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Big Challenges in Big Cities
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Examples (Data / Analysis / Decision)

• Geological disaster response

1. Current and historical rainfall 

2. Predicting whether geological disaster will 
happen in the future

3. When to take what precautionary measures

• Autoscaling of cloud resources

1. Current and historical user load

2. Predicting future user load

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

Landslide Early Warning in the Next 4 Hours

Time series: Rainfall

Time series: User Load

5
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Examples (Data / Analysis / Decision)

• Navigation from a source to a destination

• Current and historical traffic flow

• Predicting traffic flows, identifying congested areas

• Selecting fastest/greenest paths; whether using   
highways, bridges vs. tunnels

• Design new materials/drugs

• Structure of existing materials and their properties

• Predicting properties of unknown material 
structures

• Potential candidates for new materials that satisfy 
specific properties

Spatio-temporal Data: 
Trajectories, Traffic Flows

Molecular structure spatial 
data: geometric coordinates 

and topological graphs 6
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What is Spatio-Temporal (ST) Data 

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

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

Time, Location,

Event

8
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ST Data Intelligence Framework
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ST Data - Taxonomy

• Spatially and temporally static data

• Spatially static and temporally dynamic data

• Spatially and temporally dynamic data

10
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Spatially and Temporally Static Data

• Points & Locations

• Lines

- Route, pipeline, 
- Rivers, coast,...

• Graphs

- Road networks

- Air lines

11
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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.

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

• Spatial and temporal values varying in time

- Moving objects

- Trajectories

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

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

13
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Data Types and Data Sources

• Geographical data

• Traffic data

• Social media data

• Demographic data

• Environment data

• Others

14
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Data Types and Data Sources
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Why ST Data Mining

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

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

• ST data are anywhere, connecting with each other.

16
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Why Multimodal ST Data Mining

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

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

different domains

18U-Air: When Urban Air Quality Inference Meets Big Data, KDD 2013
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Why Multimodal ST Data Mining

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

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

domains

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

• Multimodal ST Data Mining vs Traditional Multimodal Learning

• Multimodal ST Data Mining ó 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 Systems and Technology, 2025.

20
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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 Systems and Technology, 2025.21
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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 Systems and Technology, 2025.

Essential difference between multimodal ML

in ST compared to the common multimodal.

1) Daily Multimodal Apps, Image/Video Generation

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

3) Real World Problems, e.g. AQI

22
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ST Multimodal Data Fusion System

Fusing Cross-Domain Knowledge from Multimodal Data to Solve Problems in the Physical World. In ACM 
Transactions on Intelligent Systems and Technology, 2025. 23
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Principle of ST Multimodal Fusion

25

500+ citations 
on Google 
Scholar!

Machine Learning Era

Methodologies for Cross-Domain Data Fusion: An Overview, IEEE Transaction on Big Data, 2015
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Principle of ST Multimodal Fusion

26

Machine Learning Era

• Stage-based data fusion

• Feature-level-based data fusion
• Feature concatenation + regularization

• DNN-based

• Semantic meaning-based fusion
• Multiple-view-based: like co-training

• Similarity-based: Coupled matrix factorization

• PGM-based

• Transfer learning-based

Methodologies for Cross-Domain Data Fusion: An Overview, IEEE Transaction on Big Data, 2015
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Principle of ST Multimodal Fusion

27

Deep Learning Era

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

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

29

• 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
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Feature-based Fusion (Simplest!)

30

• UniTime (Unified TS Modeling): Directly concatenates TS patch tokens with Text tokens 

and feeds them into the LLM.

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

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

Time Series Forecasting by Reprogramming Large Language 
Models. ICLR 2024
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Deep Learning-based Fusion Methods

31Deep Learning for Cross-Domain Data Fusion in Urban Computina:Taxonomy, Advances, and Outlook, Information Fusion, 2024.
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Alignment-based Fusion

32

• 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
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Alignment-based Fusion

33

• RCRank: Ranking of root causes of slow SQL queries in cloud databases

• SQL statements, logs, KPIs, and query plans

• Ranking of potential root causes that result in slow queries

RCRank: Multimodal Ranking of Root Causes of Slow Queries in Cloud Database Systems. PVLDB 2025

Pretraining an encoder 
for each modality

Cross modal fusion
Commonality vs. Specificity

Root cause ranking
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Encoder-based Fusion

34

• Token-level concatenation: Unified representations across modalities; 

• Usually based on Self-Attention

Time-VLM: Exploring Multimodal Vision-Language Models for Augmented Time Series Forecasting. ICML 2025
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Deep Learning-based Fusion Methods

35Deep Learning for Cross-Domain Data Fusion in Urban Computina:Taxonomy, Advances, and Outlook, Information Fusion, 2024.
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Contrastive Learning

36

• A representative class of self-supervised learning

• Building negative and positive samples to provide supervision signals
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Contrastive Learning

37

• How to fuse two modalities using contrastive learning?

• The answer is CLIP!

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

38

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

integrates the knowledge of text modality into urban region profiling.

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

Many follow-up works adapt this idea 
to profiling other geo-entities, such as 

urban streets and urban traffic.
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Deep Learning-based Fusion Methods

39Deep Learning for Cross-Domain Data Fusion in Urban Computina:Taxonomy, Advances, and Outlook, Information Fusion, 2024.
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Generation-based Data Fusion

40

• 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
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More Works

41

Summary Table
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Scope

• We focus on spatially static and temporally dynamic data.

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

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

48
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Scope

• We focus on spatially static and temporally dynamic data.

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

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

Time Series Spatial Time Series

49
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Part 1

Language-enhanced
Spatio-Temporal Analysis
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Why Language for ST

• Limitations of traditional methods

- incomplete information

- lack of causality

- poor response to shocks

• Advantages brought by language

- context provided

- interpretability

- robustness

51
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Challenge

• Data heterogeneity

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

dimensional, discrete symbolic expression.

• Temporal alignment

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

numerical sequences.

• Noise and irrelevant context

Compared to the vast amount of daily text, event descriptions truly related to temporal 

dynamics are extremely sparse and often implicitly expressed.

52
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Cross-modal Fusion

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

captures complementary information across diverse sources.

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

High parameter efficiency 
Strong deep feature interaction
Potential modality imbalance 

limited flexibility

High flexibility 
Superior performance

Complex model design High 
computational cost

Simple implementation
Strong robustness, Flexibility

Low performance ceiling
Requires modality independence. 53
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Input Level Fusion

• Integrate time series and texts into a unified textual prompt.

Time-MQA: Time Series Multi-Task Question Answering with Context Enhancement. In ACL, 2025. 54
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Input Level Fusion

• Integrate time series and texts into a unified textual prompt.

Towards explainable traffic flow prediction with large language models, In Communications in Transportation Research, 2024 55
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Input Level Fusion

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

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

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

Large language models are zero-shot time series forecasters, In NeurIPS, 2023. 57
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Intermediate Level Fusion

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

and text embeddings.

Predicting In-hospital Mortality by Combining Clinical Notes with Time-series Data, In ACL, 2021. 58
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Intermediate Level Fusion

• The fusion of modality embeddings is usually followed by alignments.

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

coherence when integrating different modalities into a unified framework.
- self-attention, cross-attention, gating

- graph convolution

- learning objectives

59
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Intermediate Level Fusion

• Self-attention: a joint and undirected alignment across all modalities by dynamically 

attending to important features.

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

GPT4MTS: Prompt-Based Large Language Model for 
Multimodal Time Series Forecasting, In AAAI, 2024.

60
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Intermediate Level Fusion

• Cross-attention: time series serves as the query modality to get contextualized by other 

modalities, providing a directed alignment that ensure auxiliary modalities contribute 

relevant contexts while preserving the temporal structure of time series.

TimeCMA: Towards LLM-Empowered Multivariate Time Series Forecasting via Cross-Modality Alignment, In AAAI, 2025. 61
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Intermediate Level Fusion

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

series and other modalities on the fused embeddings.

Time-VLM: Exploring multimodal vision-language models for augmented time series forecasting. In ICML, 2025. 62
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Intermediate Level Fusion

• 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.

Deep Attentive Learning for Stock Movement Prediction from Social Media Text and Company Correlations, In EMNLP, 2020 63
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Intermediate Level Fusion

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

embeddings and minimize that of unpaired ones.

Frozen Language Model Helps ECG Zero-Shot Learning, In MIDL, 2023 64
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Output Level Fusion

• Project multiple modality outputs onto a unified space.

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

66
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Part 2

Vision-enhanced
Spatio-Temporal Analysis
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Motivation of Vision for TS

• Compared to LLM, vision model has more advantages:

- Using continuous pixel sequences (vs. text’s discrete tokens).

- Supporting multivariate time series (vs. LLM follows channel independence).

- Compactly encoding long time series (vs. LLM‘s context length/precision limits).

- Enabling more intuitive human/system understanding.

• Multimodal LLM perhaps simultaneously integrate the advantages of both.

Characteristics Origin Information

Time series continuous physical systems high redundancy

Image continuous physical systems high redundancy

Text discrete human cognitive 
construct

semantically 
dense

68
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TS-to-Vision Transformation

• There are 8 major time-series imaging methods:

Harnessing Vision Models for Time Series Analysis: A Survey. In IJCAI, 2025. 69
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Line Plot — Intro

Line Plot is a 2D image with time on x-axis, values on y-axis, and a line connecting points.

Trading via image classification. In ICAIF, 2020.

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

70
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• Ablations on Imaging Details and Resolution.

Trading via image classification. In ICAIF, 2020.

Line Plot — e.g. Univariate TSC

1. Simple line plot is better

2. Sufficient resolution is important

71
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• Ex.2: Line Plot Imaging for irregularly Multivariate Time Series Classification.

Time series as images: Vision transformer for irregularly sampled time series. NeurIPS, 2023.

Line Plot — e.g. Multivariate TSC

72
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• Ablations on Time Series Imaging Strategies and Details.

Time series as images: Vision transformer for irregularly sampled time series. NeurIPS, 2023.

Line Plot — e.g. Multivariate TSC

1. Linear interpolation of two nodes is useless.

2. The style and size of marks and lines are robust.

3. Color differentiation is very important for MTS.

4. The order of multivariate subgraphs is robust.

73
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• Vision backbone analysis

Time series as images: Vision transformer for irregularly sampled time series. NeurIPS, 2023.

Line Plot — e.g. Multivariate TSC

1. Transformer (ViT) better captures spatial 

correlations compared to CNN (ResNet).

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

3. The pretrained vision knowledge is useful.

75
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• Ex.3: First Vision-based Foundation Model for TSF.

ViTime: A visual intelligence-based foundation model for time series forecasting. arXiv 2024.

Line Plot — e.g. TSFM (ViTime)

Eearth Moving Distance + KL Divergence

76
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• Theoretical Advantages of Visual Intelligence for TSF.

ViTime: A visual intelligence-based foundation model for time series forecasting. arXiv 2024.

Line Plot — e.g. TSFM (ViTime)

1. Spatiotemporal Isometry: value changes in TS is proportional to pixel variations in images. 

2. Pattern Preservation: Visual Fourier spectra matching original time series.

3. Geometric Regularization: limited resolution of the image resists disturbance, small disturbance in

TS only causes bitty changes in visual embedding.
81
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Heatmap — Intro

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

• Naturally supports MTS.

Harnessing Vision Models for Time Series Analysis: A Survey. In IJCAI, 2025. 82
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Heatmap — e.g. MVH TSG (TimEHR)

• Ex.1: a GAN-based model for Electronic Health Records (EHR) time series generation, it 

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

TimEHR: Image-based time series generation for electronic health records. arXiv 2024. 83
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Heatmap — e.g. MVH TSF

• Ex.2: Video Prediction Model for TSF

Deep video prediction for time series forecasting. In ICAIF, 2021.

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

facilitating the extraction of local correlation features by CNNs.
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Heatmap — e.g. UVH TSF (TimesNet)

• Ex.3: Perform periodic folding to capture inter-period and intra-period patterns via 2D CNNs.

TimesNet: Temporal 2d-variation modeling for general time series analysis. In ICLR, 2023. 85
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• Sota Performance in Forecasting, Imputation, Classification and Anomaly Detection

TimesNet: Temporal 2d-variation modeling for general time series analysis. In ICLR, 2023.

Heatmap — e.g. UVH TSF (TimesNet)
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• Ex.4: Periodic folding in frequency domain and multi-scale down-sapling in time domain.

TimeMixer++: A general time series pattern machine for universal predictive analysis. In ICLR, 2025.

Heatmap — e.g. UVH TSF (TimeMixer++)
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• Sota in long/short/few/zero Forecasting, Imputation, Classification and Anomaly Detection

TimesNet: Temporal 2d-variation modeling for general time series analysis. In ICLR, 2023.

Heatmap — e.g. UVH TSF (TimeMixer++)

88
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Heatmap — e.g. UVH TSF (VisionTS)

• Ex.5: Also adopts the periodic folding imaging, leveraging vision models for TSF.

• VisionTS reformulates TSF into an image reconstruction task via MAE.

VisionTS: Visual masked autoencoders are free-lunch zero-shot time series forecasters. In ICML, 2025.

Characteristics Origin Information
Time series continuous physical systems high redundancy

Image continuous physical systems high redundancy
Text discrete human cognitive construct semantically dense

89
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Heatmap — e.g. UVH TSF (VisionTS)

VisionTS: Visual masked autoencoders are free-lunch zero-shot time series forecasters. In ICML, 2025. 90
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Heatmap — e.g. MVH TSFM (VisionTS++)

VisionTS++: Cross-Modal Time Series Foundation Model with Continual Pre-trained Visual Backbones. arxiv 2025.

• Three gaps between TS and Image:

Modality Gap Dimensional Gap Probabilistic-forecasting Gap
TS unbounded, 

heterogeneous
arbitrary numbers

of variates
need uncertainty-aware 
probabilistic predictions

Image structured,
bounded

3 channels
(RGB)

deterministic output
of most vision models

91
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Heatmap — e.g. MVH TSFM (VisionTS++)

VisionTS++: Cross-Modal Time Series Foundation Model with Continual Pre-trained Visual Backbones. arxiv 2025. 92
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RP — Intro

Forecasting with time series imaging. Expert Syst. Appl., 2020.

RP (Recurrent Plot) capture periodicity, chaos, and other dynamic patterns of the sequence.
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RP — Intro

Forecasting with time series imaging. Expert Syst. Appl., 2020.

• Ex.1: Vision Models for TS Classification.
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RP — Intro

Forecasting with time series imaging. Expert Syst. Appl., 2020.

• Ex.2: Vision Models for TS Forecasting.

Model Combination: ARIMA, ETS, NNET-AR, TBATS, 
STLM-AR, RW-DRIFT, THETA, NAIVE, SNAIVE
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GAF — Intro

Encoding time series as images for visual inspection and classification using tiled convolutional neural networks. In AAAI Workshop, 2015

GAF (Gramian Angular Field) encodes the correlation of time series at different time steps.
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GAF — e.g. TSF

Deep learning and time series-to-image encoding for financial forecasting. IEEE/CAA J. Autom. Sin., 2020.

• Ex.1: CNNs for TS Anomaly Detection
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Spectrogram — Intro

"Signal estimation from modified short-time fourier transform." IEEE Trans. Acoust., 1984.
"The wavelet transform, time-frequency localization and signal analysis." IEEE Trans. Inf. Theory, 1990.

"Wavelets and filter banks: Theory and design." IEEE Trans. Signal Process., 1992.

Spectrogram is a visual representation of frequencies of a signal as it varies with time.

• Extensively used for audio signals analysis, type of UTS.
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Spectrogram — e.g. TSC

Vision language models are few-shot audio spectrogram classifiers. In NeurIPS Workshop, 2024.

• Ex.1: VLMs for Few-shot Audio Spectrogram Classification.
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Spectrogram — e.g. TSAD

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

• Ex.2: Vision Models for TS Anomaly Detection
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TS2Vision Summary

Harnessing Vision Models for Time Series Analysis: A Survey. In IJCAI, 2025.

1. More research focuses on Line Plot and Heatmap, 

as they support MTS, more common in reality.

2. TS2Vision enables a wide range of tasks, mainly

classification, forecasting, anomaly detection.
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Are LVM useful for TSF?

From Images to Signals: Are Large Vision Models Useful for Time Series Analysis?. arxiv 2025.

• Select two supervised (ViT/Swin) and two self-supervised pre-trained LVMs (MAE/SimMIM).

• Employ 8 common time series visualization methods.

• Analyze the effects on 10 TSC datasets and 8 TSF datasets.
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Are LVM useful for TSF?

From Images to Signals: Are Large Vision Models Useful for Time Series Analysis?. arxiv 2025.

• Comparison results between LVM and non-LVM methods.

Pre-trained LVMs are useful in TSC !

But pose challenges when used for TSF !
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Are LVM useful for TSF?

From Images to Signals: Are Large Vision Models Useful for Time Series Analysis?. arxiv 2025.

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

Self-supervised LVM outperforms supervised LVM in TSF !

Global attention is more suitable for time series than window attention !
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Are LVM useful for TSF?

From Images to Signals: Are Large Vision Models Useful for Time Series Analysis?. arxiv 2025.

• RQ2: Which imaging method best fits TSC (TSF) task?

In TSC, GAF and MVH have the best effect !

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

From Images to Signals: Are Large Vision Models Useful for Time Series Analysis?. arxiv 2025.

• RQ3: Are the pre-trained parameters in LVMs useful in time series tasks?

• RQ4: How useful are LVMs' architectures

Fine-tuning all parameters in TSF is best, only fine-tuning the norm layer in TSF can improve performance !

LVM may two complicated for TS, but its pretrained knowledge is useful !
106
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Are LVM useful for TSF?

From Images to Signals: Are Large Vision Models Useful for Time Series Analysis?. arxiv 2025.

• RQ5: Do LVMs capture temporal order of time series?

LVM is sensitive to time disturbance, proving its effective utilization of temporal patterns.
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Are LVM useful for TSF?

From Images to Signals: Are Large Vision Models Useful for Time Series Analysis?. arxiv 2025.

• RQ6: What are the computational costs of LVMs?

Although the calculation cost is higher, it has potential.
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Are LVM useful for TSF?

From Images to Signals: Are Large Vision Models Useful for Time Series Analysis?. arxiv 2025.

• RQ7: Which component of LVMs contributes more to forecasting?

The decoder of the self-supervised LVM is more critical in prediction than the encoder.

Decoder of SimMIM is a linear layer accounting for only
3.8% of all parameters
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Are LVM useful for TSF?

From Images to Signals: Are Large Vision Models Useful for Time Series Analysis?. arxiv 2025.

• RQ8: Will period-based imaging method induce any bias?

UVH imaging leads to LVM tending to "combine past cycles" prediction
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Are LVM useful for TSF?

From Images to Signals: Are Large Vision Models Useful for Time Series Analysis?. arxiv 2025.

• RQ9: Can LVMs make effective use of look-back windows?

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

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

Harnessing Vision Models for Time Series Analysis: A Survey. In IJCAI, 2025.

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

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

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

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

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

Harnessing Vision Models for Time Series Analysis: A Survey. In IJCAI, 2025.

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

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

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

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

Harnessing Vision Models for Time Series Analysis: A Survey. In IJCAI, 2025.

• Enhance vision encoder for TSF (e.g., distillation), as decoders dominate TSF performance. 

• Mitigate inductive bias from period-based imaging (e.g., UVH) for non-periodic data. 

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

varying input steps to fixed-resolution images.

• Improve TSF performance via tailored components or new training paradigms.

• Reduce computational costs via compression or efficient attention.

• Explore multimodal TS analysis by integrating VLM Agents.
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Outline

Background & Examples1

2

3

4

Why Multimodal ST Data Fusion

Principle of ST Multimodal Fusion

Foundation of ST Data

5 Visual/Language Knowledge Transfer

6 Conclusions
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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 Systems and Technology, 2025.

Essential difference between multimodal ML

in ST compared to the common multimodal.

1) Daily Multimodal Apps, Image/Video Generation

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

3) Real World Problems, e.g. AQI
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ST Multimodal Learning is Future

• Knowledge transfer across multi-domain is a promising direction.
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Thank you!

Siru Zhong

• siruzhong@outlook.com

• https://siruzhong.github.io/
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Yuxuan Liang

• yuxliang@outlook.com

• https://yuxuanliang.com/
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