1

+ EEEEH
: iii) STFT
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|
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vy X \ "o 7 v ¥ v Imaging: (ii) MVH
' Input Alignment ' 1 InputAlignment | , InputAlignment | ! | A
iv) Wavelet \ 1 (Imaging, norm, patching) | ' I(Imaging, norm, patching) | | (Imaging, norm, patching)! ' @ <
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» Comparison results between LVM and non-LVM methods.

I LVM-Based Wl LLM-Based Method | MAE | ViT  |Time-LLM| GPT4TS | CALF | Dlinear | PatchTST | TimesNet | FEDformer|Autoformer
758 754 I CNN-Based B Transformer-Based

. Metrics |[MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE
no [l RNN-Based Classical Methods

m’m, B MIP-Based ETTh1l |0.409 0.419]0.445 0.449(0.418 0.432(0.418 0.421|0.432 0.431|0.423 0.437(0.413 0.4310.458 0.450|0.440 0.460|0.496 0.487

TS ETTh2 [0.357 0.390]0.389 0.411]0.361 0.396|0.354 0.389|0.351 0.384|0.431 0.447|0.330 0.379[0.414 0.427|0.437 0.449|0.450 0.459

TS s ETTm1 |0.345 0.374/0.409 0.422|0.356 0.377{0.363 0.378]|0.396 0.391]0.357 0.379(0.351 0.381{0.400 0.406(0.448 0.452|0.588 0.517

o "'°7""’7°~970A77Mm3 ETTm2 |0.268 0.327|0.300 0.337]0.261 0.316/0.254 0.311]0.283 0.323]0.267 0.334|0.255 0.315]0.291 0.333|0.305 0.349|0.327 0.371

Weather [0.225 0.258|0.234 0.273|0.244 0.270{0.227 0.255]|0.251 0.274]0.249 0.300(0.226 0.264|0.259 0.287{0.309 0.360|0.338 0.382

Illness |1.837 0.883]2.179 1.016|2.018 0.894|1.871 0.852|1.700 0.869|2.169 1.041[1.443 0.798|2.139 0.931|2.847 1.144|3.006 1.161

Traffic [0.386 0.256]0.430 0.343]0.422 0.281|0.421 0.274/0.444 0.284]0.434 0.295]0.391 0.2640.620 0.336/0.610 0.376|0.628 0.379

75 Electricity [0.159 0.250(0.173 0.266{0.165 0.259(0.170 0.263{0.176 0.266(0.166 0.264]0.162 0.253[0.193 0.295|0.214 0.327|0.227 0.338
# Wins 9 0 0 3 0 0 4 0 0 0

5

66.0

Average Accuracy (%)

Table 2: Model comparison in TSF. The results are averaged over different prediction lengths. See
Table 11 in Appendix B.2 for full results. Red and Blue numbers are the the best and second best
results. # Wins is the number of times the method performed best.

S & & Bt & & BV & FD g £
LTRSS (95%@&‘ S &\?‘%%gg&gg%&

e . |
Figure 2: Model comparison in TSC. The re- Pre-trained LVMs are useful in TSC !

sults are averaged over 10 UEA datasets. See But pose challenges when used for TSF !
Table 9 in Appendix B.1 for full results.
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Are LVM useful for TSF?

RQ1: What type of LVM best fits TSC (TSF) task?

°
(b) Forecasting MSE

(a) Classification Accuracy (%) 4
UWave. Spoken. Handwrit. FaceDetect. TTh1 ETTmi1 Illness Weather
884 985 985 395
0.422 1.016
0.466 . 973 0.281
0.449 o. 396 0. 273
i I i a I i % i 5i4i9%: 41/ 0. 3740 378 0.883, 868 N "580%4
A "Q‘ q&“‘ é\ é\\ Qx\é\“ %\ '\X Qx » &9 Q\ é‘x 4\ “ A v&& & \ Qx 4\“ W '»\'&\x °
& £ e & 3
Window Attention

&
1 Global Attention

Self-Supervised B Supervised
Figure 3: Comparison of 4 LVMs on TSC (accuracy) and TSF (MSE). 1 ({) indicates a higher (lower)
value is better. Two taxonomies of the LVMs: (1) supervised (ViT, Swin) vs. self-supervised (MAE,
SimMIM), (2) using global attention (ViT, MAE) vs. window-based attention (Swin, SimMIM).

Self-supervised LVM outperforms supervised LVM in TSF !

Global attention is more suitable for time series than window attention !
104
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(b) Time Series Forecasting
4 5 7 8
1oy Tine 4 l[l IAvg.Rank
L —RP
Lineplot
GAF
Filterbank

2. 3
il I

1

1

8
| Avg.Rank
STFT

7

|

Wavelet

2

Are LVM useful for TSF?
RQ2: Which imaging method best fits TSC (TSF) task?
UVH -
MVH —

(a) Time Series Classification
5 6
(|
'— Lineplot
Filterbank
Wavelet

105

.
L l
GAF—]

MVH
task, and (b) TSF task. Lower rank is better.

RP

1 3 4
Loy P
STFT
UVH
Figure 4: Average rank of different imaging methods in (a) TSC

In TSC, GAF and MVH have the best effect !

In TSF, heatmap are more suitable for reconstruction frameworks due to retaining the original values !

From Images to Signals: Are Large Vision Models Useful for Time Series Analysis?. arxiv 2025.
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* RQa3: Are the pre-trained parameters in LVMs useful in time series tasks?

« RQ4: How useful are LVMs' architectures

Task TSC Task (accuracy (%)+) TSF Task (MSE )
Dataset UWave. Spoken. Handwrit. FaceDetect.|[ETThl ETTm1 Illiness Weather
(a) All parameters 88.4 98.5 36.4 67.4 0.558 0.399 1.781 0.273
(b) All but CLS & Mask| 87.5 98.2 35.2 66.3 0.530 0.408 1.783 0.275
8 (¢) MLP & norm 88.7 98.4 355 67.1 0.532 0396 1.737 0.264
& |(d) Norm 81.6 98.0 28.5 65.2 0.409 0.345 1.837 0.225
(e) Zero-shot 84.0 98.5 27.8 66.7 0452 0420 2.037 0.308
(f) Train from scratch 73.4 97.0 24.3 65.0 0475 0372 1.723 0.241
5 w/0-LVM 78.6 96.4 22.4 64.1 0423 0376 2291 0.255
& |LVM2ATTN 80.1 96.5 20.7 66.2 0.428 0.357 2.108 0.254

Table 3: Ablation analysis of LVMs. For classification, higher accuracy indicates better performance.
For forecasting, lower MSE is preferred. Full results are in Appendices B.5 and B.6.
Fine-tuning all parameters in TSF is best, only fine-tuning the norm layer in TSF can improve performance !

LVM may two complicated for TS, but its pretrained knowledge is useful !
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* RQ5: Do LVMs capture temporal order of time series?

Task Classification Forecasting
Dataset UWave. Spoken. Handwrit. FaceDetect. [ETThl ETTm1 Illiness Weather

w/0-LVM | 782% 49.7% 81.7% 193% | 76.2% 98.4% 116.4% 24.1%
LVM2ATTN| 86.4% 50.6% 89.9% 22.4% | 79.7% 117.1% 109.1% 24.4%
LVM 80.7%  84.7% 91.5% 29.2% 83.8% 118.4% 162.8% 44.5%
w/0-LVM 6.6% 12.4% 74.6%  10.8% 14.4% 283% 41.6%  2.4%
LVM2ATTN| 8.7%  11.6% 83.6% 11.3% 19.5% 44.8% 69.3%  2.4%
LVM 36.4% 30.2% 86.5%  9.3% 14.5% 482% 21.3%  9.6%
wW/0-LVM | 98.8%  82.2% 835% 22.8% 13.0% 1453% 11.0% 34.0%
LVM2ATTN| 989% 82.3% 87.0% 24.6% 9.1% 1583% 27.9% 35.5%
LVM 59.4%  89.9% 97.0%  9.2% 14.2% 242.3% 23.0% 67.2%
w/0-LVM | -1.0% 3.1% 223% -12% 473% 58.5% 94.1% 33.4%
LVM2ATTN| 1.0% 3.6% 203%  2.7% 46.0% 70.3% 127.8% 33.6%
LVM 29.0% 41.8% 56.0%  7.4% 47.5% 58.4% 128.9% 49.6%

Masking Ex-Half| Sf-Half| Sf-All

Table 4: Performance drop of the compared models under different temporal perturbations. Red color
marks the largest drop for each perturbation strategy. Full results are in Appendix B.7.

LVM is sensitive to time disturbance, proving its effective utilization of temporal patterns.
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 RQ6: What are the computational costs of LVMs?

Method | LVM 1st Baseline (task specific) 2nd Baseline (task specific)
Task Dataset # Param (M) Train (min) Inference(ms) | # Param (M) Train (min) Inference(ms) | # Param (M) Time (min) Inference(ms)
rsc  UWave. 89.43 2.83 11.52 82.23 1.19 57.61 242 0.39 1.69
E Handwrit. 97.59 5.18 23.72 83.62 1.33 50.51 2.47 0.51 0.78
rsp  ETThI 111.91 9.99 4.32 395 0.52 0.18 85.02 10.46 0.50
5 Weather 111.91 207.83 1.50 6.90 16.97 0.10 86.64 94.10 0.35

Table 5: Computational costs of LVMs and two best baselines in TSC (GPT4TS, TimesNet) and TSF
(PatchTST, GPT4TS). The forecasting costs are measured with prediction length 96.

* LVM @® 15 Baseline Il 2" Baseline

UWave. Handwrit. ETTh1 Weather
3 89.0 * . g 36.0 * % 0.37] - [;)J 0.149 . .
< 85.0 ] < 3201 [ @ = 0.36 * =, 0.147] Y
0 50 15 40 1.0 3.5 0.5 15
Inference Time (ms) Inference Time (ms) Inference Time (ms) Inference Time (ms)

Figure 6: Inference time vs. performance of compared methods on TSC (accuracy) using UWaveGes-
ture, SpokenArabicDigits, and TSF (MSE) using ETTh1, Weather. Full results are in Appendix B.8.

Although the calculation cost is higher, it has potential.
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* RQ7: Which component of LVMs contributes more to forecasting?

B Enc w/o Dec Dec w/o Enc (a) MAE
15.5% 18.1%

0, 11.3%
j o= 6.4% 4.8%
1.6% - 1.4% [ :

15.0% 17:9% 19.0% 18.8% (b) SIMMIM
. 13.3%

11.0% Decoder of SimMIM is a linear layer accounting for only
j - 51% - L6% 3.8% of all parameters

ETTh1 ETTm1 Illness Weather

Figure 7: Forecasting performance drop (%) of
(a) MAE and (b) SimMIM when only using en-
coder (blue) and decoder (red).

The decoder of the self-supervised LVM is more critical in prediction than the encoder.
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« RQ8: Will period-based imaging method induce any bias?

ETTh1 —*— ETTm1

—e— n (hypothesis) —=— Weather —#=— Illness

Number of segments before S reoccurs

U1

S

‘3

Normalized MSE

Time

Segment Length
Figure 8: Forecasting performance of MAE w.r.1.
varying segment length used in UVH imaging. n
(green) estimates the difficulty of forecasting.

UVH imaging leads to LVM tending to "combine past cycles" prediction

From Images to Signals: Are Large Vision Models Useful for Time Series Analysis?. arxiv 2025. 110
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« RQ9: Can LVMs make effective use of look-back windows?

ETTh1 ETTm1 Weather
0.450 0.5 0.275
B 0.425 1 = e
) ) %) ]
= = 0.4 = 0250
0.400 -
T T T T - T T T T 0‘225 L T T T T
500 1000 1500 2000 500 1000 1500 2000 500 1000 1500 2000
Context Length Context Length Context Length

Figure 10: TSF performance (MSE) of MAE with varying look-back window (or context) lengths.

MAE prediction performance tends to stabilize as the window length increases to 1000,

but too long windows may result in information loss due to image compression.
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Summary Notes

When using vison models for time series analysis, several things are important:

Normalization: Targeted processing (controlling mean/std, instance normalization,

removing outliers) is needed to fit visual model training characteristics.

Image alignment: Adjust channels (1—3 via duplication/weight averaging) and size

(interpolation) for pre-trained models, risking information loss.

{(a) Imaging Methods | (b) Classification | (c) Forecasting:  (d) Forecasting: Encoder-Decoder
1 P ; ® Trainable !  Linear Head =1 Recover
! | Line Plot v) UVH ! , ! ' . iL
| L (Cas)  EFeeng | D A/
' E E - INE: ~~" ! MAE: Transformer dec. !
: : : YlinearHead | _____ 4t ____ :  Linear Head D(Ia-c\:/c?c/!ler | SIMMIM: Linear dec. |
LVM < Transformer ; “ IC o N VM 4----"-“_3 _g _ir_lé:-(_v_) icecsans
Encoder Al Jeeelki 1} i Encoder Encoder Masked =
_______________ PrOJechon S r____,__,-_—_,'_’_a'c"?s E a|
M - B c i - '..' ‘ = :
. o (e window Se9ments
"""""" | AT R '“““““' i Imaging: (i) MVH ]
! Input Alignment ) ! ! Input Alignment | ' Input Alignment \ [ maging 2l
1 \(Imaging, norm, parching)/l . ilmaging, norm, patching)/l 1 \(Imaging, norm, patching)’I 1 % W § {
_______ - — ; "~—~———5~-_ A—__——é___ kY | AVAYIRS ;
E \‘\: Look-back window ~ Time i

________________________
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Summary

When using vison models for time series analysis, several things are important:

Temporal recovery: Recovering raw time series from predicted images: heatmaps and

GAFs enable simple/accurate recovery; line plots require dedicated functions;

spectrograms are underexplored; RPs are unsuitable due to information loss.

r(z—l)ul;n_a_g_l_né_lilletl_l;&s _______ (b) Classification ! (c) Forecasting: d) Forecasting: Encoder-Decoder
(y Trainable ! Linear Head PP =1 Recover
Wil S o

i) Line Plot v) UVH
1 — )
' YE: " | MAE: Transformer dec. |
W Li H P H LVM R e '
iicorredd L i jnoat tieed Decoder _______L_SJT“_'I_I!'I_'_IZ'FEa_r_q??;___:

Imaging: (v) UVH

ii) MVH vi) Filterbank 5o T f d
< ransformer I
LVM oy LVM LYY i
Encoder ol 1] |-k i ; Encoder Encoder Masked ! 2 S
_ :‘ i Projection ii  _____f__ e, peeeo e '_a? tChés: F %
L .

.
Y ]
Look-back window Se9Ments

Imaging: (i) MVH
AIAYY

H|AYaM

|
| Look-back window Time |

________________________
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» Enhance vision encoder for TSF (e.g., distillation), as decoders dominate TSF performance.
« Mitigate inductive bias from period-based imaging (e.g., UVH) for non-periodic data.

» Optimize time series imaging to resolve information density misalignment when mapping

varying input steps to fixed-resolution images.
» Improve TSF performance via tailored components or new training paradigms.
* Reduce computational costs via compression or efficient attention.

» Explore multimodal TS analysis by integrating VLM Agents.

Harnessing Vision Models for Time Series Analysis: A Survey. In 1JCAI, 2025. 114
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Background & Examples

Foundation of ST Data [ MULTIMODALLEARNING, -
i FOR SPATIO-TEMPORAL .«
41 DATA'MINING ' *

W hy M u I t i m o d a I ST D a ta F u S i o n D‘ 11:00 AM 12:3¢'J PMIPMonE:lay, Octoher 27th | Swift1& S‘wifl 2, R:ﬁisso’n; u] Dubli’n Treland

|
My
T Rl
[

Principle of ST Multimodal Fusion ACM multimedia

Visual/Language Knowledge Transfer

Conclusions Dublin, Ireland 27-31.10.2025
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ST Multimodal Learning is Future ) R S e

» Current research on multimodal learning is mainly focus on solving problems in

digital world (stage a & b), rarely stepping into the physical world (stage c).

Digital World

> roblems . . . .
1) Daily Multimodal Apps, Image/Video Generation

A) Solving digital problems using data in the digital world

Dlgltal World

B) Solving problems in digital world using data from both worlds

Physical World

E{ 2) Motion-sensing Game, e.g. Switch

3) Real World Problems, e.g. AQl

Dlgltal World
ultimod aI
Data

C) Solving problems in the physical world using data from both worlds

Physical World

B
o Essential difference between multimodal ML

in ST compared to the common multimodal.

Fusing Cross-Domain Knowledge from Multimodal Data to Solve Problems in the Physical World. In ACM Transactions on Intelligent Systems and Technolgég, 2025.
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ST Multimodal Learning is Future ) R S e

« Knowledge transfer across multi-domain is a promising direction.

Time Series I:ij

\ _--—-\---—-—\
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Siru Zhong Yuxuan Liang

» siruzhong@outlook.com « yuxliang@outlook.com

 https://siruzhong.github.io/ » https://yuxuanliang.com/
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