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Introduction to Multi-modal Time 
Series Analysis



Background –Time Series Analysis

6

Time Series: Sequential data points indexed by time (e.g., Electricity Load, 
EEG, Traffic volume).



Background – Multi-modal Time Series Analysis

7

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.



8
Williams et al. “Context is Key: A Benchmark for Forecasting with Essential Textual Information”, ICML 
2025.

Background – Multi-modal Time Series Analysis



Background – Multi-modal Time Series Analysis

Why is Multi-modality Important?

Real-world systems are heterogeneous.

Combining multimodal signals leads to richer understanding and better predictions.

Examples:

Electronic
Health
Records
(EHR)​



Background – Multi-modal Time Series Analysis

More Examples:

Finance: Price + News Sentiment 

IoT Systems: Temperature + Logs



Background – Multi-modal Time Series 
Analysis

• Problem Statement
• Effective analysis of multi-modal 

time series is hindered by data 
heterogeneity, modality gap, 
misalignment, and inherent noise.

• We summarize the general pipeline 
and categorize existing methods 
through a unified cross-modal 
interaction framework 
encompassing fusion, alignment, 
and transference at different 
stages.

11

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



Background – Multi-modal Time Series Analysis

12

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.



Background – Multi-modal Time Series Analysis

13

• 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



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

Overview and representative examples of cross-modal interactions  

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



Multi-modal Fusion with Time Series – Input level

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

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

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



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



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 – Input level

Integrate paired text embedding as an additional variable of time series 



Deznabi et al. "Predicting In-hospital Mortality by Combining Clinical Notes with Time-series Data", ACL 

2021.

Multi-modal Fusion with Time Series – Intermediate level

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

embedding and other modality embeddings



Jia et al. "GPT4MTS: Prompt-Based Large 

Language Model for Multimodal Time Series 

Forecasting", AAAI 2024.

Multi-modal Fusion with Time Series – Intermediate level

Jin et al. "Time-LLM: Time Series Forecasting by 

Reprogramming Large Language Models", ICLR 2024.

The fusion of modality embeddings is usually followed by alignments 



Multi-modal Fusion with Time Series – Output level

Liu et al. "Time-MMD: Multi-Domain Multimodal Dataset for Time 

Series Analysis", NeurIPS 2024.

Project multiple modality outputs onto a unified space 



Multi-modal Fusion with Time Series – Output level

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

Assemble modality outputs as decomposed components of the final output



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 𝑬mm ∈ ℝ𝑛×𝑑, where 𝑛 is the number of modality 

tokens and 𝑑 is the embedding dimension:

where the queries 𝑸, keys 𝑲, and values 𝑽 are linear projections of 𝑬mm: 

𝑸 = 𝑬mm𝑊𝑄, 𝑲 = 𝑬mm𝑊𝐾, 𝑽 = 𝑬mm𝑊𝑉 with learnable weights 𝑊𝑄,𝐾,𝑉 ∈ ℝ𝑑×𝑑𝑘

Attention 𝑬mm = Softmax
𝑸𝑲⊤

𝒅𝒌
𝑽



Multi-modal Alignment with Time Series - Representations

Jin et al. "Time-LLM: Time Series Forecasting by 

Reprogramming Large Language Models", ICLR 2024

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 - Representations

Liu et al. "UniTime: A Language-Empowered Unified Model for Cross-Domain Time Series Forecasting", 

WWW 2024



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 ∈ ℝ𝑛×𝑑, where 𝑛 is the number of modality 

tokens and 𝑑 is the embedding dimension:

where the queries 𝑸ts, keys 𝑲c, and values 𝑽c are linear projections of 𝑬ts: 
𝑸ts = 𝑬ts𝑊𝑄, 𝑲c = 𝑬ts𝑊𝐾, 𝑽c = 𝑬c𝑊𝑉 with learnable weights 𝑊𝑄,𝐾,𝑉 ∈ ℝ𝑑×𝑑𝑘

CrossAttention(𝑬ts, 𝑬c) = softmax
𝑸ts𝑲c

⊤

𝒅𝒌
𝑽c



Multi-modal Alignment with Time Series - Representations

Chattopadhyay et al. "Context Matters: Leveraging Contextual Features for Time Series 
Forecasting" 2025



Multi-modal Alignment with Time Series - Representations

Liu et al. "TimeCMA: Towards LLM-Empowered Multivariate Time Series 

Forecasting via Cross-Modality Alignment", AAAI 2025



Multi-modal Alignment with Time Series - Representations

Skenderi et al. "Multimodal Forecasting of New Fashion Product 

Sales with Image-based Google Trends", Journal of Forecasting
2021



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.

where 𝜎(·) denotes the sigmoid function, the learnable weight and bias are denoted 

as 𝑊𝑔 ∈ ℝ2𝑑×𝑑 and 𝑏𝑔 ∈ ℝ𝑑 , respectively.

𝐺 = σ 𝑊𝑔 𝑬ts; 𝑬𝑐 + 𝑏𝑔

𝑬 = 𝐺 ⊙ 𝑬ts + 1 − 𝐺 ⊙ 𝑬𝑐



Multi-modal Alignment with Time Series - Representations

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.

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.

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

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



Multi-modal Alignment with Time Series – Component Output

Lee et al. "TimeCAP: Learning to Contextualize, Augment, and Predict Time Series Events with Large 

Language Model Agents", AAAI 2025

Retrieval: Augment LLM’s input with in-context examples with the highest cosine 

similarity from a multi-modal embedding space



Multi-modal Alignment with Time Series – Component Output

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

2025

LLM Reasoning: LLM agents collaborate to iteratively enhance prediction accuracy, 

identify textual inconsistencies or noise, and calibrate textual contexts.



Multi-modal Alignment with Time Series – Component Output

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



Multi-modal Alignment with Time Series 

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

• It aims to calibrate and effectively capture relevant multi-modal 

elements for a semantically coherent modeling  

• It 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

Numerical View

Time Series

Linguistic View Visual View

Time Series Models Language Models Vision Models



Multimodal Views (MMVs) of Time Series

● MMVs are different views of the same data
○ Unlike multimodal data

● Why to use MMVs: Advantages
○ Alternative views

■ Reveal complementary patterns

○ Cross-modal knowledge transfer
■ Transfer knowledge in pre-trained models of other modalities



Outline of This Section

● Generating MMVs of time series
○ Linguistic view and visual view

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

● Integrating MMVs of time series
○ Combining multiple models or using LMMs



Outline of This Section

● Generating MMVs of time series
○ Linguistic view and visual view

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

● Integrating MMVs of time series
○ Combining multiple models or using LMMs



Linguistic View of Time Series (1)
Template-based Prompt by PromptCast1

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

Requires dataset-specific templates



Linguistic View of Time Series (2)
LLMTime: Verbalizing Time Series as Discrete Tokens2

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

• For GPT-3 (BPE tokenization): add spaces between digits
❑ E.g., avoid “42235630” → [“422”, “35”, “630”]

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



Linguistic View of Time Series (3)
TimeCAP: Summarize Time Series as Textual Description3

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

A two-step process:
(1) time series understanding
(2) inference



Linguistic View of Time Series (3)

An example summary of 5-variate NY weather 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.



Visual View of Time Series

4. J. Ni, et al. "Harnessing vision models for time series analysis: A survey." In IJCAI, 2025.

We’ve identified 8 major imaging methods4

Spectrograms

Code for 
the imaging 

methods



Visual View of Time Series

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

(b) UVH – Univariate Heatmap5,6
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Visual View of Time Series
(d) GAF – Gramian Angular Field7

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

Gramian Angular 
Summation Field

Gramian Angular 
Difference Field



Visual View of Time Series
(h) RP – Recurrence Plot8

8. J. P. Eckmann et al. "Recurrence Plots of Dynamical System." Europhysics Letters, 1987.

Captures periodic patterns Binary values → black-white 
images



Visual View of Time Series
Spectrograms

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. Signal Process., 1992.

Time-frequency space

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

Needs choice of window/wavelet

(e) STFT9 (f) Wavelet10
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(g) Filterbank11

Timestep

F
re

q
 (

H
z
)
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(Resembles SFTF, 
more suited audio 

signals)



Visual View of Time Series
Summary4

Method TS Type Advantage 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(T2) 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. J. Ni, et al. "Harnessing vision models for time series analysis: A survey." In IJCAI, 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
○ Linguistic view and visual view

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

● Integrating MMVs of time series
○ Combining multiple models or using LMMs



Cross-Modal Knowledge Transfer via Linguistic View
Forecasting as a QA problem with LLMs – PromptCast1

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 – TimeCAP3

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 – TimeCAP3

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

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

Model long time series

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

Perform long-term forecasting



Cross-Modal Knowledge Transfer via Visual View
Why LVMs are potentially useful in cross-
modal knowledge Transfer?4,5

Structural Similarity:
❑ Images: continuous pixels
❑ Time series: continuous values

Large-scale imaged-based pre-
training

Multiple imaging methods

Multivariate time series

Long time series
4. J. Ni, et al. "Harnessing vision models for time series analysis: A survey." In IJCAI, 2025.
5. M. Chen, et al. "VisionTS: Visual Masked Autoencoders Are Free-Lunch Zero-Shot Time 
Series Forecasters." In ICML, 2025.



Cross-Modal Knowledge Transfer via Visual View
Time Series Forecasting with LVMs – VisionTS5 MAE Pre-training14

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.



Cross-Modal Knowledge Transfer via Visual View
VisionTS5 – Zero-Shot Time Series Forecasting

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 (linear probing vs. pre-
trained decoder) fit which task (classification vs. forecasting)?12

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?
A Comprehensive Study12

❑ 4 LVMs and 8 imaging methods on 18 datasets with 26 baselines 

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

Key Conclusions
❑ Generally useful for classification
❑ Challenging for forecasting

▪ Limited to specific types of LVMs and imaging methods
▪ Bias toward forecasting periods



Are LVMs Useful for Time Series Analysis?
Insights12 – What type of LVM best fits classification (forecasting) task?

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

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



Are LVMs Useful for Time Series Analysis?

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

Comparing fine-tuned LVMs with non-LVM baselines on forecasting12

LVMs
LLMs Linear Transformer



Are LVMs Useful for Time Series Analysis?

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

Comparing fine-tuned
LVMs with non-LVM 
baselines on 
classification12



Are LVMs Useful for Time Series Analysis?
Insights12 – Why self-supervised LVMs are useful for forecasting?

Performance (MSE) Drop (%)

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

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?
Insights12 – Limitation of self-supervised LVM forecasters

MSE change w. varying segment length

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

Column → Period

12. Z. Zhao et al. "From Images to Signals: Are Large Vision Models Useful for Time Series Analysis?." arXiv preprint arXiv:2505.24030 (2025).
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Generating MMVs of time series
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Integrating MMVs of Time Series
Integrating numerical, visual views and contexts – TimeVLM14

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

❑ Vision-Language 
Model (VLM)
▪ ViLT

❑ Imaging
▪ Frequency-

periodicity 
encoding

❑ Contexts
▪ Not a 

linguistic view



Integrating MMVs of Time Series
Integrating numerical and visual views – DMMV15

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

Leveraging a bias 
of LVM forecaster



Integrating MMVs of Time Series
Integrating numerical and visual views – DMMV15

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



Integrating MMVs of Time Series
DMMV15 – Long-Term Time Series Forecasting

(a) MSE Ranking

(b) MAE Ranking

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



Integrating MMVs of Time Series
DMMV – Effective Extraction of Periodic Component

DMMV – Impact of Look-Back Window

Proposed 
Method



Outline of This Section

Generating MMVs of time series
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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

• Part 4: ST Multimodal Fusion Methodologies

• Part 4: The LLM Revolution in ST Data Mining
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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.

Time,

Location,

Event



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.

• 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.



ST Data - Taxonomy
• Spatially and temporally static data

• Spatially static and temporally dynamic data

• Spatially and temporally dynamic data



Spatially and Temporally Static Data

• Points & Locations

• Lines

- Route, pipeline, 

- Rivers, coast,...

• Graphs

- Road networks

- Air lines



Spatially Static and Temporally Dynamic Data

• Usually derived from sensors deployed in different locations.

• Also can be called standard time series and spatial time series.



Spatially and Temporally Dynamic Data

• Spatial and temporal values varying in time

- Moving objects

- Trajectories

• A spatial trajectory is a sequence derived from a moving object in geographical 

spaces, formulated by a series of chronologically ordered points



Spatially and Temporally Dynamic Data

• Human mobility

• Travel logs

• Check-ins

• Credit card transactions

• Phone signal, Wi-Fi... 

• Human mobility

• Taxis, buses, truck trajectories

• Airplanes, ferries, cruise, ...

• Animals migration

• 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.

• A pixel → A region

• RGB → Observations / Attributes



Data Types and Data Sources

Deep Learning 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



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, 

POIs, Mobility) to infer fine-grained air quality everywhere.

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 POIs with road structures to 

categorize and predict noise sources (e.g., Construction vs. Nightlife).

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



Example 3 — Traffic Flow Prediction

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

constraints and vehicle transition logic.

• Solution: Integrating road graphs (Static) with vehicle trajectories (Dynamic) to 

model how traffic physically flows across the urban network.

Traffic Flow Prediction with Vehicle Trajectories, AAAI 2021



ST Data Intelligence Framework



Multimodal STDM vs Traditional MM ?

• Research Gap: In Domain vs Cross Domain Knowledge Fusion

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

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

Fusing Cross-Domain Knowledge from Multimodal Data to Solve Problems in the Physical World. In ACM Transactions on Intelligent S ystems 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 AQI, traffic, land uses, meteorology data)

Fusing Cross-Domain Knowledge from Multimodal Data to Solve Problems in the Physical World. In ACM Transactions on Intelligent S ystems 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).

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



Principle of ST Multimodal Fusion

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



Deep Learning-based Fusion Methods

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



Deep Learning-based Fusion Methods

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



Deep Learning-based Fusion Methods

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



Feature-based Fusion (Simplest!)

• Feature Addition/Multiplication

• Feature Concatenation

• Graph-based Data Fusion

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

Spatiotemporal multi-graph convolution network for ride-hailing demand forecasting, AAAI 2019



Deep Learning-based Fusion Methods

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



Alignment-based Fusion

• Attention-based

• Encoder-based



Alignment-based Fusion

• Attention-based

• Based on Cross-Attention mechanism

• Query and Keys (Values) are from different modalities

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

UrbanGPT: Spatio-Temporal Large Language Models, KDD 2024



Deep Learning-based Fusion Methods

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



Contrast-based Fusion

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



Deep Learning-based Fusion Methods

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

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

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

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



LLMs Open New Opportunities

• LLMs are good at processing multi-modal data

• Multi-modal data understanding

• e.g., vision, texts, time series

• Multi-format data parsing

• tabular, json, images

• Example: Qwen-VL

• Tool calling capability (LLM Agents)



LLMs for ST

• Our 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

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



LLM as Encoders

• Mobility-LLM: A pioneering work LLM + Trajectory Data

Mobility-LLM: Learning Visiting Intentions and Travel Preferences from Human Mobility Data with Large Language Models. NeurIPS 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.

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

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



LLM as Agents — Reimaging Urban Data Science

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



Multimodal Foundation Agents

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

• 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.



Multimodal Foundation Agents

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

• AlphaDrive: Vehicle speed / orientation / task information / images => MLLMs 

=> GRPO => stable multimodal inference in autonomous driving scenarios.



Earth Al — From Prediction to Decision

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



Agents Pipeline

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



Geospatial Reasoning Agent

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



Model Combination Improves Performance

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



Case Study: Cholera Forecasting 

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



Case Study: Crisis Response (Hurricane Helene)

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



Case Study: Flood Risk & Social Vulnerability

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



Future Research

Earth AI: 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—from 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
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Environment

…

• Covers real-world use cases of multi-
modal time series

• Domains: Healthcare, Finance, 
Retail, IoT, Traffic, Environment, 
Speech

• Types: Standard Time Series vs 
Spatial Time Series

• Task types: prediction, classification, 
generation...



Healthcare - EHR

o Electronic Health Records (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

Healthcare - EHR



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

TS: Dynamic, timestamped 
physiological or treatment data 
such as heart rate and blood 
pressure

Text: Unstructured free-text 
clinical narratives

Table: Static or low-frequency 
structured data such as Patient 
demographics and medication 
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



Healthcare - EHR Datasets



• Leverage multi-modality data lab values and clinical reports

o Concatenation

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

Healthcare - EHR Modeling



• Leverage multi-modality data lab values and clinical reports

o Attention

Yang et al. "How to leverage multimodal EHR data for better 

medical predictions", EMNLP 2021

Healthcare - EHR Modeling



Healthcare – ECG/EEG



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

Wang et al. "Open Vocabulary Electroencephalography-To-Text Decoding 

and Zero-shot Sentiment Classification", AAAI 2022

Healthcare – ECG/EEG



• Text decoding

Wang et al. "Open Vocabulary Electroencephalography-To-Text Decoding 

and Zero-shot Sentiment Classification", AAAI 2022

Healthcare – ECG/EEG



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

TS: 
o EEG
o Eye-tracking

Text: Reading materials

• 16 Participants, 10 female, 6 male

• 2 Task: Normal Reading & Task 
Specific Reading

Healthcare – ECG/EEG Datasets



Healthcare – ECG/EEG Datasets



Healthcare – Audio data
•Incorporating with audio data for respiratory health screen



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

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

Healthcare – Audio data



Finance

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

• Tasks: Stock return prediction, stock movement classification



• 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

Finance – TS&Text Dataset



Finance – TS&Text Dataset



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

TS: Stock price time series Image: K-line technical charts

Text: Financial news 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

Finance – TS, Text, Image & Table Dataset



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



Finance 
• Combine financial time series and text.

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

Analysis of ChatGPT Over Multimodal Stock

Movement Prediction Challenges", 2023



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

Retails
• Sales forecasting using product images and historical TS.



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 
2016-2019

Retails – TS, Text & Image Datasets



Retails – TS, Text & Image Datasets



Xing et al. "Multi-modal information analysis for fault diagnosis with time-series 

data from power transformer", JEPE 2023

IoT
• Power transformer fault diagnosis using dissolved gas analysis (TS) and infrared

images.



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

ST: Multi-variable spatio-temporal 
data

Text: LLM-Derived text description

Image: Geo-Image and satellite 
image

Encompasses hourly time series 
data from 6,480,000 grid areas 
worldwide over the past 45 years

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



Future Research Directions



Future Research Directions

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

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

2025



Future Research Directions

• Enhanced reasoning with Multi-modal Time Series:
Combine temporal reasoning with context understanding for interpretable inference.

Ning et al. “TS-RAG: Retrieval-Augmented Generation based Time Series 

Foundation Models are Stronger Zero-Shot Forecaster”, NeurIPS 2025



Future Research Directions

• Towards structured reasoning with multi-modal data



Future Research Directions

• Multi-agent system for decision making. 



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.​

...



Thank you! 
Q & A

Survey Paper Github
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