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Introduction to Multi-modal Time
Series Analysis



Background -Time Series Analysis

Time Series: Sequential data points indexed by time (e.g., Electricity Load,
EEG, Traffic volume).
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Background - Multi-modal Time Series Analysis
Multi-modal: Involves multiple data sources/modalities (e.g., Image, Text, Audio).

Multi-modal Time Series: Time series that associated with external contexts
(knowledge), which can carry rich semantic information for time series analysis.
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Background - Multi-modal Time Series Analysis

1750 - Forecast Additional contextual information: "This series contains the power
—— History production of a photovoltaic power plant in the state of Alabama. Over the
Ground Truth previous 90 days, the maximum power production happened on average
1500 1 5%-95% at 11:22:13."
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Williams et al. “Context is Key: A Benchmark for Forecasting with Essential Textual Information”, ICML
2025. ¢



Background - Multi-modal Time Series Analysis

Why is Multi-modality Important?

Real-world systems are heterogeneous.

Combining multimodal signhals leads to richer understanding and better predictions.
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Background - Multi-modal Time Series Analysis

More Examples:
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Background — Multi-modal Time Series
Analysis

L4 PrOblem Statement wJ/o Interaction_| ; ,.D., : °
. ) ) D — —| Unified "":D: Output | £
« Effective analysis of multi-modal [ + @d%@: o IO : ~Li. By
time series is hindered by data wli Interaction N ¥ | Fusion
heterogeneity, modality gap, 2 e ey | L] (e ) i) (i
misalignment, and inherent noise. A r _+—> by ¥y oy ¥
. . . Transference | DD == ' [ bt I [ et I
* We summarize the general pipeline %%PCID“ ) II —
. . . N MLP, Addition ..
and categorize existing methods QL +(|c’;c->[m]->):‘;u-----tJ Setaliet :
epe ignmen
through a unified cross-modal NI Dgl:l-> | Transference
interaction f.ra mework . @C +( . -(Lump- @ rl:ll:l atiention - (JCT) s g (T
encompassing fusion, alignment, l
and transference at different Input Stage : Intermediate Stage : Output Stage

stages.
Jiang et al. Multi-modal Time Series Analysis: A Tutorial and Survey, KDD 2025
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Background - Multi-modal Time Series Analysis

Scope of our tutorial
1. We mainly consider standard time series and spatial time series.

« Spatial structures (often represented as graphs) are inherently paired
and not treated as a separate modality.

2. We focus on multi-modal methods for a spectrum of tasks:

« For Part 1, the focus is to leverage multi-modal inputs from multiple
sources in real-world contexts.

« For Part 2, the focus is more on transforming the input modality to
another output modality and leveraging multimodal views of time series.

« For Part 3, the focus is on multi-modal spatial-temporal time series

3. We discuss the existing applications and available datasets for multi-modal
time series analysis.

12



Background - Multi-modal Time Series Analysis

Multi-modal Time Series Analysis

Background
| Challenges, Our Motivations, Preliminaries, etc. \
— Data, Methods & Applications

Multi-modal Time Series Data

1. Modalities: Time Series, Text, Image, Table, Graph, etc.
2. Scope, Existing Datasets, Characteristics, Domains, etc.

Taxonomy of Multi-modal Time Series Methods
1. Interaction Stage (Input, Intermediate, Output)
2. Interaction Strategy (Fusion, Alignment, Transference)
3. Specific Method (Concatenate, Attention, Contrastive, Gating, etc.)

Domains & Tasks

. General, Finance, Healthcare, Traffic, Environment, etc.
. Forecasting, Classification, Causal Discovery, Retrieval, etc.

Future Research Directions

Reasoning, Decision Making, Generalization, Contextual Noise,
Bias & Ethics

We uniquely categorize the existing
methods into a unified cross-modal
interaction framework, highlighting fusion,
alignment, and transference at the
input/intermediate/output levels.

We discuss real-world applications of multi-
modal time series and identify promising
future directions, encouraging researchers
and practitioners to explore and exploit
multi-modal time series.

Jiang et al. Multi-modal Time Series Analysis: A Tutorial and Survey, KDD 2025
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Multi-modal Time Series Methods



Taxonomy of Multi-modal Time Series Methods
We categorize over 40 multi-modal time series methods and define:

1) Three fundamental types of cross-modal interactions
— Fusion, Alignment, Transference (Multimodal views of TS)

2) Occurring at three levels within a framework
— Input, Intermediate, Output
— Intermediate: representation or midpoint output (not end-to-end)

3) An interaction can occur at one or more levels

4) Multiple interactions can co-occur at the same level



Taxonomy of Multi-modal Time Series Methods
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Jiang et al. Multi-modal Time Series Analysis: A Tutorial and Survey, KDD 2025




Multi-modal Time Series Methods
Part 1: Fusion and Alignment



Cross-modal Interaction with Time Series: Fusion

Definition: the process of Integrating heterogeneous modalities in a way that
captures complementary information across diverse sources
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Multi-modal Fusion with Time Series - Input level

Integrate time series, tabular data and texts into a unified textual prompt
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Kong et al. "Time-MQA: Time Series Multi-Task Question Answering with Context Enhancement”, ACL 2025



Multi-modal Fusion with Time Series - Input level

Integrate time series, tabular data and texts into a unified textual prompt

(1) Forecasting

(2) Imputation .

—]

[Context] This dataset aims to
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sensors and sampled at 125 Hz
from subjects aged 18 to 35 ..
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\_ |

~N

[Context] The Self-regulation of
Slow Cortical Potentials dataset,
provided by the University of
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[Context] The following data is
derived from traffic systems,
recording variations in traffic flow,
such as ...

Please determine whether there are
anomalies in this time series given

information above.
Why?
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J

Kong et al. "Time-MQA: Time Series Multi-Task Question Answering with Context Enhancement”, ACL 2025



Multi-modal Fusion with Time Series - Input level

Integrate time series, tabular data and texts into a unified textual prompt

Sys'rem Prompts J

# Instructions———— @Response

Domain Knowledge l Prediction  Explanation
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—_—_ - -
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Historical series

)
g f;300- i Date HO“de
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Guo et al. "Towards explainable traffic flow prediction with large language models”,
Communications in Transportation Research 2024



Multi-modal Fusion with Time Series - Input level

Integrate paired text embedding as an additional variable of time series
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Li et al. "Language in the Flow of Time: Time-Series-Paired Texts Weaved into a Unified Temporal Narrative",
CoRR 2025



Multi-modal Fusion with Time Series - Intermediate level

Simple aggregations (e.g., mean, addition, concatenation, etc.) of time series

embedding and other modality embeddings
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2021.



Multi-modal Fusion with Time Series - Intermediate level

The fusion of modality embeddings is usually followed by alignments
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Multi-modal Fusion with Time Series - Output level

Project multiple modality outputs onto a unified space
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Series Analysis”, NeurlPS 2024.



Multi-modal Fusion with Time Series - Output level

Assemble modality outputs as decomposed components of the final output
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Multi-modal Fusion with Time Series

* Fusion relies on well-aligned multi-modal data for effective
exploitation of the contextual information.

« However, ideally-aligned data may not be given in real-world
scenarios.

 Existing methods also leverage alignment mechanisms to
mitigate the challenge



Cross-modal Interaction with Time Series: Alignment

Definition: the process of preserving inter-modal relationships and ensuring
semantic coherence when integrating different modalities into a unified framework
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Multi-modal Alignment with Time Series - Representations

Self-attention: a joint and undirected alignment across all modalities by dynamically
attending to important features.

Given multi-modal embeddings Exyym € R™*4, where n is the number of modality
tokens and d is the embedding dimension:

. QK'
Attention(Emm) = Softmax |4

Jd;

where the queries Q, keys K, and values V are linear projections of Ejym:
Q = EpmWy, K = EmmWyg, V = E;mmW, with learnable weights W, x , € R**%



Multi-modal Alignment with Time Series - Representations

Ymm
1 Predict

T Flatten
Multi-Head Self-Attention

| E— o e 1
CLS Token + Linear |
Patching LM (e.g., BERT)

— t
L Time Seriesx = Text Summary s,

Lee et al, "TimeCAP: Learning to Contextualize,
Augment, and Predict Time Series Events with Large
Language Model Agents”, AAAI 2025

—_—————e e —

g '_3% Output Embeddings
A

—>[ Add & Layer Norm ]

| |
| I
@[*" Output Projection} I A :
T ] ) : [ Feed Forward ] i

: I S |
| | ‘ |1~|$| ‘ | | i —-[Add&LayerNorm] i
A |
3%5 Pre-trained LLM i [ Multi-H_ead ] !
(Body) : Attention :
t L topur embeddings |
(NN | L L A Reprogrammed 7

|
Patch Embeddings :
|

|

|

[@ Multi-Head Attention ] |
I po_d

3%‘Lgi:’re-m‘n'.lined LLM ‘A Patch Reprogram }

(Embedder) 1
Patching ()
lo

@ Ppatch IText Prototypes! |
Embedder - :

|

|

Time Series Pre-trained |
Patches  Word Embeddings:

[ Instance Norm 1

<dataset description>
### Domain:
### Instruction: <task information> T

##t# Input statistics:
<time series statistic 1>
<time series statistic 2> ...

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



Multi-modal Alignment with Time Series - Representations
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Multi-modal Alignment with Time Series - Representations

Cross-attention: time series acts as the query modality, while auxiliary modalities
like text or images, provide context through their keys and values.

Given multi-modal embeddings Ets € R™*%, where n is the number of modality
tokens and d is the embedding dimension:

. QtsKc'
CrossAttention(Etg, Ec) = softmax Ve

Jd,

where the queries Qts, keys K, and values V. are linear projections of Eig:
Qts = EtsWy, Kc = EtsWy, Ve = EcWy, with learnable weights W, i, € R**%



Multi-modal Alignment with Time Series - Representations
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Multi-modal Alignment with Time Series - Representations

Time Series Forecasting
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Multi-modal Alignment with Time Series - Representations

Sales Forecast
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Multi-modal Alignment with Time Series - Representations

Gating: a parametric filtering operation that explicitly regulates the influence of time
series and other modalities on the fused embeddings in E.

G = o(W,[Ets; Ec] + by)
E=GQOEs+(1-6)OE,

where o(-) denotes the sigmoid function, the learnable weight and bias are denoted
as W, € R***4 and b, € R, respectively.



Multi-modal Alignment with Time Series - Representations
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Zhong et al. "Time-VLM: Exploring Multimodal Vision-Language Models for
Augmented Time Series Forecasting”, ICML 2025



Multi-modal Alignment with Time Series - Representations

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.

N
Stock 1 > + Temporal oo : —
Attention e Graph Attention Network ——> Node Classification
Transformation l
+ Temporal
s Attention ) W*le
= X1 —~
Price — Stock + Temporal P 1 +) djj1
Information / Attention W*x., “Aple R
I ¢ /\Pp : W*X. (+) ajl NN
/ ’ e A2 (R > A\
X ( ] £l %z \\\\
. W | + Hierarchical \ \ ) S &
Stock 1 +> Ll Attention Ll : Lweaky © \(
il Alibaba RelLU Q3 \\\j
K 24— || + Hierarchical \ W*Xj3 “\t) djiz . —
Stock 2 Attention \ ’ i / \\\\
® "4 \ O \
ocial Media| . 1% -
. Pllos? Wl + Hierarchical Xn ‘ Feed Forward Movement Prediction
Textual — Stock n 1+~ Jer [N Ciscol © Neural Net (a)

Information

Sawhney et al. "Deep Attentive Learning for Stock Movement Prediction from Social Media
Text and Company Correlations”, EMNLP 2020



Multi-modal Alignment with Time Series - Representations

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.

News Headlines Inputs Stock Market Data Inputs

Forget all your previous instructions. I want you to act as an experienced financial engineer. I will offer you

_______________________________ financial news headlines in one day. Your task is to:
Y 1. Identify which target companies will be impacted by these news headlines. Please list at least five of
LSTM E them.
Model ' 2. Only consider companies from the target list.
. OUtpl‘It E 3. Determine the sentiments of the affected companies: positive, negative, or neutral.
E : Layer E 4. Only provide responses in JSON format, using the key "Affected Companies".
: : LSTM : 5. Example output: {"Affected Companies": {Company 1: “positive”, Company 2: “negative”}}
E E Model E 6. News Headlines are separated by "\n"
é é s - News Headlines: ...

Prediction Utilizing

. ; LSTM and
.. O OO ~ 1 7% |Graph Neural Networks| ! Fully-Connected
N G Gy Gt+3_ Networks
Network Structure Inference ompany Embedding via

via ChatGPT Graph Neural Networks

Chen et al. "ChatGPT Informed Graph Neural Network for Stock Movement Prediction”, KDD
Workshop 2023



Multi-modal Alignment with Time Series - Representations

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

embeddings and minimize that of unpaired ones

Cosine
Similarity

41 Gradient
Flow

Language Model
* Frozen

ECG
Encoder

A

T

Sinus tachycardia. left axis deviation ... due to

ischaemic heart disease.

SIS B

(a) Self-supervised Learning pre-training

Normal ECG
E————————

Conduction Disturbance

Conduction Disturbance(71%)

e

(c) Visualization of Classification Results

Myocardial Infarction

Hypertrophy

ST/T change

TE TR TE TE O TE

, é

e E D s [E;

(N A A

ECG
Language Model Encoder
* Frozen
T T A
Normal Cpnduction Myocar-dial Hypertraphy ST/T
ECG Disturbance Infarction change ﬂ r/ \-—-'\ﬂ r ]

(b) Zero-Shot Learning for Classification

Li et al. Frozen Language Model Helps ECG Zero-Shot Learning, MIDL 2023



Multi-modal Alignment with Time Series - Component Output

Retrieval: Augment LLM's input with in-context examples with the highest cosine
similarity from a multi-modal embedding space

f
& Time Series x Text Summary s,

In-Context Examples S Ymm . , M  Aggregate  Fum — P
Sample 1 4+ Predict i : Predict T
o —c ¢ 1 -
Training Set Search (Eq. 2) | : é::; LLM Agent Augment
T Flatten ! | Prompt
— o i (e.g., GPT 4) K
Py ,
«-.c»-*.-.vé';q} . : : ‘ T
+ : ! Text Summary _¥
[ — \ Contextualize T Augment
' : Input
CLS Token + Linear T : : % LLM Agent
Patching LM (e.g., BERT) : : (e.g., GPT 4)
i :
, I
' |
' |
' |

f\i Time Series Text Summary & Tim1t; Series

(a) Multi-Modal Encoder €4 ' (b) Sample-wise Similarity : (c) Contextualize, Augment, & Predict
Time Series (TimeCAP)

Lee et al. "TimeCAP: Learning to Contextualize, Augment, and Predict Time Series Events with Large
Language Model Agents”, AAAI 2025



Multi-modal Alignment with Time Series - Component Output

LLM Reasoning: LLM agents collaborate to iteratively enhance prediction accuracy,
identify textual inconsistencies or noise, and calibrate textual contexts.

Feedback
that detects
taxtual noise
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explanations le
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Prediction LLM

Jiang et al,
2025
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“TimeXL: Explainable Multi-modal Time Series Prediction with LLM-in-the-Loop", NeurlPS




Multi-modal Alignment with Time Series - Component Output

Truth: Rain

Original Text: Over the past 24 hours, Mew York City experienced a gradual increase in temperature
throughout the day, peaking in the late afternoon before a modest decline towards the evening. Humidity
levels started high in the early hours, dropped significantly during the day, and then showed a rising trend at
the end of the period, indicating a possible increase in moisture content in the air. Air pressure remained
relatively stable with only minor fluctuations, suggesting a period of stable weather conditions. Wind
speeds varied, with a noticeable increase during the late afternoon, which could have contributed to a brief
period of cooler and more turbulent conditions. Wind direction was predominantly from the south-
southwest, shifting slightly to a more south-southeast orientation later in the day, which is typical for the
region's weather patterns during this time.

Prototypes:

Mot rain: City has experienced relatively stable temperatures with a slight warming trend observed (0.78)
Mot rain: peak during the late afternoon before beginning 1o decrease slightly into the (0.64)

Not rain: dropping again, indicative of typical diurnal variation (0.51)

Original Text Reasoning | | Prediction: Not rain |

TimeXL: Time Series Haasuning_

TimeXL: Text Reasoning | Prediction: Rain_|

Refined Text: Over the past 24 hours, Mew York City experienced a stable air pressure pattern with minor
fluctuations, indicating stable weather conditions. The day saw a gradual increase in temperature, peaking
in the late afternoon before declining in the evening. Humidity levels were high early on, dropped
significantly during the day, and rose again later, suggesting increased moisture content. Wind direction
shifted from south - southwest to south - southeast, bringing moisture-laden air, which could increase the
likelihood of rain.

Prototypes:

Rain: direction was variable without a consistent pattern. These indicators suggest (0.47)

Rain: wind direction started westerly, became variable, and (0.64)

Rain: which could signal the approach of a weather system (0.53)

10 4
&4

]

m4
B 4
504

14

14

13

Humidity (%)
‘ewapesss, —2 Rainiiag)
Y ,  —s= Rain(l.43]
S oy Yy —— Aain(l.73|
1'.
x“\
. /!
W A
1] -] m 11 o)
Prassura (hPa)
1 o— Rain(0 75|
i I —a#— Hain((.43]
. & —e— Rain(l.73]
1'h—tl-q_ln—n- &
L1 ._.- '\'.‘
_.-' L1
I ",
/ L ! \

— — —
5 10 i5 o3
Tamparaturea (K]

»
-
- RS
g . - T
rd

. oo~ Ran(0.2E]
T Sy § —i— Ammilal)
— ! e Al 731

¥ un 15 i
Wind speed (m/s)

—a— Rainil.73}
W

#— Rain(0.28] A

= Fginl(k 43| . :'. I'I II|'II

P! f "I I|

o . D TR
Aoed e, L

UL TS L

e N '-""

I
T

a i& 15 20
Wind direction (¥

b .
| %, e
S (g ,: . LA, T Y
'ﬂr I.| 1 S - I'.'..'
kTl |

| f = Rain(l 28]
1 —&— RAain(l.43]
\ — Rain(l 73]

n 5 n 15 an

Jiang et al, “Time XL: Explainable Multi-modal Time Series Prediction with LLM-in-the-Loop”, NeurlPS 2025



Multi-modal Alignment with Time Series

* Alignment plays a crucial role in multi-modal interactions.

|t aims to calibrate and effectively capture relevant multi-modal
elements for a semantically coherent modeling

* |t enhances task performance, robustness and explanation,
ensuring that models leverage meaningful contextual information
for improved decision-making.



Multi-modal Time Series Methods
Part 2: Multi-modal View of Time Series
(Transference)



Multimodal Views (MMVs) of Time Series

Time Series

—-———-—--——\ il ENN BEN BEN Dnn EEY NN NN e EEE B
(.11 [.2] [,3] [.,4] [,5] [,6] [,7] [,8] [,9] [.1@ l
.1 14 12 3 11 11 9 11 19 15
19 10 2 1 12 5 2 8 - - e—
17 15 3 13 6 11 10 16 11 1 —
17 18 10 8§ 20 17 3 14

[y

]
]
]
1 5 18 19 2 13 11 8§ 20

1 12 15 16 19 6 2 10 9
1 6 18 20 15 20 6 17 17 1 1
1 1 16 2 1 5 17 6 17
1 7 7 3 20 4 15 17 10
]

]
3
4
9
2
3
5
4
7
6
6 1 13 5 12 11 17 3 8

= — —— —————
DW= oUW
Weoo Wk & wom

Visual View

A Y
|
I
|
[
i
I
i

J

" Numerical View I\ Linguistic View |

-————--_—-—I

g% %

Time Series Models Language Models Vision Models

D pmmmmmem



Multimodal Views (MMVs) of Time Series

« MMVs are different views of the same data
- Unlike multimodal data

.+ D

- Alternative views
« Reveal complementary patterns

- Cross-modal knowledge transfer
« [Iransfer knowledge in pre-trained models of other modalities



Outline of This Section

« Generating MMVs of time series
o Linguistic view and visual view

e Cross-modal knowledge transfer via MMVs
o Methods using LLMs and LVMs

o Integrating MMVs of time series
o Combining multiple models or using LMMs



Outline of This Section

o Linguistic view and visual view

e Cross-modal knowledge transfer via MMVs
o Methods using LLMs and LVMs

o Integrating MMVs of time series
o Combining multiple models or using LMMs



Linguistic View of Time Series (1)

Template-based Prompt by PromptCast’

Template

Input Prompt | Context
CT (Source)

to {tobs f. the average temperature of

FromyAugust 16, 2019, Frid
region {U,, } was {:r;"l':tobs} degree on each day.

sugust 10, - a_ﬂml,é;u-:rI ust_30, 2019, Friday) a\
temEerature of I‘{EGIDI{HG vas 78, 81, 83. 84, 84. 82, 83, 78. 77, 77, 74.]

Question at 1s the temperature going to What is the temp-eratune going to be on August 31, 2019, Saturday?

tobst1 |-

Requires dataset-specific templates

Input Prompt | Context | From {t1} to {tons}. client {U,,} consumed | From May 16, 2014, Friday to May 30, 2014, Friday, client 50 consumed
ECL (Source) {m:’;:t b } kWh of electricity on each day. 8975, 9158, 8786, 8205, 7693, 7419, 7595, 7596, 7936, 7646, 7808, 7736,
o 7913, 8074, 8329 kWh of electricity on each day.

Question | What is the consumption going to be on {tohs+1 }? | What is the consumption going to be on May 31, 2014, Saturday?

Input Prompt | Context | From {#1} to {tohs}. there were {x;’;:tobﬁ} peo- | From May 23, 2021, Sunday to June 06, 2021, Sunday, there were 13, 17,
SG (Source) ple visiting POl {U,, } on each day. 13, 20, 16, 16, 17, 17, 19, 20, 12, 12, 14, 12, 13 people visiting POI 324
on each day.

Question | How many people will visit POI {U,,} on | How many people will visit POI 324 on June 07, 2021, Monday?
{tobst1}?

1. H. Xue, et al. "Promptcast: A new prompt-based learning paradigm for time series forecasting." IEEE TKDE, 2023.



Linguistic View of Time Series (2)

LLMTime: Verbalizing Time Series as Discrete Tokens?

* For GPT-3 (BPE tokenization): add spaces between digits
Jd E.g.,avoid “42235630”~>[“422”, “35”, “630”]

* LLaMA tokenizes digits individually
 Given a fixed precision, drop decimal points

0.123,1.23,12.3,123.0 > "12,123,1230,12300"

"151,167,...,267" "151,167,...,267" "151,167,...,267" "151,167,...,267"
"18(1,167, ..,26 7" "151,167,...,267" "I 1,161, ...40267" "151,167,...,267"
GPT-3 spaces GPT-3 no spaces LLaMA spaces LLaMA no spaces

2. N. Gruver et al. "Large language models are zero-shot time series forecasters." In NeurlPS, 2023.



Linguistic View of Time Series (3)

TimeCAP: Summarize Time Series as Textual Description?®

~

: y
/-:.\ Predict T

$% LLM Agent

~

y
Predict 1‘

| meall | Atwo-step process:

g Text;ummaw g (1) time series understanding
i Contextualize 4 i (2) infe rence

! 2% LLM Agent |

2. Frozen ”
¥ \e LLM Agent
h, Training (e.g., GPT 4)

T
i"w Time Series

(e.g., GPT 4)
T
. Time Series i
User Prompt
Your task is to analyze |ElSSdgizigle el cmaliCat=meeidel|. Review the time-series data provided for the

I=lejdglll. Each time-series consists of values separated by a 'l' token for the following indicators:

| [Time Series Data]

Based on this time-series data, write a concise report that provides insights crucial for understanding the current
situation. Your report should be limited to five sentences, yet comprehensive, highlighting key trends and
considering their potential impact on |RefeleClgelV[slell]. Do not write numerical values while writing the report.

3. G. Lee et al. "Timecap: Learning to contextualize, augment, and predict time series events with large language model agents." In AAAI, 2025.



Linguistic View of Time Series (3)

An example summary of 5-variate NY weather time series

Time Series
— c

g 295 §100 v 1020 B 10 3&175

8< 2 25 2% 89

g5 290 5 80 ga “E S & 5150

gx S - =1010 e~ TT

T =] =z S £—125

= 285 : . L | i | . . ! . , = , ,

0 10 20 0 10 20 0 10 20 0 10 20 0 10 20
Time (hours) Time (hours) Time (hours) Time (hours) Time (hours)

Text Summary

f------~

Over the past 24_}lcl)ur;_s New York City has experienced a gradual increase in|temperaturej indicating a possible
warming tr'end.CHumlallt)Lllevels have seen fluctuations, reaching full saturation at certain points, which could have

led to foggy conditions or precipitation.{Air pressurelhas been _consistently decreasing, suggesting an increased

likelihood of stormy weather or changes in weather patterns.{Wind speedsjyhave generally been mild to moderate, but

showed a significant increase in the latter half of the period, whi_(_:b can contribute to cooler perceived

temperatures and may signal the approach of a weather system. Thefrw{i?s?_t-ﬁj;has been predominantly southerly,
which typically brings warmer air masses to the region.

3. G. Lee et al. "Timecap: Learning to contextualize, augment, and predict time series events with large language model agents." In AAAI, 2025.



Visual View of Time Series

We’ve identified 8 major imaging methods?

(a) Line Plot

(b) UVH

......

T A o3 % T

Value

Intra-Period Time

ATimestép ' Inter-Period Time Tise |
(e) STFT (f) Wavelet (9) Filterbank
=« - Eulliig i
o Timestep Timestep Timestep -
~
Spectrograms

4. ]. Ni, et al. "Harnessing vision models for time series analysis: A survey." In 1JCAI, 2025.
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Visual View of Time Series

_ o . 5,6
(b) UVH - Univariate Heatmap (b) UVH

look-back window e @ segmentation N £ r
|_
Y 3
I |time |:> =
= Al :
\_ periods > J %
_ > B Inter-Period Time
time

(c) MVH - Multivariate Heatmap

f““f‘”ﬂfﬁ~ MM’ =)

N N AP 0" P VAR \‘[“
f‘/ \. / \/ //\, / \“/n\ / \[// L‘“) / 1\/ |

Variates

Timestep

M. Chen, et al. "VisionTS: Visual Masked Autoencoders Are Free-Lunch Zero-Shot Time Series Forecasters." InICML, 2025.
H. Wu et al. "TimesNet: Temporal 2D-Variation Modeling for General Time Series Analysis." InICLR, 2023.

5.
6.



Visual View of Time Series
(d) GAF — Gramian Angular Field’

Polar Coordinate ¢ = arcCos (mi) ’
Time Series x
x\ /
\\\ A N ,/"
\\ / \/ \\ /«‘"
\'» "n/ \‘ /
\ "/ \ "/J i
\ /‘/ \\ ‘//
// \‘. //
7 \ [ \‘f\‘ ’
\J \\/ “\ //

7.Z.\Wang, et al. "Imaging time-series to improve classification and imputation." In [JCAI, 2015.



Visual View of Time Series

(h) RP - Recurrence Plot®

Sine Waves White Moise Thomas Series Lorenz Series
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8. J. P. Eckmann et al. "Recurrence Plots of Dynamical System." Europhysics Letters, 1987.



Visual View of Time Series

Spectrograms ﬁ Fixed window size /) Variable wavelet size

(e) STFT? (f) Wavelet'? (g) Filterbank
N
L Q@
o S
) n
L
Timestep Timestep Timestep
(Resembles SFTF,
v B ) more suited audio
. Time-frequency space signals)

Fits high-frequency time series (audio, EEG signals)

Q Needs choice of window/wavelet

9. D. Griffin et al. "Signal estimation from modified short-time fourier transform." IEEE Trans. Acoust., 1984.
10. I. Daubechies et al. "The wavelet transform, time-frequency localization and signal analysis." IEEE Trans. Inf. Theory, 1990.
11. M. Vetterli et al. "Wavelets and filter banks: Theory and design." IEEE Trans. Sighal Process., 1992.



Visual View of Time Series

Summary?
Method TS Type Advantage Q Limitation
Lineplot UTS intuitive hard to recognize by models
UVH UTS TS values ~ pixels bias toward periods
MVH MTS encode MTS hard to model variate-correlation
GAF UTS temporal correlation O(T?) complexity
RP UTS flexible image size thresholding - information loss
STFT UTS time-frequency space fixed window size
Wavelet UTS variable wavelet size needs proper choice of wavelet
Filterbank | UTS time-frequency space fixed window size

4. ). Ni, et al. "Harnessing vision models for time series analysis: A survey." In [JCAI, 2025.
12.Z.Zhao et al. "From Images to Signals: Are Large Vision Models Useful for Time Series Analysis?." arXiv preprint arXiv:2505.24030 (2025).



Outline of This Section

Generating MMVs of time series
o Linguistic view and visual view

o Methods using LLMs and LVMs

o Integrating MMVs of time series
o Combining multiple models or using LMMs



Cross-Modal Knowledge Transfer via Linguistic View
Forecasting as a QA problem with LLMs — PromptCast’

ion :
'\ Encoder) (Decoder

aaaaaaaaaa

P O jO))
i © g o
reTTT 2 —»/6
PO s /) |l Eas |
T N x M x
time-of-day *
( ) Numerical Forecasting Framework (e.g., Transformer-based)
"IE’-rmo.r.w.ﬁ.";:;i.ng The temperature were
The temperature were 77, 68, 68, 66, 73, 76 degrees
66, 73 degrees in past 4 days. in past 4 days.
/6 degrees tomorrow Language Model
* Promptlng
I A | |
Fme!tunmg (b) PromptCast Framework Testing/Inference

1. H. Xue, et al. "Promptcast: A new prompt-based learning paradigm for time series forecasting." IEEE TKDE, 2023.



Cross-Modal Knowledge Transfer via Linguistic View

Event detection (classification) with LLMs — TimeCAP?

A~

y
Predict T

% Frozen $% LLM Agent

.g.,GPT 4

!9 Training (e-8., )
T

1
1
1
|
|
|
1
|
|
1
1
1
1
5 1
Text Summary :
1
1
1
1
|
|
1
1
|
|
1
1

Contextualize T

5% LLM Agent
(e.g., GPT 4)

T
i"ﬁ Time Series

3. G. Lee et al. "Timecap: Learning to contextualize, augment, and predict time series events with large language model agents." In AAAI, 2025.



Cross-Modal Knowledge Transfer via Linguistic View

Event detection (classification) with LLMs — TimeCAP?

Py

Jum  Aggregate  Yum Y 4

— /1 /| /| ]

Augment
Contextualize 4 g CLS Token + Linear |

Contextualize T

y / : In-Context Examples S VMM
Predict 4 Predict 4 J Sample 1 1 Predict
I U —<] « F3
<. Frozen 2% LM Agent 2% LLM Agent Augment | Training Set Search (Eq. 2)
s R Prom t I (== q 1 Flatten
0 Trainin (e.g., GPT 4) (e.g., GPT 4) P i
g 1 : Multi-Head Self-Attention
A T R S S
|
|
|
|
|
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|

|
|
|
|
|
I
I
I
I
1
1
|
1
B 1
Text Summary : . Text Summary )
1
|
|
|
|
|
I
I
I
1
1
1

— = Input _
.« LLM Agent %.¢ LLM Agent \ Patching LM (e.g., BERT)
(e.g., GPT 4) (e.g., GPT 4) Y y
t N i imeseries x| ) TextSummary s |
. Time Series i"& Time Series

Performance: Predict < Contextualize & Predict (22%1) < Cont. & Aug. & Pred. (29%1)

3. G. Lee et al. "Timecap: Learning to contextualize, augment, and predict time series events with large language model agents." In AAAI, 2025.




Summary of LLMs on Linguistic View of Time Series

Reasoning: leveraging LLMs’ reasoning capabilities

Context: straightforward to integrate additional textual data

Explanation: potential to provide explanation

Q Model long time series

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

Q Perform long-term forecasting

WHEN DOES MULTIMODALITY LEAD TO Unimodal Aligning
BETTER TIME SERIES FORECASTING?
é’ » 4% )
Xiyuan Zhang*, Boran Han*, Haoyang Fang, Abdul Fatir Ansari, Shuai Zhang, 5 g § & § g
Danielle C. Maddix, Cuixiong Hu, Andrew Gordon Wilson, Michael W. Mahoney, | & ,5 g g ,5? ;:9
Hao Wang, Yan Liu, Huzefa Rangwala, George Karypis, Bernie Wang R Q S ] Q O

————_—————*

Prompting

Amazon Web Services

{xiyuanz,boranhan, haoyfang, ansarnd, shuaizs,

dmmaddix, tonyhu, wilsmman, zmahmich,
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Cross-Modal Knowledge Transfer via Visual View

Trend Seasonality

Why LVMs are potentially useful in cross-
modal knowledge Transfer?%>

Structural Similarity:

Large-scale imaged-based pre-
training

Multiple imaging methods

Multivariate time series

“;.:.“. RR RS Tt N
é MAV A~ WNA NNV WAN é
4.).Ni, -H!Tng:!l.r! |s.|tolnrnr<!(?ls§or§n[e! grles analysis: A survey." In1JCAI, 2025. © © 1

5. M. Chen, et al. "VisionTS: Visual Masked Autoencoders Are Free-Lunch Zero-Shot Time Position Position
Series Forecasters." In ICML, 2025. Stationarity Sudden Change




Cross-Modal Knowledge Transfer via Visual View

Time Series Forecasting with LVMs -VisionTS>

look-back window

>

(1 segmentation
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time

5. M. Chen, et al. "VisionTS: Visual Masked Autoencoders Are Free-Lunch Zero-Shot Time Series Forecasters." In ICML, 2025.
13. K. He et al. "Masked autoencoders are scalable vision learners." In CVPR, 2022.
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Cross-Modal Knowledge Transfer via Visual View

VisionTS~ - Zero-Shot Time Series Forecasting

ero-Shot ew-Shot ¢ In-distribution Downstream Dataset
© Zero-Sh ~/ Few-Shot (10% In-distribution D D )
retrain = Images ime series : _/‘ ext 0 efrain
Pretrai = / Ti 1 T © No Pretrai
Method VISIONTS MOIRAIs MOIRAIg MOIRAILL TimeLLM GPT4TS DLinear PatchTST TimesNet Autoformer Informer
MSE [ 0.390 1 0.400 0.434 0.510 0.556 0.590 0.691 0.633 0.869 0.702 1.199
ETThl AR I 0.414 : 0.424 0.439 0.469 0.522 0.525 0.600  0.542 0.628 0.596 0.809
— MSE 1 0.333 : 0.341 0.346 0.354 0.370 0.397 0.605 0.415 0.479 0.488 3.872
MAE : 0.375 | 0.379 0.382 0.377 0.394 0.421 0.538 0.431 0.465 0.499 1.513
— MSE : 0.374 : 0.448 0.382 0.390 0.404 0.464 0.411 0.501 0.677 0.802 1.192
mL MAE 1 0.372 0.410 0.388 0.389 0.427 0.441 0.429 0.466 0.537 0.628 0.821
— MSE : 0.282 : 0.300 0.272 0.276 0.277 0.293 0.316 0.296 0.320 1.342 3.370
M= MAE 1 0.321 1 0.341 0.321 0.320 0.323 0.335 0.368 0.343 0.353 0.930 1.440
Electric MSE I 0.207 I 0.233 0.188 0.188 0.175 0.176 0.180 0.180 0.323 0.431 1.195
eCtricity n\AE | 0.294 ! 0.320 0.274 0.273 0.270 0.269 0.280 0.273 0.392 0.478 0.891
MSE | 0.269 1| 0.242 0.238 0.260 0.234 0.238 0.241 0.242 0.279 0.300 0.597
Weather \jAE ! 0.292 : 0.267 0.261 0.275 0.273 0.275 0.283 0.279 0.301 0.342 0.495
MSE 1 0.309 | 0.327 0.310 0.329 0.336 0.360 0.407 0.378 0.491 0.678 1.904
Average \AE : 0.345 : 0.357 0.344 0.350 0.368 0.378 0.416 0.389 0.446 0.579 0.995
15¢ count v 7 ) 0 3 1 2 1 0 0 0 0 0

rp———

5. M. Chen, et al. "VisionTS: Visual Masked Autoencoders Are Free-Lunch Zero-Shot Time Series Forecasters." In ICML, 2025.



Are LVMs Useful for Time Series Analysis?

What type of LVMs (supervised vs. self-supervised), which imaging
method (among 8 methods), and what decoding ([inear probing vs. pre-
trained decoder) fit which task (classification vs. forecasting)?1?

——————————————————————————————

 (a) Imaging Methods ' (b) Classification

(c) Forecasting: (d) Forecasting: Encoder-Decoder

i (i) Line Plot v) UVH i : # Trainable : Linear Head 'riii_“r-:-_:;—-:: Recover )

E WMHW ml : s Freezing "IN P R =

o ! ! _ | _ Y vy -~"" I MAE: Transformer dec. !
. it % Linear Head i % Linear Head .S|mMIM Linear dec. !
(i) MVH (vi) Filterbank ! d _'I:““f_““”: : Decoder = __ Il '
. ! <“ 1 Transformer : . et
: AR VM | By b1 LVM 4 Imaging: ()UVH |
i ! Encoder HOL L] ekl |} | Encoder Encoder Maske¢u o =|
1 FEEEEERREER r— | i ietion |1 Patches; £ !
: (iii) STFT (vii) G i riEi““‘_‘*‘_‘:':f_'\‘: Projection X riii____;_;__:f_ riii_“-_" = 2 :
: ! | : mpeplgepnll o BES et ! L _ LLER gyl o == 1 Y Segmgnts:
I ! I ———— i ook-back window ;
l it e S { | Imaging: (i)MVH
TR . ' | Input Alignment | ! ! InputAlignment | ! Input Alignment ! ging: (i) .
o iv) Wavelet ! |(Imagmg norm, patchmg) | ! l(lmagmg norm, patchmg) |(Imagmg norm, patchmg)/l : % /.\/.\/ ng) :
E B S SN SRS s &
- A A2 N7 72 7a0a"7a 72 /a0y —> |
| TR e ! : \ 1 Look-back window Time |

_______________________

12.Z.Zhao et al. "From Images to Signals: Are Large Vision Models Useful for Time Series Analysis?." arXiv preprint arXiv:2505.24030 (2025).



Are LVMs Useful for Time Series Analysis?

[l A Comprehensive Study’2
d 4 LVMs and 8 imaging methods on 18 datasets with 26 baselines

Q Key Conclusions
1 Generally useful for classification

d Challenging for forecasting
= Limited to specific types of LVMs and imaging methods
= Bias toward forecasting periods

12.Z.Zhao et al. "From Images to Signals: Are Large Vision Models Useful for Time Series Analysis?." arXiv preprint arXiv:2505.24030 (2025).



Are LVMs Useful for Time Series Analysis?
Insights'> — What type of LVM best fits classification (forecasting) task?

|&——— (a) Classification Accuracy (%) 4 >|< (b) Forecasting MSE >]

UWave. Spoken. Handwrit. FaceDetect. E ETTh1 ETTm1 Illness Weather
88.4

98.5 98.5 39.5
0.466 0.422 1.016 0.281

973
0.449 0. 396 o. 273
9. 0. 378 0. 883 0. 264

@;@ «S“«:S"’ & &3’@&& = é\ «3“4 @9 «3“4‘5’ S &5‘“@‘@% > k‘xvf‘iﬁ”@ 4*» = @ «3%»

i Self-Supervised BN Supervised [ | Global Attention Window Attention

Q LVMs that were self-supervisedly pre-trained (masking) fit forecasting
Q LVMs with global attention fit classification

12.Z. Zhao et al. "From Images to Signals: Are Large Vision Models Usefulfor Time Series Analysis?." arXiv preprint arXiv:2505.24030 (2025).



Are LVMs Useful for Time Series Analysis?

12

Comparing LVMs with non-LVM baselines on

LLMs Linear Transformer

|Time-LLM| GPTATS |

Method | MAE | ViT CALF | Dlinear |PatchTST|TimesNet|FEDformer|Autoformer

Metrics

MSE MAE

MSE MAE

MSE MAE

MSE MAE

MSE MAE

MSE MAE

MSE MAE

MSE MAE

MSE MAE

MSE

MAE

ETThl

0.409 0.419

0.445 0.449

0.418 0.432

0.418 0.421

0.4320.431

0.423 0.437

0.4130.431

0.458 0.450

0.440 0.460

0.496

0.487

ETTh2

0.357 0.390

0.3890.411

0.361 0.396

0.354 0.389

0.3510.384

0.431 0.447

0.330 0.379

0.414 0.427

0.437 0.449

0.450

0.459

ETTml

0.3450.374

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

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

0.2250.258

0.234 0.273

0.244 0.270

0.227 0.255

0.2510.274

0.249 0.300

0.226 0.264

0.259 0.287

0.309 0.360

0.338

0.382

Illness

1.8370.883

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 0.264

0.620 0.336

0.610 0.376

0.628

0.379

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

12.Z. Zhao et al. "From Images to Signals: Are Large Vision Models Useful for Time Series Analysis?." arXiv preprint arXiv:2505.24030 (2025).



Are LVMs Useful for Time Series Analysis?

Comparing fine-tuned
LVMs with non-LVM
baselines on
classification'?

Average Accuracy (%)

B | VM-Based W LLM-Based
 5as, BN CNN-Based B Transformer-Based
o B RNN-Based Classical Methods
mo W MLP-Based

725
2.1
! TLE o
T3

Tied =0
e ! T B menp
Tihdon,g
[

or.5

[N

12.Z. Zhao et al. "From Images to Signals: Are Large Vision Models Usefulfor Time Series Analysis?." arXiv preprint arXiv:2505.24030 (2025).



Are LVMs Useful for Time Series Analysis?

Insights’? — Why self-supervised LVMs are useful for forecasting?
Performance (MSE) Drop (%)

B Encw/oDec B Decw/oEnc (a) MAE

15.5% 18.1%

11.3%

9.7%

6.4% 4.8%

1.6%

1.4%

19.0% 18.8% (b) SImMIM

15.9% 17.9%

11.0% 13.3%
1%
5170 1.6%

ETTh1 ETTmai1 Illness Weather

Q Decoder contributes more than Encoder
d SimMIM’s decoder: only 3.8% of all parameters

12.Z. Zhao et al. "From Images to Signals: Are Large Vision Models Usefulfor Time Series Analysis?." arXiv preprint arXiv:2505.24030 (2025).



Are LVMs Useful for Time Series Analysis?

Insights'? — Limitation of self-supervised LVM forecasters

MSE change w. varying segment length o> Column > Period

ETTh1 —*— ETTmi1

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

Normalized MSE
@] -

i “t.é
-/%

awl|

) 1 B ) N
D S T i L i RS T 1% v

Segment Length Temporally ordered segments

Q Performance is best when segment length equals period
Q UVH imaging leads to a bias toward forecasting periods

12.Z. Zhao et al. "From Images to Signals: Are Large Vision Models Usefulfor Time Series Analysis?." arXiv preprint arXiv:2505.24030 (2025).



Outline of This Section

Generating MMVs of time series
o Linguistic view and visual view

Cross-modal knowledge transfer via MMVs
o Methods using LLMs and LVMs

o Combining multiple models or using LMMs



Integrating MMVs of Time Series

Integrating

 Vision-Language
Model (VLM)
= VILT

d Imaging
=" Fregquency-
periodicity
encoding
J Contexts

= Nota
linguistic view

, visual views and contexts — TimeVLM4

| [ .
h |I |M ||| +——  Predictor

| |
Prediction Results

@@ Leamable [class] token O Token position encoding

,g:—|. B O 00 Gate j«
Qutput Fusion Embeddings

O Patch position encoding

O Model-type mark

900 B0 B8 @80 - O8O

Patch Embeddings

[ Positional Embedding }
+

Patchify T

T
[ Linewr ]« MmN M N I

— _’[ Instance Norm }
Time Series

a) Retrieval-Augmented Learner (RAL)

- &) )
I ] [ | 4

[ ) Multimodal Fusion Network
000 060 08 - 88) | 086 @@@ 080 080 - @@fg | 980 @@$ @.@ @o$ @@@
| ﬂ’" Multi-Head Self-Attention + Poolmg J [CLS] VLM Vision Encoder [CLS] VLM Text Encoder

[
E Memory - [ Image Interpolation & Normalization } Electrlclty consumption peak hoon
] Bank &M = t

Multi-scale Convolution + Projection

L}

)

Fast Fourier Transform 4— Frequency Encoder

Periodicity

sine Penod:c:ty Encoding

Reshape

(batch_size, seq len,n vars)

n_vars

b) Vision-Augmented Learner (VAL)

| Task]: Forecast the next {pred len} steps using past {seq len} steps.
[Domain]: Electricity consumption typically peaks at noon, drop at |
night. [Statistics]: Input value ranges from <min> to «max>, with a
median of <median> and an overall <downward> trend, and top k lags
are {lags}. [Image]: The time series is converted into an image using
multi-scale convolutional layers and periodicity encoding, highlighting

trends, periodic pattems, and multi-scale features for forecasting.

Statistic
Compute

Domain
Context

\/\ —"

Image
Description

Time Series

¢) Text-Augmented Learner (TAL)

14.S. Zhong et al. "Time-vim: Exploring multimodal vision-language models for augmented time series forecasting." In ICML, 2025.



Integrating MMVs of Time Series

ntegrating and visual views — DMMV?*>
Leveraging a bias
2|
of LVM forecaster S AEERS
~[1Z
‘:remporally ordered segn;ents :I'emporally ordered segrr:ents
Look-back window  ==== Forecast - Ground truth
Tlme Tlme Tlme Tlme

.

(a) Segment length P=24 (b) Segment length P=32 (c) Segment length P=40 (d) Segment length P=48

15. C. Shen et al. "Multi-Modal View Enhanced Large Vision Models for Long-Term Time Series Forecasting." In NeurlIPS, 2025.



Integrating MMVs of Time Series

Integrating and visual views — DMMV?1>
® Trainabl Transformer i““[;y _______________
[enabic i e 2 add o
: Feed Forward
mw’ffﬂ Time Series -L i
Seasonal L i i “Add & Norm
! Image Image ! !
s Trend Y " ] ulti-Head Attn.

Backcast Forecast --——— - . ...

P — S b ——— L ——— Include
| & Transformer ! Numerical | b/ Svisual . DLVI\S i
'~/ Linear model Forecaster Forecaster : ecoder :
N i Image i LVM :
Y !/ Encoder :
i Projection
: m I Patching l
m - : - | :

15. C. Shen et al. "Multi-Modal View Enhanced Large Vision Models for Long-Term Time Series Forecasting." In NeurlIPS, 2025.



Integrating MMVs of Time Series

DMMV?> — Long-Term Time Series Forecasting

(a) MSE Ranking

fOMMV-A b—
PAEEHTST

Time-VLM
VisionTS
DMMV-S
CycleNet
GPT4TS
Time-LLM

1 2 3

4 5 6 7 8

9 10 11 12 13 14 15 16

L

(b) MAE Ranking

ORVA—

ision
GPTA4TS
PatchTST
Time-VLM
CycleNet
Time-LLM
DMMV-S

1 2 3 4 5 6 7 8

9 10 11 12 13 14 15 16

!

Informer
Autoformer
Stationary
ETSformer
FEDformer
TimesNet
CALF
DLinear

Informer
Autoformer
FEDformer
ETSformer
Stationary
TimesNet
DLinear
CALF

15. C. Shen et al. "Multi-Modal View Enhanced Large Vision Models for
Long-Term Time Series Forecasting." In NeurIPS, 2025.

View
Model

Metric

Multi-Modal

Visual

Language

Numerical

GPT4TS

Time-LLM

PatchTST

CycleNet

TimesNet

DLinear

FEDformer

‘ DMMV-A i Time-VLM VisionTS
————p

MAE | MSE

MSE

MAE |

MSE

MAE

MSE

MAE

MSE

MAE

MSE

MAE |

MSE

MAE

MSE

MAE

MSE

MAE

MSE

MAE

96
192
336
720

ETThl

Avg,

0.354
0.393
0.387
0.445
0.395

0.389
0.405
0.413
0.450
0.414

0.361
0.397
0.420
0.441
0.405

0.386
0.415
0.421
0.458
0.420

0.355
0.395
0.419
0.458
0.407

0.386
0.407
0.421
0.460
0.419

0.389
0.413
0.431
0.449
0.421

0.376
0.407
0.430
0.457
0418

0.402
0.421
0.438
0.468
0.432

0.370
0.413
0.422
0.447
0.413

0.399
0.421
0.436
0.466
0.431

0.396
0.415
0.430
0.464
0.426

0.384
0.436
0.491
0.521
0.458

0.402
0.429
0.469
0.500
0.450

0.375
0.405
0.439
0.472
0.423

0.399
0.416
0.416
0.490
0.430

0.376
0.420
0.459
0.506
0.440

96
192
336
720

ETTh2

Avg.

0.294
0.339
0.322
0.392
0.337

0.349
0.395
0.384
0.425
0.388

0.267
0.326
0.357
0412
0.341

0.335
0.373
0.406
0.449
0.391

0.288
0.349
0.364
0.403
0.351

0.334
0.380
0.398
0.431
0.386

0.335
0.380
0.405
0.436
0.389

0.286
0.361
0.390
0.405
0.361

0.346
0.391
0.414
0.434
0.396

0.274
0.339
0.329
0.379
0.330

0.336
0.379
0.380
0.422
0.379

0.341
0.385
0.413
0.451
0.398

0.340
0.402
0.452
0.462
0.414

0.374
0.414
0.452
0.468
0.427

0.289
0.383
0.448
0.605
0.431

0.353
0.418
0.465
0.551
0.447

0.358
0.429
0.496
0.463
0.437

96
192
336

ETTml

0.279
0.317
0.351
0.411

.| 0.340

0.329
0.357
0.381
0.415
0.371

0.304
0.332
0.364
0.402
0.351

0.346
0.366
0.383
0.410
0.376

0.284
0.327
0.354
0.411
0.344

0.332
0.362
0.382
0.415
0.373

0.340
0.368
0.386
0.416
0.378

0.291
0.341
0.359
0.433
0.356

0.341
0.369
0.379
0.419
0.377

0.290
0.332
0.366
0.416
0.351

0.342
0.369
0.392
0.420
0.381

0.348
0.367
0.386
0414
0.379

0.338
0.374
0.410
0.478
0.400

0.375
0.387
0.411
0.450
0.406

0.299
0.335
0.369
0.425
0.357

0.343
0.365
0.386
0.421
0.379

0.379
0.426
0.445
0.543
0.448

ETTm2
w
)
[=}

0.172
0.227

0.260
0.298

0.160
0.215
0.270
0.348
0.248

0.250
0.291

0.174
0.228

0.262
0.297

0.249
0.291
0.327
0.376
0.311

0.162
0.235

0.248
0.304
0.329
0.382
0.316

0.165
0.220

0.255
0.292

0.247
0.286
0.322
0.382
0.309

0.187
0.249
0.321
0.408
0.291

0.267
0.309
0.351
0.403
0.333

0.167
0.224

0.260
0.303

0.203
0.269

Illness
Ees
%

0.810
0.773
0.771

0.823
0.854
0.855
0.877
0.852

0.807
0.833
1.012
0.925
0.894

1.017
0.950
1.007
0.997
0.992

2317
1.972
2238
2.027
2.139

0.934
0.920
0.940
0.928
0.931

Electricity

Avg.

0.213
0.237
0.254
0.286
0.248

0.239
0.253
0.266
0.293
0.263

0.233
0.247
0.267
0.290
0.259

0.223
0.237
0.254
0.287
0.250

0.168
0.184
0.198
0.220
0.193

0.272
0.289
0.300
0.320
0.295

96
192
336
720

Weather

Avg.

0.195
0.242
0.273
0.315
0.256

0.188
0.230
0.273
0.328
0.255

0.172
0.219
0.280
0.365
0.259

96
192
336
720

Traffic

Avg,

0.344
0.363
0.387
0.433
0.382

0.237
0.249
0.256
0.284
0.257

0.245
0.252
0.293
0.256

0.264
0.268
0.273
0.291
0.274

0.593
0.617
0.629
0.640
0.620

# Wins

43




Integrating MMVs of Time Series

DMMV - Effective Extraction of Periodic Component
(a) Input Image  (b) Input Look-Back Window
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Outline of This Section

Generating MMVs of time series
o Linguistic view and visual view

Cross-modal knowledge transfer via MMVs
o Methods using LLMs and LVMs

Integrating MMV:s of time series
o Combining multiple models or using LMMs



Multimodal Learning for Spatio-
Temporal Data



Table of Contents

« Part 1: Foundations of Spatio-Temporal (ST) Data

« Part 2: ST Data Taxonomy & Sources

« Part 3: Rationale for Multimodal ST Data Mining

« Part4: ST Multimodal Fusion Methodologies
 Part4: The LLM Revolution in ST Data Mining

« Part 5: ST Data Mining — From Observation to Action



What is Spatio-Temporal (ST) Data

« Data that integrates spatial (location), temporal (time), and event-related
information, capturing how phenomena change across both space and time.

Social Science Transportation Sports Analysis



What is Spatio-Temporal (ST) Data

 Modeling ST data is the foundation of real-world applications, creating win-win-win
solutions improving the environment, human life quality, and city operation systems.

Environment @

Modeling
ST Data

« ST data are anywhere, connecting with each other.




Why Space is Special?

« Space is not just another feature channel. It carry unique structural priors (geometric
laws) more complex than a 1D sequence.
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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, 10T Foursquare, Geo-tweets, Dianping
Spatio-temporal Spatial Static Spatio-Temporal
Static Data Temporal Dynamic Data Dynamic Data
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£ POI Distributions Spatial-temporal
Crowd Souring Data
3 | &
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@ _ N e
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2 Road/Transportation / k . / \ . j
\ Networks Road Traffic Data Trajectory Data
Bing, Google, Gaode, Gaode Maps, Traffic TAXI, DD, Uber,

Baidu Maps management Bureau China Mobile, China Telecom



Spatially and Temporally Static Data

 Points & Locations
e Lines

- Route, pipeline,

- Rivers, coast,...
« Graphs

- Road networks

- Air lines

40 km '

2011: 121,771 nodes and 162,246 segments, 19,524km

Beijing road networks 2009-2011 S o



Spatially Static and Temporally Dynamic Data

A

guai
e

-V N

PM2.5 Info Station: Lasa

PM2.5 Concentration
O 0-10 (pg/m*)
O 10-40
@ 40 - 80
@ 80-150
® 150-300

China

PM2.5 Data

Sensors in California (CA)

® Greater Los Angeles (GLA)

® Greater Bay Area (GBA)
San Diego (SD)

@® Other Sensors

Usually derived from sensors deployed in different locations.
Also can be called standard time series and spatial time series.

Sensor I1D: 601500
Traffic Flow:

s e W
Tavinrh b,

@ .
|

“,4”.\ ’
\

2015 2016 2017 2018
Coordinate: ( 36.327, -119.341)

Number of Lanes: 3

2019

> |

Highway Category: State Route 198 East

SD

Traffic Volume Data




Spatially and Temporally Dynamic Data

« Spatial and temporal values varying in time
- Moving objects

- Trajectories
Timestamp

T:pl_>p2%_>pn pi:(ai7bi7ti

’

Location (latitude & longitude)

« A spatial trajectory is a sequence derived from a moving object in geographical
spaces, formulated by a series of chronologically ordered points

Latitude, Longitude, Time i Af;=0 12 Dy
p1: Latl, Lngl, 2] L ittt (& R &
p>. Lat2, Lng?2, 1) |: ) )2 P3 )

.................. 4{5 O 0
o} i
pn: Latn, Lngn, t, A
3




Spatially and Temporally Dynamic Data

« Human mobility  Human mobility

 Travel logs

e Check-ins

« Taxis, buses, truck trajectories

« Airplanes, ferries, cruise, ...

 Credit card transactions « Animals migration

« Phone signal, Wi-Fi... . Natural phenomena




ST Raster Data

« We partition an area of interest (e.g., a metropolitan) evenly into grid cells,
leading to an image-like data format called ST raster data.

* Apixel - Aregion
« RGB — Observations / Attributes
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Data Types and Data Sources

Category Content Format Dataset Link
H ArcGIS ://developers.arcgis.com
Proportion of dataset type Bl loge/ievetes: sl con o) G MR
Satellite Image Image Google Earth https://developers.google.com/maps/documentation/
OpenStreetMap https://www.openstreetmap.org/
P P p-oTg
Baidu Maps https: un.baidu.com
s Vice Baidu Map https://1bsyun.baidu.com 1186, 124
. Geographical Data . s Image Google Street https://developers.google . com/maps/ 186, 4]
Tencent Map https://1bs.qq.com/tool/streetview/index. htul 2]
Tencent Map Service  https://1bs.qq.com/getPoint/ 309, 235
: Geographical ‘WeChat POIs https://open.weixin.qq.com 217
. Trafflc Data Data Baidu Map POIs pa://1bsyun.baidu.com 154, 172, 175, 110, 313
NYC Open POIs https://opendata.cityofnewyork.us/ 170, 20, 366, 288]
Foursquare nttps://developer. foursquare.com/docs/checkins/checkins  [20, 381, 13,42, 107,
Social Media Data POIs Point Vector Wikipedia POls httpa://www.wikipedia.org
AMap Service https://1bs.2map.com
Yelp POIs https://www.yelp.com/developers
P Dianping POIs httpa://api.dianping.con/
Demographic Data Weibo POIs https: //open. weibo. com/wiki/APT
Flickr POIs https://www.tlickr.con/services/developer/api/
per/ar
Bing Map POIs https://uwy.bingmapsportal.com
Environment Data Shenzhou UCar https://bit.ly/2MGaTxz
Chicago Transportation  httpa://data.cityofchicago.org/
VED https://github.com/gsoh/VED
. Oth ‘Taxi Shenzhen https://github.com/cbdog94/STL
ers NYC OpenTaxi Data  https://opendata. cityofnewyork.us/hou-to/ 368, 366
Traffic Spatio-temporal GeoLife http://urban-computing.com/index-893.htm 196, 398, 400, 394, 347
Trajectory Trajectory T-Drive Taxi http://urban-computing.con/index-58.htm 3
— DiDi Traffic https://outreach.didichuxing.com/research/opendata/
Total number Of papers: 177 Xiamen Taxi https://data.mendeley.com/datasets/6xg39x9vgd/1
Grab-Posisi htt; /goo.su/W3yD5m
Traffic CalifomiaPEMS ~ http://pems.dot.ca.gov
Data METR-LA bttps://uww.metro. net
. Spatio-temporal Large-ST https://github. com/1iuxu77/LargeST 182
Taffic Flow " P =
Graph MobileBJ https://github.com/FIBLAB/DeepSTN/issues/4 170, 134, 33
TaxiBJ https://goo.su/aQyjTAz 11, 226, 120, 368, 74
BikeNYC https://citibikenyc.com/ 1,226, 120)
30 ’ s OpenStreetMap https://www.openstreetmap.org
w RosdNetwork  Spatial Gmaph g gy Burcati:  Iittps: //uruw, census. gov/data.htul
- Spatio-temporal LaDe https://cainiaotechai.github.io/LaDe-website/ 105
Logistics = z &
(= 25 N Trajectory D Logistics https://corporate. jd.com/ourBusiness#jdLogistics 235
m 20, 381, 383, 352, 270, 301, 24(
a8 Twitter https: //developer. twitter . con/en/docs L
283, 285, 284, 200, 184
- Text Tt Common Crawl https://registry.opendata.aws/conmoncrawl/
O 20 Yelp Reviews https://www.yelp.con/dataset
e Weibo Traffic Police  http://open.weibo.com/developers/
o Social G taggsd YFCCI00M httpa://goo.su/jzabU
Q 15 Media Eaae & Vidés Image&Video NUS-WIDE https://goo.su/dWPQZcD
- Data & GeolIGY https://qualinet.github.io/databases/video/
"'a Jiepang User Check-in _ https://]iepang.app/
Users” Info Time Series Gowalla User Location  http://konect.cc/networks/loc-gowalla_ed
z 10 WeChat Mobility ~ https://open.weixin.qq.con/
o Crime Time Series NYC Crime https://opendata.cityofnewyork.us/ 368
o Land Use SG https://uww.ura.gov.sg/C te/PL g/Master-P1 156
L . and T Sk se S ps:// a.gov.sg/Corporate/Planning/Master-Plan 5
= 5 )em;’:r:phl(‘ Lind Ve Time Scrios Land Use NYC https://goo.su/puTuG 156
o Population Time Series WorldPop https://uww.worldpop.org/ 309,154, 10]
a TipDM China Weather ps://wew. tipdm.org/ 178
= 0 DarkSky Weather ~ https://support.apple.con/en-us/102594 349)
- WeatherNY https://opendata.cityofnewyork.us/
o e WeatherChicago ://data.cityofchicago.org/
Metcorology  Time Sefies g uher Underground iy sundergronnd, cow)
a DidiSY https://waw.didiglobal.con/
Environment WD_BJ weather //g00 . su/DmHFHA 2
Data WD_USA weather  https://goo.su/RVhBA 192
Greenery Time Series Google Earth https://earth.google.con/ 342
A S  Qaie UrbanAir https://goo.su/hfzNBS3 399, 396, 392
Alr Quality Theos Sefley KnowAir https://github. con/shuowang-ai/PH2.5-GRN 286, 346, 370, 318

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



Why Multimodal ST Data Mining

* Real-world ST data is often "broken" or "incomplete.”
* Unlock the power from multiple (sparse) data across different domains

e X i £t Q /
'...:::... ' 52 _‘ \ , J\'.‘ [lrl SI. SZ. S3 . .
o0 e ® Mg AT R :
ese PR MY 05 9 8, *S/
® : : :: "‘""':A";t_‘;,"'?‘b‘s‘i!!::‘g ;197 i f; x =
Sampl RG S Lipws N 2 0 % ©s4 <;>/
® S3 ] e X 2 t?
« Other poi AVEINC: Ty 6 8,4 67F
ther points L U e U - Ll 5 @ 53 ‘
Biased distribution Data sparsity Data missing
AT T ST 1 Participant
: . 0 A : Recruitment and
lu m (9:54) (0:29) | Task Design
1

f

u
g (7:50) 7 09 i m@ly

Bu.dget. ¥ I
| ‘: : Callegted alt
Uy f ] / Data A

| l N
l___D_ AN . Vi
1 4
J1

Time Span: 7-10am O Sensing Tasks for u, and u,

Resource deployment



Example 1 - Air Quality Inference

« Challenge: AQI stations are expensive and sparse => massive spatial data gaps.

- Solution: Fusing sparse meteorology with dense, heterogeneous data (Traffic,
POls, Mobility) to infer fine-grained air quality everywhere.

=/ (P] [t

P
\\\\ [ 4
* o
Meteorology Traffic Human Mobility POls
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: ‘ ~ep= Bl : |
Historical air quality data Real-time air quality reports | = f" % o ol S A
. - / - = -\I

U-Air: When Urban Air Quality Inference Meets Big Data, KDD 2013



Example 2 - NYC Noise Inference

« Challenge: Noise complaints are passive and lagged, no noise data for manage.

+ Solution: Aligning social media (Check-ins) and POls with road structures to
categorize and predict noise sources (e.g., Construction vs. Nightlife).

POls Road Networks

| Loud Music/Party [JJll Construction [ ] Private carting noise
[ Loud Television [Jll AC/Ventilation [JJij Others
T ¥ T T v T '

60

40
20 8

1 T T T
0 - 8

Noise Pollution Indicator

l 311 Data about noises

A) Overall noisesi :

Diagnosing New York City's Noises with Ubiquitous Data, Ubicomp 2014

Weekday:0-5am  Weekend: 7pm

T v T
16 20

Time of Day
C) Noise of different categories in Time Square

Weekday: 6am-6pm

'

B) Construction



Example 3 — Traffic Flow Prediction

constraints and vehicle transition logic.

%

. r,;,:@:;%—y
e
== &%

%’1

Trajectory transition P
t

Historical flows X

/o
Graph Propagation Tiatficdemand Dt
— — ?2,:// -
/9////// ;//1/
"-N‘\
@)
< i
. Road-wise
Temporal
Graph Propagation Traffic status St Attegtion
//// |

Road adjacency A

Traffic Flow Prediction with Vehicle Trajectories, AAAI 2021

Challenge: Traditional models treat traffic as numbers, ignoring road network

Solution: Integrating road graphs (Static) with vehicle trajectories (Dynamic) to
model how traffic physically flows across the urban network.

Predicted flows H

!

Multi-step fusion

|

t+1

(s
P,
,Qi//f

Predicted flows y



ST

Data Intelligence Framework

Service Providing
Improve urban planning, Ease Traffic Congestion, Save Energy, Reduce
Air Pollution, ...

F 3

Urban Data Analytics

Data Mining, Machine Learning, Visualization

-

Urban Data Management

Spatio-temporal index, streaming, trajectory, and graph data management,. ..

F 3

888868800

Human Air Meteorolo Social Road
Ene
mobility Traffic Quality ay Media ey Netwo k

F 3

Urban Sensing & Data Acquisition
Participatory Sensing, Crowd Sensing, Mobile Sensing

-
»

T P
|
I
|
|

Environment @
Win

I

Modeling
ST Data

Cities

People

Tackle the Big challenges
in Big cities
using Big data!

Urban Computing: concepts, methodologies, and applications.

Zheng, Y., etal. ACM transactions on Intelligent Systems and Technology.



Multimodal STDM vs Traditional MM ?

« Research Gap: In Domain vs Cross Domain Knowledge Fusion

« EXxisting research focuses on single-domain multimodal fusion, data are originally
aligned (collected for same problem), which fails in cross-domain ST scenarios.

A) A Webpage B) A robot C) Sensors for Brains

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



What is Cross-domain Data Fusion

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

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

ps T o

Al models S TasksY

b 4
N R Al Expertise |
4% 3T - *’Z: < P D Problems
= o

T Data Domain Knowledge

T T - . N g um m g

>>>>

o (Il [ I -G =1 00-001 -+ < Domane>>

Insights '
- into data — NN

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 Technology, 2025.



ST Multimodal Learning is Future

« 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

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

A) Solving digital problems using data in the digital world

Digital World Physical World . ’ .
Ry 2) Motion-sensing Game, e.g. Switch
Hos)(

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

3) Real World Problems, e.g. AQl

— Digital World PhysicaIWorlq_
) :

uttimodal - Eu W

Data F--“ale

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

Essential difference between multimodal ML

in ST compared to the common MM.

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



Principle of ST Multimodal Fusion

Spatio-temporal Modality j

Cross-domain Data

@!‘7 Geographical Data |

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

hy 9 o 8 7

Fusion

E J TrafficData |

. . l
Visual MOdahty | Trajectory; Road Network; Traffic Flow; Logistic

© < 000 . . n

8 c Social Media Data |

~+ :

= = — <

J
B 8 Geo-textual Data; Geo-tagged Photo;
satellite Image Street-view Image § a Geo-tagged Video
' ® 000
Textual Modality | Demographic Data |
S = = = |
Social Media Text:
Users’ comment : Ar ° Population; Crime Data; Land Use Data
Geo-information Text:
o O o ® () 5

v © ey . |

: | S pie .\_L LM ﬁ Environment Data |

Other Modalities | © | ® @ s P ——
Sl e e o o t N — Contrastive Masked Large Language M lopical Dats: G Datis
eura Lesirmiifi Aenanendar Model eteorological Data; Greenery Data;

Air Quality Data

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



Deep Learning-based Fusion Methods

O

Feature-based
Data Fuslcm

O

.~ Alignment-based N, Contrast-based "\ ;" Generation-based
Data Fusion Data Fusion Data Fusion

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

: 2 %o
Application | Transportation @7] | Social C#;E"—j_‘, | Public Safety and Security ‘@D
=
[y [P
| Environment ﬁ | Energy e&) Urban Planning =-’a

ﬁ.rsion Method \

Feature-based Alignment-based Contrast-based Generation-based
Data Fusion Data Fusion Data Fusion Data Fusion
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Fy Fy Data]
Graph-based Feature Encoder-based Alignment Muti-modal Contrastive

\ Fusion Learning LLM-boosted Data Fusion j
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Deep Learning for Cross-Domain Data Fusion in Urban Computing: Taxonomy, Advances, and Outlook, Information Fusion, 2024.



Deep Learning-based Fusion Methods

Feature-based
Data Fusion

6+ =0

Feature Addition/Multiplication

OOO OO

Cﬂnmt

F_'I.I"..

00000

Feature Concatenation

‘! .
‘F_ + 'k\ N %.-
/)y %E
d D%ﬂ L ;i._‘

Graph-based Feature

Fusion

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



Feature-based Fusion (Simplest!)

« Feature Addition/Multiplication « Graph-based Data Fusion

. Encode pair-wise Aggregate different Capture spatial dependency
° Fe at u re C O n Ca te n a tl O n correlations between regions observations with with graph convolution on Generate prediction
using multiple graphs Contextual Gated RNN multiple graphs
0 00 o)
o} "o e t—
_— 3900l Ml
& 0060 L ®, J e
e £ et S Neighborhood Contextual Gated RNN GCN
/] ‘-:.*1
& S o o—© o ©
JEEKENDY L, St iR RNN o
v d|ls”i"' — = i ' o o ¢ CoGnal::t;al o (o)
l e : - Contextual Gated RNN
@- 1 Func. similarity GCN
. I
Feafure Convl | Convl | | Co;w 1| i - .
extraction | "ResUnit I | [ ResUnit 1 | | ResUnit 1 | E & [0~ J ° e
\ E : E 7 E : | B | Ccnare:‘:ual U o
P & RO AP g : ! o - 2
Q';\' O ) ¢ ‘\Qﬁ ‘ : Connectivity Contextual Gated RNN GCN
| ResUnitZ | | ResUnitZ | [ ResUnitL ||
FCs = = = = |
l (("I“"" ] _Conv2 | | CO?V" ] E Spatiotemporal multi-graph convolution network for ride-hailing demand forecasting, AAAI 2019
v :
Xopas [ Fusion | . :
D, & Ext s ( Xt Xt :
»@—>» Tanh >  Loss -

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



Deep Learning-based Fusion Methods

Alignment-based

Data Fusion
Fo /it Ffish
Transformer
blocks

F
Pl

Transformer ﬂ
T 1

Fy Fy
Encoder-based Alignment

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



Alignment-based Fusion

* Attention-based
 Encoder-based

Modality A Modality B
1 Ouery [
Cross attention
0 €Y
P <
| P X L\ _
Softmax \ SN A o
./ dk alue
_ Task I
(a) cross-attention i Task2
(b) unified encoder Task 3

Multi-modal Representation

Unified Encoder

A tokenizer | ‘ -

Modality A

' B tokenizer

Modality B



Alignment-based Fusion

 Attention-based
« Based on Cross-Attention mechanism
* Query and Keys (Values) are from different modalities

Multi-view region
correlations

Joint learning

Human Mobility ~7< module
oY —

|
. ]
‘:\.
—» -
. [
GAT _, Learning
Layers - Objectives
Region Attributes S
L ]
27 N =
£ WA .
L]
L
L]

Multi-view joint graph representation learning for urban region embedding, IJCAI 2021



Alignment-based Fusion

Encoder-based
Token-level concatenation
Unified representations across modalities
Usually based on Self-Attention mechanism

N N S S
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UrbanGPT: Spatio-Temporal Large Language Models, KDD 2024



Deep Learning-based Fusion Methods

Contrast-based
Data Fusion

00000

00000

ﬂt’:nntmstr’ue RAotrix

Symmetric
Cross Entropy

S

Contrastive Loss

Muti-modal Contrastive
Learning

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



Contrast-based Fusion

_Model Input Data__ (a) Mixture-of-Experts (MOE) Graph Architecture (c) Spatially-Aware
|Aggregated -Leve Modalities ]: Multimodal Fusion
: [_Urban Regions (W) |1 | }-{Gu N —| Boundary Expert GNN || [ | : .
i | | L/ _‘| 5OT Exoert GNN |_. Attention Mechanism
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| |
| |
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|
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: | Road Element (RE) | : \ Gre "| Road Expert GNN |"‘ Wspage RN*7
| | ~
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|
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L _ Point-Level Modality (b) Dual-Level Graph Neural Network ¢
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(d) Joint Contrastive Learning (L5107 = Lagg + Lsv + £f) Prediction

A Modality-Tailored Graph Modeling Framework for Urban Region Representation via Contrastive Leaming. arxiv 2025



Deep Learning-based Fusion Methods

Generation-based
Data Fusion

JMASET
Fe |

OOO OO

Crocs-modality Cross-modality
Encoder Enooder

IL Reconstruction 1|

@00 OO0

Mask Modeling
Generative Learning

[Texd] {Image]
[Spatio-
temporal
Dataf

Etc.

LLM-boosted Data Fusion

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



Generation-based Data Fusion

« Autoregression-based fusion

« Masked modeling-based fusion

* Diffusion-based fusion

External Factor Fusion

/ POIs & Sensor Networks

Embed
Embed

Embed

Multi-level Attention Network
Decoder :

e
--------
______________
-

Encoder
-~
Spatial Attn Spatial Attn [ E E
! RSBSNE..hS——
- _ . : | Sensor Geo-sensory | |
Time Mﬁtﬁorologyl | POIs ; | Networks ‘ Time series | i Model Inpur

GeoMAN: Multi-Level Attention Networks for Geo-Sensory Time
Series Prediction. IJCAI 2018

DiffSTG

__________________________________________

- . )
Forward Diffusion Process

I
I
I
I
I
I
I
I
I
-

I
I
I
I
I
I
I
I
I
I
J

ising Diffusion Process

ct 1
condition: (x*

NG

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

® Geolocation !

GCL Loss MGM Loss
(106.458,29.563) sk (Geo Input) (Geo Input)
o
l e |+ 0 L——" | | T
d MASK
Qeogmphic Objects i -
~top |
; § . . .
| '
A N I S ra =
i b 1
glert L_ | = ti‘i grione| 3 :
Py 1 i
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T 0; |
! Relation: COVERED /1) \L’i
i OSMID: 3119 ] Word Embeddings
i - o Geographic
H Shape: POLYGON. Aot
i ,,»': : Encoder

5[n‘mtmm

Single-Modal MLM Loss
(Text Input)

Multi-Modal Interaction

Multi-Modal MLM Loss
(Text & Geo Input)

Multi-Modal MGM Loss
(Text & Geo Input)

Feed-Forward

—

™ Add & Norm

Multi-Head Attention

X Multi-Layer

—— :

‘ Geolocation [

MGeo: Multi-Modal Geographic Language Model Pre-Training. SIGIR 2023



LLMs Open New Opportunities

 LLMs are good at processing multi-modal data
 Multi-modal data understanding £ 3

* e.g., vision, texts, time series

Where is this?

° M u | t| _fo rm at d ata pa rs | n g Who is in <box>(750,0),(999,999)</box> in the picture

This is the Lujiazui Financial District in
W Shanghai, where you can see famous
. . Itis Bill Gates,'one of the 6 buildings such as the Oriental Pearl TV v
° ta b u Ia r JS on. im ag es founders of Microsoft. Tower and the Shanghai World Financial
) ) Center in the photo.
Describe his outfit

« Example: Qwen-VL
* Tool calling capability (LLM Agents)

It is Bill Gates himself. He is wearing a black ; : )
sweater and looks quite casual. \/ Find the Orletital Pearl énd the'Shanghan
World Financial Center in the picture

‘Shanghai :

(rmemssemee~- . Tool Results

i World
Financial Center
Tool Use v {V;
—— Web Search Interpreter L
e



LLMs for ST

* Qur standpoint is that LLMs can serve as the central hub for understanding
and advancing urban data fusion in two principal ways:

 LLM-as-Encoders: utilizing their extensive internal knowledge and multi-
modal understanding abilities to process multi-modal data

 LLM-as-Agents: transcending conventional roles to actively engage in and
transform spatio-temporal data mining

* Tool-use agents

* Multi-modal foundation agents




LLM as Encoders

* Time-LLM: A pioneering work on LLM + Spatio-Temporal Data

____________ ) A :

E_A Forecasts i S i _.[ Output Er‘;lbeddmgs ] i
I I e Add & Layer Norm

: AVJ\J\ | @[ /. Output Projection ] i 3 :
: T : L ,N I [ Feed Forward ] :
: [ Flatten & LinearJ : . | | | | | | | | | : 1 :
! 1~ : T 1 yd i —~[ Add & Layer Norm ] :
: Output Patch | | A :
|  Embeddings | * Pre-trained LLM : [ Multi-Head } |
Fommm e - (Body) ! Attention |
I | !
Tl . : Input Embeddings :
————————————— I I"----------------------- --------------—--------‘: e D
ouputtoken AL [ | L)

Embeddings R 15 -—-——-----—-——----——-—---’11 ---------- . T A Reprogrammed

4 - Patch Embeddings

’ |

|

| | - _
|

i [Token EmbedderJ !  Pre-trained LLM [A Patch Reprogram J

| S : (Embedder) )

| !

I |

| |

I |

' :

Tokenization T@ Pu’rclhmg ®
0 | Instance Norm J
Inpuf Text ) ### Domain:
_____________ 3 ### Instruction: <task information=

#8# Input statistics: Y . ____________:
<time series statistic 1 ' !
: i 1

time series statistic 2> =«» ' i

i 1
%ﬁ Frozen A Training :D: Prompt Embeddings il:': Patch Embeddings —> Forward — Backward

Time Series Pre-trained
Patches  Word Embeddings

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



LLM as Encoders

Mobility-LLM: A pioneering work LLM + Trajectory Data

User Link {j

T

Location Prediction -§n+1

Time »
Prediction "1

(e) Tasks

r 3 I 3

ai_2

®i—1
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I 1 ¥ 1
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[ Transformer Block LoRA ()’\
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Mobility-LLM: Learning Visiting Intentions and Travel Preferences from Human Mobility Data with Large Language Models. NeurlPS 2024




LLM as Agents — Traffic Signal Control

By systematically calling various tools to integrate multi-source and multi-modal
urban data, specific urban computing tasks can be accomplished.

a 3 4 N

@ Task Description Decision Unit Eﬁﬂ Toolkit for TSC

" v \

As an Al managing a traffic signal at a busy

intersection, please use the appropriate tools L. Task 4[ Perception Tools ]7
Planning

to control the lights and reduce traffic * Get_Intersection_Layout .
congestion. = — } Static

! | = Get _Signal Phase Structure
IV. Data Analysis | * Get_Occupancy
Dynamic

2 1|+ Get Length
@ Environment . Gzt Sﬁfs? nacngt

A

N 1|1
A | | [
IL. Tool Selection
111 l
lQ |
% -:':- = *  Get_Available Actlons
e = ) - - 2 . | * Get Auxiliary_Decision Support
amled LV.Data Analysis | . Evaluate Action_Feasibility

» Justify Decision Logic }Eva]uation

|

| 1 [ V. Implementation 453

1 |al and Explanation 4| " |7
Decision Tools

| sl \_ J

T {III. Tool Interaction with the ENV} T

LLM-assisted light: Leveraging large language model capabilities for human-mimetic traffic signal control in complex urban environments. arxiv 2024



LLM as Agents — Reimaging Urban Data Science

[What if we created a team of agents to simulate an urban research lab? ]

\.
Bt < -
! L/

Urban Scientist Data Scientist
o 8
g />
—

Reader Data Engineer Experimenter

o

B

Validator

Reimagining Urban Science: Scaling Causal Inference with Large Language Models. arXiv 2025



LLM as Agents — Reimaging Urban Data Science

Hypothesis Generation Dataset Preparation

. Help Report Writing )
: Use findings to inform urban policy :
i and planning decisions. :

"

—————————————————————— ! Image
[ Validate Hypothesis & Define | ! g
| Data Needs ! :
| Adjust hypothesis based on policy ; :
'\ needs, define data requirements 1 Text "89 just to drive
7 into the city? What
1 about working-
: class folks?"
1
1
st @
1
- - 1
Urban Scientist
""""""""" Hypothesis

=

Announcement (Source: MTA)

NYC congestion pricing

Tweets from local rransit
activists
A paper on Stockholm's
congestion pricing (Bdrjesson
etal, 2012) N

A
I
1
I
I
1
1
1
I
I
1
I

Hypothesis: ”“In NYC, congestion pricing reduces average |
commute times less significantly in low-income :
neighborhoods than in higher-income areas.” ]
i
]

Required Data: Subway/bus logs, taxi trips, street view
images, social media posts, and census income data.

= e e o o

p—

£

]
]
- Spatial and Temporal Alignment :  — Y 3
. | T I’f
- Feature Extraction 1 E [ J
Structured Urban Data =3, :
COSTITETTE = Valid
Requiring Additional Data {

Requiring New Research Question

l

VLM

Sidewalk quality

Bike lane presence ?

Sentiment score

Geo-Location

Table

Preprocess

- Data Cleaning
- Missing Data Imputation

Validity?

Exp
Initial ~ desi
regression
insights

A

' Code Generation & Execution

Data Engineer Experimenter

Validity v/

qtor

Method: DiD with fixed effects, SCM as sensitivity
check
Confounders: weather, route closure, service delay
Assumption checks: Parallel trend

- Exploratory Regression
- Parallel trend, DiD & SCM
- Subgroup ATT by income quantile

{
|
Robustness v |
|
|
i
|
|

Results Interpretation

1
i
Synthesizes insights, interprets results, and :
summarizes methods. ]

Data Scientist

L ————

Bar Chart

- e

-—— e = = = e

Title: Impact of Congestion
Pricing on Low-Income
Commuters in NYC
Abstract: This study
examines how NYC's
congestion pricing policy
influences commute times
in low-income
neighborhoods, using a
difference-in-differences
framework with
neighborhood-level data.
Key confounders are
controlled, and sensitivity
checks via SCM are
performed.

Results:

Commute times dropped
by 6.xx% citywide, but only
2.xx% in the lowest
income quartile, indicating
unequal policy benefits.

Palicy
Narrative v

@.

Reimagining Urban Science: Scaling Causal Inference with Large Language Models. arXiv 2025



Multimodal Foundation Agents

« OmniGeo: Unifies diverse geospatial tasks (e.g. health geography forecasting,
remote sensing scene classification, urban perception, and geospatial semantic
understanding) by seamlessly integrating textual and visual inputs.

~N

Query: <image>The image is a satellite
view of the state of New York, located
in the northeastern region of the United
States. ... The overall color scheme of
the image is dominated by shades of
green, representing the state's extensive
forests and agricultural lands.

At New York, From 1999 to 2019, the
numbers of deaths from Alzheimer's
disease are 2602 in 1999, 3028 in 2000,
..., 12675 in 2019.

Please forecast the number in 2020 at
New York?

Answer:13736

Remote Sensing
RS Image Scene
Classification

Query: <image>There are at least 10
airplanes visible in the scene, some
closer to the camera and others further
away. The planes are arranged in a
grid-like pattern, with some positioned
closer to the left side of the image

and others closer to the right side.
There are 30 aerial scene types: airport,
bare land, baseball field, ..., storage
tanks and viaduct.

What is the scene type of this image?
Answer:Airport

Urban Geography
Urban Region
Function Classification

Query: This satellite image depicts a city
functional area with a mix of commercial and
recreational spaces. The image shows a
large, ... The overall layout suggests a well-
planned urban area with a balance between
commercial and recreational spaces.

In this urban region, there are 41 points of
interest, including 4 Shopping Services, 30
Company, 6 Food and Beverage, 1 Lifestyle
Services.

What is the primary land use category of this
urban region?

Answer:Commercial office space

[ Ceoe ol cenanhice ]
Toponym Recognition

ry: Alabama State Troopers say a
6Greenville man has died of his injuries after
being hit by a pickup truck on Interstate 65
in Lowndes County .

Which words in this paragraph represent
named places?
Answer:Alabama; Greenville; Lowndes

Urban Perception
Noise Beautiful Boring Depressing
Lively

Noise Beautiful Boring Depressing
Lively

’ ‘ Urban Perception

|

Urban Perception
Noise Beautiful Boring Depressing
Lively

[ Geospatial Semantics
Location Description Recognition

Query: <image>There are several trees
scattered throughout the scene, providing shade
and creating a peaceful atmosphere. In the
foreground, there is a boat parked near the
water's edge, likely used for fishing or leisure
activities....there are several benches placed
around the park, providing seating options for
visitors to rest and take in the scenery.

The noise intensity score is defined as 0.00 to

1.00, with 0.00 to 0.25 being Very Quiet, 0.25 to

0.50 being Quiet, 0.50 to 0.75 being Noisy and
0.75 to 1.00 being Very Noisy.

What level of noise intensity does this image
belong to?

Answer:Very Quiet

Query: <image>This image depicts a charming

streetscape with a cobblestone street lined with
colorful buildings. The scene is vibrant and lively,
with several people walking and sitting at outdoor

cafes....Overall, the image conveys a sense of energy
and vibrancy, making it a beautiful representation of

a bustling city street.
Rating rule: The rating range is 0.00 to 10.00
points, (0.00, 2.50) is 'Very Ugly',(2.50, 5.00) is

‘Ugly', (5.00, 7.50) is 'Beautiful’, (7.50, 10.00) is

‘Very Beautiful'.

What is the 'Beautiful’ level of this Street View
image?

Answer:Beautiful

Query: <image>This image depicts a charming
streetscape with a mix of historical and modern
elements. The street is lined with stone buildings
that exhibit classic architectural styles, featuring
arched windows and doors. The cobblestone pavement
adds to the old-world charm of the area. On the
left side, The overall atmosphere seems calm and
serene, with a sense of history and

tradition. \nRating rule: The rating range is 0.00 to
10.00 points, (0.00, 2.50) is 'Very Stagnant',
(2.50, 5.00) is 'Stagnant’, (5.00, 7.50) is ‘Lively',
(7.50, 10.00) is 'Very Lively'.

What is the ‘Lively' level of this Street View image?
Answer: Very Lively

Query: Papa stranded in home . Water
rising above waist . HELP 8111 Woodlyn Rd,
77028 # houstonflood

Which words in this paragraph represent
location descriptions?

Answer:8111 Woodlyn Rd , 77028

Urban Geography-Urban Region Function Classification ]

What is the primary land use category of this
urban region?

The primary land use category of this urban é
region is Education and scientific research
land.

Please forecast the number in 2020 at
Flathead County, MT?

The death toll in Flathead Country, MT in é
2020 is 137. '
OmniGeo
Remote Sensing-Remote Sensing Image Scene
Classification

-

@&

What is the scene type of this image?
User

A
The aerial scene type of this image is Beach. ﬂ
OmniGeo

[ Urban Perception-Noise Beautiful Boring Depressing Lively ]

Prediction

4 4H ” What level of noise intensity

byl does this image belong to? ~
7Y

The noise intensity level
am | is Noisy.

OmniGeo

[ Geospatialls

Location Description Recognition |

houstonflood HurricaneHarvey need rescue at 21719 6rand
Hollow Lane, Katy, TX 77450. Please hel

User

%

The location descriptions in this pargraph are:21719 Grand o

Hollow Lane, Katy, TX 77450. F' §
S Omeeoy

OmniGeo: Towards a Multimodal Large Language Models for Geospatial Artificial Intelligence. arXiv 2025



Multimodal Foundation Agents

« AlphabDrive: Vehicle speed / orientation / task information / images => MLLMs
=> GRPO => stable multimodal inference in autonomous driving scenarios.

& User Ground Truth Action: accelerate, left_turn ' . Two-stage Training Paradigm

Your current speed is 2m/s, the navigation command is ‘go straight’.
What is your driving plan for the next three seconds? Output the N
planning reasoning process in <think> </think> and final planning i

| chose to slow down
because there is a
construction area on

answer in <answer> </answer> tags, respectively. B l both sides, and two
i — workers are on the
% Large |:> roadside to my right.
m : Answerl: <think> | decide to move slowly because the light is green and the people are : Models . E—
| AlphaDrive  apout to cross the road </think> <answer> keep, straight </answer>. Reasoning Distillation
I = Answer2: <think> The light is green, so | will start through the intersection and keep to . . Stage 1 Supervised Fine-tuning Warm-Up
num_answers = 2 the left to avoid pedestrians. </think> <answer> accelerate, left_turn </answer> 2

- ; ; . ; | see thereis a m‘)
. Planning-oriented Reinforcement Learning based on GRPO | Dedestrianwatting

to cross the road,

§ Reward for Answerl: 0 Reward for Answerl: 0.8 Reward for Answerl: 1 Reward for Answerl: 1 P and the light is red, so |
' Reward for Answer2: 1 Reward for Answer2: 1 Reward for Answer2: 1 Reward for Answer2: 1 ' | V] bould st d ;

| GT:sTOP . should stop and wait.

| Planning Accuracy Action-weighted Planning Diversity Planning Format ’

; Stage 2 Reinforcement Learning Exploration

OmniGeo: Towards a Multimodal Large Language Models for Geospatial Artificial Intelligence. arXiv 2025



Earth Al — From Prediction to Decision

The Old Paradigm: Siloed Prediction

Siloed Data: Imagery,
demographics, and
weather exist in isolation.

Single-Task Models:
Focus on raw value
prediction (e.g., ‘Classify
this pixel’).

High Friction: Requires
manual cross-referencing
and deep domain
expertise.

The Earth Al Paradigm: Holistic Decision

\

; / / \"\

dls

‘\

&

X
I

i

“The goal is no longer just observing the Earth, but

Earth Al: Unlocking Geospatial Insights with Foundation Models and Cross-Modal Reasoning, 2025.

reasoning about it to solve complex real-world problems.”

Multi-Modal Foundations:
Interoperable models for
Imagery, Population, and
Environment.

Synergistic Inference:
Combined modalities
yield superior accuracy.

Agentic Reasoning:
Answers “What should we
do?” using Gemini-
powered agents.



Agents Pipeline

Geospatial Data & Tools Models
Inter Tight Medium Inter Tight Bold
4 N
Digital Elevation Maps Imagery: !
\/ Remote Sensing Foundations + AlphaEarth:
Satellite Imagery “ //' ., |
\“0' Geospatial
Radar %#,\\ Populatien] | Reasoning Agent
)‘Q( Population Dynamics Foundations + Mobility#a Powered by Gemini
Busyness *”‘/ . Inter Regular
{ emini
P Gere
Search Trends 4' \
/\ Environment: 1
Weather F ting + Floods + Experimental Cyclo
Weather & Air Quality o e - & b
N Y,

Earth Al: Unlocking Geospatial Insights with Foundation Models and Cross-Modal Reasoning, 2025.



Geospatial Reasoning Agent

"

Analytical
Queries

Standard models excel at
retrieval (‘What is the

temperature?’).

They struggle with
inferential logic: ‘Where
should we send aid based
on flood risk *and* elderly
population?’

N

v,

Data

‘_.-‘——’

Model training

Reflect &

recover

-

Gemini-Powered
Reasoning

Acts as an intelligent
intermediary.

Deconstructs natural
language queries into
sub-tasks.

Selects the right ‘Expert’
tool (Imagery,
Population, Weather).

Synthesizes outputs into
actionable answers.

W

/

Earth Al: Unlocking Geospatial Insights with Foundation Models and Cross-Modal Reasoning, 2025.



Model Combination Improves Performance

Integrating diverse viewpoints yields higher accuracy than single-modality analysis.

Wind Speed Legend

M Tropical Depression

B Tropical Storm
Category 1

 Category 2

B Category 3

M Category 4

M Category 5

Key Metrics

.~ FEMA Risk Scores: Combining
*Population Dynamics + AlphaEarth*
(Imagery) = 11% increase in R2.

- e e e
o "\QQ Public Health: Combined embeddings

improved prediction of CDC health
stats (e.g., diabetes) by 7-43%.

e ]

- @ Cyclone Damage: Predicting wind
damage to buildings with 97%
accuracy (Hurricane lan case study).

Earth Al: Unlocking Geospatial Insights with Foundation Models and Cross-Modal Reasoning, 2025.



Case Study: Cholera Forecasting

Proactive healthcare through environmental integration.

Methodology Results

® Challenge: Endemic cholera requires proactive Forecast Error Reduction (%)
resource allocation.

. . : > Baseline
¢ |Input: Historical Case Counts + Population Dynamics Forecast
s o) + Pl . (o) "
(Socio-economic) + Weather Forecasts (Precipitation). Error b>— =59  Regional Error

- Y ;.
A 040 lgg:g;:slt - -32.7% National Error
Historical Population Weather Error «# /0 (with Weather)
Case Counts Dynamics Forecasts

(Socio-economic)  (Precipitation)

Augmenting time-series models with weather and

Q>|/\' Model population data significantly reduces forecast error,
' @ TimesFM (Time-series Foundation MOdel) enab“ng better preparation.

Earth Al: Unlocking Geospatial Insights with Foundation Models and Cross-Modal Reasoning, 2025.



Alkoraria

Geospatial Reasoning @

User: Identify counties in Florida with
~ population >20k predicted to face hurricane-
force winds.

Agent Thinking
1. Fetch Forecast: Query Cyclone model for
wind speed polygons.

2. Fetch Data: Query Data Commons for FL
county populations.

3. Spatial Join: Intersect wind polygons with
county geometries.

4. Filter: Keep counties where pop > 20,000.

k> Result: Here are the actionable targets... NS

Earth Al: Unlocking Geospatial Insights with Foundation Models and Cross-Modal Reasoning, 2025.



Case Study: Flood Risk & Social Vulnerability

Query: Find zip codes in Matanuska-Susitna Borough with high flood risk and high percentage of
vulnerable populations (age > 60).

Decision Support: i -
A * 1. Flood Expert identifies
Priority List ‘l ‘. ( mundation.p
|

R

g

Population Model: 0% 2.Demo
. graphics Expert
MR B Tl o ” C@ retrieves age distribution.

Flood Model: ( s 3 A
: - | L C"“c . Agent cross-references
Inundation Zones " O-) to prioritize evacuation.

~

Earth Al: Unlocking Geospatial Insights with Foundation Models and Cross-Modal Reasoning, 2025.



Future Research

From Observation to Action

Earth Al bridges the physical, human, and environmental worlds.

By combining the ‘Eyes’ of Foundation Models with the ‘Brain’ of Agentic
Reasoning, we unlock the ability to answer the most critical question of all:

What should we do next?

O—>

Earth Al: Unlocking Geospatial Insights with Foundation Models and Cross-Modal Reasoning, 2025.



Summary

* Integration into the Physical World

Cross-domain ST multimodal fusion acts as a critical link to the physical world. It
goes beyond simple data combination, enabling in-depth understanding of
complex real-world dynamics.

 Revolution by Foundation Models
FMs became core cognitive engine for ST learning, drive the entire STDM
workflow—ifrom autonomous hypothesis generation and reasoning to complex
data engineering.

 From Prediction to Decision
The paradigm of ST computing is shifting from passive numerical analysis to
active decision intelligence, to generate actionable insights for guiding urban
operations and policy-making.



Multi-modal Time Series
Application and Datasets



Multi-modal Time Series Applications

= Healthcare  Covers real-world use cases of multi-
modal time series

Finance

Domains: Healthcare, Finance,

Retail Retail, lofl, Traffic, Environment,
Speech

Standard Time |
Series

loT

* Types: Standard Time Series vs
Spatial Time Series

Applications

Transportation . rs :
B and Flz/lobility Task types: prediction, classification,

generation...

%
2
| .
0,
0
o
E
|_
©
©
O
3
o
=
>

Spatial Time
Series m ENvironment




ealthcare - EHR

o Electronic Health Records (EHR)

Monitoring
Pleth

Sp02 and Puke

N

Silence Alarm

15Min

6%
Sp02 %

Pulse BPM

01/05/2012 08:36:51

97r°c
80r

Lungs remain well inflated yithout
evidence of focal airspace consolidation,
leural effusions, puimenary

00 findings. N0 pneumonia. no pleural
fHusion. s little chan

and no evidence of acute

cardiopulmonary diesse. no

pleural effusion,of incidental note is an

azygos fissure, of no chinical significance
this raises possibility of a

normal variant.



Healthcare - EHR

* In-hospital Mortality Prediction

o Predicting patient death during hospital stay

« Readmission Risk Prediction

o Forecasting the likelihood of patient re-hospitalization within 30 days

» Clinical Event Forecasting

EHR PATIENT  MORTALITY
DATA DATA PREDICTION



Healthcare - EHR Datasets
MIMIC-III & MIMIC-IV: A freely accessible electronic health record dataset

TS: Dynamic, timestamped bl (g |
physiological or treatment data Note Hospital Icu
such as heart rate and blood radiology reports, —»{ demographics, |<—| IV medications,

discharge lab tests, observations,
pressure summaries medications treatments

\ | i

Text: Unstructured free-text
clinical narratives

Diagnostic Emergency Chest
Table: Static or |ow-frequency Electrocardiogram Department X-ray
structured data such as Patient 10 seconds, vital signs, - DICOM images
demographics and medication 12-lead triage, diagnosis and annotations

prescription

MIMIC-IV follows a modular structure. Modules can be linked by
identifiers including subject_id, hadm_id, and deidentified date
and time.




Healthcare - EHR Datasets

Hospital admissions | ICU admissions
Number of stays 431,231 73,181
Unique patients 180,733 50,920
Age, mean (SD) 58.8 (19.2) 64.7 (16.9)
Female Administrative Gender, n (%) | 224,990 (52.2) 32,363 (44.2)
Insurance, n (%)
Medicaid 41,330 (9.6) 5,528 (7.6)
Medicare 160,560 (37.2) 33,091 (45.2)
Other 229,341 (53.2) 34,562 (47.2)
Hospital length of stay, mean (SD) 4.5 (6.6) 11.0 (13.3)
In-hospital mortality, n (%) 8,974 (2.1) 8,519 (11.6)
One year mortality, n (%) 106,218 (24.6) 28,274 (38.6)

Table 1. Demographics for patients admitted to an intensive care unit (ICU) in MIMIC-IV v2.2.




Healthcare - EHR Modeling

o Concatenation

— v

Note 1

== L Fine-tuned BCB J = embedding

Note 2

-, = | Fine-tuned BCB | = embedding

mean ]”‘

Text
embedding

Note N
embedding

Patient — = | Fine-tuned BCB | =

Time-series data

—

\/\-/\/\/

LSTM [

Concat ]'

=

Time-Series
embedding

Deznabi et al."Predicting in-hospital mortality by combining
clinical notes with time-series data”, ACL Findings 2021

Leverage multi-modality data lab values and clinical reports

Final
Prediction



Healthcare - EHR Modeling

- Leverage multi-modality data lab values and clinical reports

o Attention ; : :
i E H iFusion
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Yang et al. "How to leverage multimodal EHR data for better
medical predictions”, EMNLP 2021



Healthcare - ECG/EEG
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Healthcare - ECG/EEG

- EEG data application: To-text decoding and sentiment analysis

> Positive
. ploentiment| | == Neutral
Eye-Tracking fixations " Classifier = veutra
| love this . N ~" Negative
. oo love this movie
movie_ .} ,. . EEG-based sentiment classification
’ ._-,‘ RS : \\ I ---- - -_-_-__._-_-_ - _-__-__-_=-_=_=__—_=__——-_—-_==
O Aviuteieis elsiuiuiuiuinuiieuiiinieinie O SPEEEEED > | —a
—love able
SO — —this baby
Natural reading  Word-level EEG features Seq-lo-Seq| | <
Model __<F0s>| Yyouth
. zone
\_Z00

Open vocabulary EEG-To-Text decoding

Wang et al. "Open Vocabulary Electroencephalography-To-Text Decoding
and Zero-shot Sentiment Classification", AAAI 2022



Healthcare - ECG/EEG

Text decodina

Ground Truth: He is a prominent member of the Bush family, the younger brother of President George W. Bush...

@ Model Output: was a former member of the American family, and son brother of President George W. Bush...
Ground Truth: Raymond Arrieta (born March 26, 1965 in San Juan, Puerto Rico) is considered by many to be one of
(2) | Puerto Rico’s greatest comedians.
Model Output: mond wasaga,19 in 17, 18) New Francisco, Puerto Rico) is a one many to be the of the Rico’s greatest
poets.
3) Ground Truth: He was first appointed to fill the Senate seat of Ernest Lundeen who had died in office.
Model Output: was a elected to the the position seat in the Hemy in died died in 18 in
@) Ground Truth: Adolf Otto Reinhold Windaus (December 25, 1876 - June 9, 1959) was a significant German chemist.
Model Output: rian Hitler,hardt,eren18 18, 1885 — January 3, 18) was a German figure- and
(5) Ground Truth: It’s not a particularly good film, but neither is it a monsterous one.

Model Output: was a a bad good story, but it is it bad bad. one.

Wang et al. "Open Vocabulary Electroencephalography-To-Text Decoding
and Zero-shot Sentiment Classification", AAAI 2022



Healthcare - ECG/EEG Datasets

ZuCo (Zurich Cognitive Language Processing Corpus) benchmark on cross-subject
reading task classification with EEG and eye-tracking data

TABLE 1 Descriptive statistics of reading materials (SD, standard
deviation), including Flesch readibility scores.

TS:
o EEG NR TSR
o Eye-tracking Sentences 349 390
Sent. length Mean (SD), range | Mean (SD), range
Text: Reading materials 196 (8.8),5-53 | 213(9.5),5-53
Total words 6,828 8,310
* 16 Participants, 10 female, 6 male .. . 21 ) 437
. Word length Mean (SD), range | Mean (SD), range
« 2 Task: Normal Reading & Task
g . 4.9 (2.7),1-29 49 (2.7),1-21
Specific Reading
Flesch score 55.38 50.76




Healthcare - ECG/EEG Datasets
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FIGURE 3

Visualization of eye-tracking and EEG data for a single sentence. (A) Prototypical sentence fixation data. Red crosses indicate fixations; boxes
around the words indicate the wordbounds. (B) Fixation data plotted over time. (C) Raw EEG data during a single sentence. (D) Same data as in
(C) after preprocessing.



Healthcare - Audio data

‘Incorporating with audio data for respiratory health screen

Could you assist me in evaluating potential
respiratory diseases [ might have?

Sure. To get a better understanding, could ) sl ¢
you provide more information? el

[ am a 35-year-old man with no significant past
medical history. I am experiencing respiratory
symptoms including tightness in the chest and
a persistent cough.

This is the recording of my cough sounds.
*———*mrf -—v7i~———————%——
Based on your symptoms and the sound of 200
your cough, you may be exhibiting signs of S
Chronic Obstructive Pulmonary Disease ®)

(COPD). A further clinical assessment is
recommended.



Healthcare - Audio data

Task Text Audio Answer

S1 (Training) Task prompt: Dataset description: This data comes from the UK COVID-19 Vocal Audio Dataset.
Task description: classify whether the participant has COVID-19 given the following information
and audio of the person's exhalation sounds. Please output 1 for COVID19, and 0 for non-
COVID19. ‘*
DMS text: Gender: Female. Age: 45-64. Patient presents with the following medical history
conditions: asthma. Patient presents with the following respiratory symptoms: cough, fatigue,
headache.

S6 (Training) Task prompt: Dataset description: This data comes from the COVID-19 Sounds dataset. Task
description: classify whether the person is a smoker or not given the following information and |
audio of the person's cough sounds. Please output 1 for smoker, and 0 for non-smoker. = - 0
DMS text: Gender: Female. Age: 50-59. Patient presents with no medical history conditions.
Patient presents with no obvious respiratory symptoms.

S7 (Training) Task prompt: Dataset description: This data comes from the ICBHI Respiratory Sound Database
Dataset. Task description: classify whether the person has Chronic obstructive pulmonary l L |
disease (COPD) given the following information and audio of the person's lung sounds. Please M m ‘l TQ'“ Wﬂ\f W fp“{ 1
output 1 for COPD, and 0 for healthy. '
DMS text: Gender: M. Age: 65. Record location: right posterior chest.

T4 (Testing) Task prompt: This data comes from the Coswara Covid-19 dataset. Task description: classify
whether the participant has COVID-19 given the following information and audio of the person's
breathing-deep sounds. Please output 1 for COVID19, and 0 for non-COVID19. —ﬂ—}—*—F 0
DMS text: Gender: male. Age: 35. Patient presents with the following respiratory symptoms:
cold.

T6 (Testing) Task prompt: Dataset description: This data comes from the KAUH lung sound dataset,
containing lung sounds recorded from the chest wall using an electronic stethoscope. Task "
descrlptlon classify whether the person has asthma given the following information and audio of mﬁr'ﬁ' HIH#W + 1
the person's lung sounds. Please output 1 for asthma, and 0 for healthy.
DMS text: Gender: F. Record location: posterior right upper.

Zhang et al. RespLLM: Unifying Audio and Text with Multimodal LLMs for
Generalized Respiratory Health Prediction, 2024



Healthcare - Audio data

« Methods for respiratory health prediction

d. Status 1 / Status2 b. Yes / No

i\ i

FC
A LLM LoRA
/ Audlo \ / DMS \ T T Audio
Encoder Encoder Embedding Encoder
i IIIIII' - T T T e ||||||- -

audio DMS task prompt DMS audio

(a) Concatenation-based fusion method. (b) LLM-based fusion method.



Finance

« Data Modalities: Stock prices, news, social media, company profiles

 Tasks: Stock return prediction, stock movement classification

Input Output
1/1 161 10,375 @
21 191 203219 | >
Regression:
Prices Price values
Technical indicators Classification:
Sentiments Trend (Up/Down)
Other information Buy/Hold/Sell

\_ - ) \_ -/




Finance - TS&Text Dataset

 FNSPID: A Comprehensive Financial News Dataset in Time Series

TS: Stock prices
Text: Financial news
« 29.7 million stock prices

* 15.7 million time-aligned financial
news records

« 4,775 S&P500 companies, covering
the period from 1999 to 2023
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Figure 1: Data Collection Process from website selection in the first
level box; data segmentation in second level boxes; data collection
for web scraping on left and numerical data collection on right; data
organization on fourth level boxes and final FNSPID build-up on the
last level box.



Finance - TS&Text Dataset

Date Open | High | Low | Close | Adj. | Volume

2023-12-28 00:00:00 | 194.14| 194.66| 193.17| 193.58 | 193.58 | 34014500
2023-12-27 00:00:00 | 192.49| 193.50| 191.09| 193.15| 193.15| 48087700
2023-12-26 00:00:00 | 193.61| 193.89| 192.83| 193.05| 193.05| 28919300

Table 2: Stock Numerical Data: ’Open’ represents the opening stock

price, ’High’ indicates the highest price within the day, 'Low’ signifies
the lowest price within the day, ’Adj Close’ represents the close price
adjusted for dividends, and ’Volume’ denotes the number of shares

traded.

1e5

Count

3.49%

1 2

37.08%

23.03%

Sentiment Score

25.74%

3

4

10.66%

5

Figure 4: Sentiment Distribution: 1 is negative, 2 is somewhat nega-
tive, 3 is neutral, 4 is somewhat positive, 5 is positive
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Figure 5: Statistical Overview: In A, we provide information on news
articles that include the stock symbol. The B displays the language
distribution, encompassing English and Russian. In C, a compari-
son of the included URL:s is presented. Finally, in the D, details are
provided on the news text already incorporated in the dataset, along
with potential expansions into additional text data.



Finance - TS, Text, Image & Table Dataset

FinMultiTime: A Four-Modal Bilingual Dataset for Financial Time-Series Analysis

TS: Stock price time series

Text: Financial news

Image: K-line technical charts

Table: Structured financial tables
*Across both the S&P 500 and HS 300 universes

*Covering 5,105 stocks from 2009 to 2025 in the United States and China

Table 2: Overview of Bilingual Financial Dataset Specifications for the HS300 (Chinese) and S&P 500 (English)

Indices
Bilingual Dataset Type Size Format Stocks Records Frequency
Image 2.43 GB PNG 810 52,914 Semi-Annual
Table 568 MB JSON/JSONL 810 2,430 Quarterly/Annual
HS300 (Chinese) Time series 345 MB CSV 810 810 Daily
Text 652.53 MB JSONL 892 1,420,362 Minute-Level
All 3.96 GB — — 1,476,516 —
Image 8.67 GB PNG 4,213 195,347 Semi-Annual
Table 84.04 GB JSON/JSONL 2,676 8,028 Quarterly/Annual
SP500 (English) Time series 1.83 GB CSV 4,213 4213 Daily
Text 14.1 GB JSONL 4,694 3,351,852 Minute-Level
All 108.64 GB — — 3,559,440 —




Multi-modal Time Series Datasets - TS, Image, Text, Table

dal Record Counts (35 stocks each)
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Finance

Combine financial time series and text.

Type

Content

Prompt

data:

date,open,high,low,close,adjusted-close,increase-in-5,10,15,20,25,30
2015-12-16,-0.45,0.78,-1.62,1.04,1.04,-1.63,-2.04,-2.52,-3.17,-3.53,-3.53
2015-12-17,-0.33,1.57,-0.49,0.33,0.33,-1.44,-2.01,-2.55,-3.38,-3.68,-3.70
2015-12-18,2.41,2.62,0.00,-2.85,-2.85,1.42,0.70,0.43,-0.30,-0.73,-0.87
2015-12-21,-0.72,0.31,-1.20,1.37,1.37,0.31,-0.53,-0.64,-1.44,-1.85,-2.13
2015-12-22,0.64,0.77,-1.05,0.03,0.03,0.26,-0.42,-0.57,-1.22,-1.74,-2.05
2015-12-23,-0.67,0.12,-0.96,1.06,1.06,-0.82,-1.17,-1.56,-2.01,-2.61,-2.99
2015-12-24,0.16,0.71,-0.04,-0.29,-0.29,-0.68,-0.69,-1.08,-1.54,-2.27,-2.58
2015-12-28,-0.06,0.24,-0.80,-0.01,-0.01,-0.24,-0.49,-1.04,-1.34,-1.98,-2.40
2015-12-29,-0.79,0.49,-0.93,1.26,1.26,-1.08,-1.39,-2.05,-2.25,-2.96,-3.37
2015-12-30,0.93,1.00,-0.22,-0.75,-0.75,-0.08,-0.54,-1.14,-1.38,-1.98,-2.48
tweets:

2015-12-23: fxi ishares ftse china 25 index fund ask$fxi $gpro $uco $unh #fxi
#finance #stocksgbsn great basin scientific,. . .

2015-12-24: $unh:us looking for value? why it might be time to try
unitedhealth group (unh) #unitedhealth group inc #sp500

2015-12-25: #dow #stocks $unh unitedhealth group daily:-0.29%
weekly:-0.74% ytd:17.46% trend:73 / 100

2015-12-26: vz verizon communications company info$vz $aapl $unh $bib #vz
#stock #stocksl #unh $unh #spx $spx $dja #dja #stocks #trading #traders
#markets #investing #money more . ..

2015-12-28: buzzers of healthcare sector: unitedhealth group inc $unh merck
2015-12-30: uvxy proshares ultra vix short-term futures etf investor opinions
$uvxy $dust $ddd $unh #uvxy #pennystocks. ..

Consider the data and the investor sentiment in tweets to predict whether

the close price movement of unh will rise or fall at 2015-12-31.

Start with Rise or Fall, then explain your predictions step by step.

Response

Fall. Here are the reasons:

1. Looking at the historical data, $ppl has been showing a downward trend

for several days until 2015-12-30, with negative values for open, high, low

and close prices.

2. The adjusted-close price is also decreasing consistently throughout this period.
3. In terms of the "increase-in-x" columns in the dataset, we can see that all
indicators show negative values as well, indicating an overall bearish sentiment
towards $ppl during this time frame.

4. Moving on to investor sentiment expressed through tweets during this period:
while there was some positive news about KBC group acquiring shares of $ppl
on 2015-12-21, it seems that there were no

significant positive sentiments being shared in other tweets around that time.

5. Moreover, on December 22nd and December 28th we can see two negative
tweets mentioning PPL Corp specifically - one highlighting a downgrade by
Zacks Investment Research and another

Prediction |

Fall

Truth |

Fall

Xie et al. "The Wall Street Neophyte: A Zero-Shot

Analysis of ChatGPT Over

Multimodal Stock

Movement Prediction Challenges”, 2023



Retails

* Sales forecasting using product images and historical TS.

New Product Image (/) 8 Ere(::ted aales Zmi-ser(lg
or the new produc
with optional Attributes (x) g a y
6 A A
.
S 4
2
0
1 2 3 456 7 89
Time
Forecasting Model
y(@) = f(l,x,z(t), tly)
20
15 Product 1 ]
w S?les. }:story Exogenous
g »| Ofexisting Regressors zZ(t
3 10 products with i ()
Product2 . attributes and
5| o~/ images (¥)
: g Product N t Product images +
5 —_— e attributes (optional)
1 2 3 4 5 6 7 8 9
Time

Ekambaram et al. "Attention based Multi-Modal New Product Sales Time-series Forecasting”, KDD 2020



Retails - TS, Text & Image Datasets

VISUELLE: A public dataset for new fashion product sales forecasting

TS: Sales time series; Google
Trends

Text: Associated tags of the
product

Image: The clothing item on a
white background

Composed of 5577 new
products and about 45M sales

related to fashion seasons from
201 6_201 9 Figure 1: Sample images representing various product categories within the VISUELLE dataset.




Retails - TS, Text & Image Datasets
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loT

* Power transformer fault diagnosis using dissolved gas analysis (TS) and infrared
images.

1000
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Obtain the gas diagnosis Obtain the Infrared
results diagnosis results
Cross Attention

DGD-Infrared Feature Infrared-DGD Feature

!

Output the fault status

Xing et al. "Multi-modal information analysis for fault diagnosis with time-series
data from power transformer”, JEPE 2023



Spatial Time Series - ST, Text, Image Datasets
Terra: A Multimodal Spatio-Temporal Dataset Spanning the Earth

ST: Multi-variable spatio-temporal = Time Series Modality Text Modality Image Modality
d a‘ta Numerical Record Meta Information E Geo-Image @

Q precipitation R Latitude/longitude Range: 20°N-21°N; 76°E-77°E. . —
— - V{. *ﬁkk ‘
8 m Country: {4, Land vegetation: i g E S ¥ % »
e : Maharashtra, India ¥ cropland_rainfed: 0.836;
o H H - Ef air femperature : e g c
Text: LLM-Derived text description & " = e Elewation cropland_iignc0008; g
° ./\/\/\/\/\/\/‘/\N Ak 429 8m mosaic_natural_vegetation: &
0.003; Ll
% surface pressure Climate: ) tree_broadleaved_deciduou
== Dry, Steppe, Hot arid: 0.5: s_closed_to_open: 0.133;

Tropical Dry winter: 0.25;  sparse_vegetation: 0.011;

Image: Geo-Image and satellite = P I

. “ NV o N\ ' - ;! : Q%
N |age #.  lonawave radiation LLM-Derived Text Description ,. Satellite Image &
ﬁﬂ{ll WWM The grid cell located at 20°N-21°N; 76°E-77°E belongs to the Indian

subcontinent, specifically the state of Maharashtra, India. This region is

chnntirmius wadinks characterized by a dry, steppe, and hot arid climate, with scarce rainfall w o
/@ shortwave radiat [O.n throughout the %’.ar\ r';'yhz arzg is relatively close to the Arabian Sea, which .‘_1‘-'. 2
. . e \nf’\vj\/'\J‘/ has a moderate influence on the local climate. The terrain is generally flat to o £ Yy
En CO m p a S S eS h O u rly 'tl me S e r I eS gently sloping, with an average elevation of 429.8 meters, making it a part of -
o) the Desert. ... However, the western disturbances from the Mediterranean
6’9 J\/\_/\,\/\/\/\'\ Sea and the Arabian Sea can bring occasional rainfall during the winter — o y
. months. The region's vegetation cover is primarily composed of croplands y x
d ata frOI I I 6 48 0 0 OO g r I d a rea S _ L. (83.6%) with es%me pafgches of deciduofs forez‘rs (1P3.3°/o) and sparse o
) ) 000|Z absolute humidity vegetation. Human activities such as agriculture and urbanization have a 2
) significant impact on the local climate, as they lead to soil degradation, o

WOr I d WI d e over -t h e p a S-t 4 5 ye ars WMW increased evapotranspiration, and altered land use patterns.

Dynamic Static Static

Figure 2: Different modality components of Terra. We provide the data with three temporal scales
(3 hourly / daily / monthly), and three spatial scale (0.1°/0.5°/ 1°).

Chen et al. Terra: A Multimodal Spatio-Temporal Dataset Spanning the Earth, NeurlPS 2024



Future Research Directions



Future Research Directions

* Robustness to imperfect Data:
Handle missing or noisy real-world context effectively.

Feedback
m = that detects
> Lb textual noise
(3)

>

Multi-modal Time Series
Input Refmement LLM

Enhances text quality
AN and triggers encoder
O«0O retraining LL’
é\;‘{% Reflection LLM

Prototype-based Preliminary
Explamable Encoder prediction

& case-based
Gutput rationales (2)
() |’.'>
Textual ~ .
|'\A® i E‘T'l explanations [’e Prediction from

refined rationales,
and ground truth
Prediction

ﬁ Time series
I

explanations Prediction LLM

Jiang et al. "TimeXL: Explainable Multi-modal Time Series Prediction with LLM-in-the-Loop”, NeurlPS
2025



Future Research Directions

« Enhanced reasoning with Multi-modal Time Series:
Combine temporal reasoning with context understanding for interpretable inference.
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Future Research Directions

« Towards structured reasoning with multi-modal data

Structured Reasoning

Domain Identification Task Framing Temporal Reasoning

* Reasoning objective
* Relevant patterns
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Future Research Directions

« Multi-agent system for decision making.

Multi-agent Collaboration




Future Research Directions

* Decision-making Systems:
Develop adaptive decision-support systems using multi-modal data to facilitate
downstream tasks.

 Domain Generalization:
Address the challenges such as domain shifts, modality-specific variations, and
temporal dynamics. Improve generalization across unseen domains.

« Ethics and fairness:
Address biases to promote equitable outcomes.

X, 5.
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