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How to make graph visualization 
less cluttered?



Geometry-Based Edge Clustering 
for Graph Visualization

Weiwei Cui, Hong Zhou, Huamin Qu,
Pak Chung Wong, and Xiaoming Li

IEEE InfoVis 2008



Control meshes are used to route curved edges

Control points: center of the intersection of graph edges and mesh

[Cui et al. Infovis 08]



[Cui et al. Infovis 08]



US airlines graph (235 nodes, 2101 edges) 

(a) not bundled and bundled using (b) FDEB with inverse-linear model,

(c) GBEB, and (d) FDEB with inverse-quadratic model.

Air Line 
graph

FDEB 18.8 s
GBEB 2.5 s

[Holten and Wijk EuroVis 2009]
Force-Directed Edge Bundling for Graph Visualization



Lambert et al. EuroVis 2010

Winding roads routing edges into bundles





How can AI help graph visualization ?
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DeepDrawing: A Deep Learning Approach
to Graph Drawing

Yong Wang Zhihua Jin Qianwen Wang Weiwei Cui Tengfei Ma Huamin Qu 
http://yong-wang.org/proj/deepDrawing.html

IEEE TVCG 2020 (Presented at VIS 2019)

http://yong-wang.org/proj/deepDrawing.html
http://yong-wang.org/proj/deepDrawing.html
http://yong-wang.org/proj/deepDrawing.html


Research Question
Ø Deep learning techniques have shown a powerful capability of modelling 

the training data and further making predictions in many applications

Ø Can we model graph drawing as a learning and prediction problem and
further generate drawings for input graphs directly?
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Overall Idea
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Challenges
Ø Model Architecture

- Existing deep learning techniques are mainly applied to the Euclidean
data (e.g., images, videos and texts), instead of graphs

- Recent research on Graph Neural Network mainly targets at node
classification and link prediction on a single graph, which is much different
from graph drawing
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Challenges
Ø Model Architecture

Ø Loss Function Design
- How to evaluate whether a drawing for an input graph is ”correct” or not?
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Challenges
Ø Model Architecture

Ø Loss Function Design

Ø Training Datasets
- There are no publicly-available high-quality datasets for graph drawing
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DeepDrawing
Ø Model Architecture

Ø Model Input

Ø Loss Function Design

Ø Dataset Generation
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DeepDrawing – Model Architecture

We propose a bi-directional graph-LSTM based model for graph drawing.
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DeepDrawing – Model Input
Ø Node Ordering

o Random ordering
The possible orderings for an input graph can be very large!

o BFS ordering
- Avoid exhaustively going through all possible node permutations

- There is an upper bound for the possible connection between the
current node and its prior furthest nodes along the BFS sequence[1]!

[1] J. You, R. Ying, X. Ren, W. L. Hamilton, and J. Leskovec. Graphrnn: a deep generative model for graphs. In Proceedings of 
the 35th International Conference on Machine Learning, 2018. 
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DeepDrawing – Model Input
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DeepDrawing – Loss Function Design
Ø Design Considerations

o Make the predicted drawings as similar as possible to the drawings of 
ground-truth

o The function should be invariant to translation, rotation and scaling
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DeepDrawing – Loss Function Design
Ø Procrustes Statistic

o It is transformation-invariant
o It is between 0 and 1
o Zero means the drawings are exactly the same; while one means

they are totally different
29



Ø We generate:
o Graph data: grid graphs, star graphs, clustered general graphs

o Graph drawing data: grid layout, star layout, ForceAtlas2, PivotMDS
- We manually tune the parameters of the drawing algorithms

30

DeepDrawing – Dataset Generation



Evaluations
Ø We extensively evaluated the proposed approach:

o Qualitative and quantitative evaluations

o Comparison with the graph truth drawings  and those by the 
baseline model (a 4-layer Bi-LSTM model) 
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Evaluations – Qualitative Evaluation
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Ground-Truth Our Approach Ground-Truth Our Approach



Evaluations – Quantitative Evaluation
Ø Procrustes Statistic-based similarity:

Our approach is significantly better than the baseline model
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Limitations
Ø Lack Interpretability

Ø Our current evaluations mainly focus on small graphs with 20 to 50
nodes

Ø The performance of DeepDrawing has a dependence on the input
node ordering and the structure similarity with the training graphs
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Take Home Message
Ø We propose a graph-LSTM based approach to graph drawing and

investigate its effectiveness on small graphs

Ø It is worth further exploration in terms of good interpretability and better
prediction performance on large graphs

Ø More details: code, video and slides are(or will be) accessible at:
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http://yong-wang.org/proj/deepDrawing.html

http://yong-wang.org/proj/deepDrawing.html
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GVVST: Image-Driven Style Extraction from 
Graph Visualizations for Visual Style Transfer

Sicheng Song, Yipeng Zhang, Yanna Lin, Huamin Qu, Changbo Wang, and Chenhui Li

IEEE Transactions on Visualization and Computer Graphics, vol. 31, no. 9, pp. 5975-5989, Sept. 2025

To be presented at IEEE VIS’25



Problem Definition

Input Image

Topological Data

Layout and Style

Custom Style

Custom Data
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Challenges

How to define visual styles of 
graph visualization?

1

How to make it easier for non-
professionals to draw well-design
graph visualization?

2

How to balance the aesthetics and 
functionality of graph visualization?3
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Formative Study

•We limited our research scope to styles that were shared by more than 20% of respondents, 
providing generally accepted guidelines for graph design.
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Pipeline
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Global Style Extraction

FunctionalityAesthetics Computational 
Aesthetics

• Cluster-based clustering 

layout

• Force-directed layout 

within clusters

• Saliency-based graph 

clustering

• Node sparsity adjustment
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• Community-based 

color matching

• Data adaptability

• Color coordination

• Background and highlights

• Proportional distribution

Layout Extraction

Color Scheme Extraction



Local Style Extraction
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Style Transfer

Node Fill：True

Label：True

Edge Linear.：False

Node Var.：False

Edge Var.：False

Max Node Scale：0.476

Min Node Scale：0.476

Max Edge Scale：0.001

Min Edge Scale：0.001

Node Sparsity：0.336

Node Fill ：True

Label ：True

Edge Linear. ：True

Node Var. ：False

Edge Var. ：False

Max Node Scale ： 0.451

Min Node Scale ： 0.069

Max Edge Scale ： 0.001

Min Edge Scale ： 0.001

Node Sparsity ： 0.639

Reference Global Style Local Style Mapping
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Application
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Application
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Application
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How can graph visualization be 
more interesting ?



Data Storytelling

48



Data Storytelling is Everywhere

Public health communication @WHO

> 2 million views

Covid19, Public Health @Vox Wars @Neil Halloran

> 12 million views
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Economics @BBC News

> 12 million views



Data storytelling leverages 
the art of visual and 

narratives to make data 
communication 

understandable, engaging, 
and enlighten, ultimately 

driving changes.
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Effective data storytelling 
@Brent Dykes

Definition of Data Storytelling



NetworkNarratives: Data Tours for 
Visual Network Exploration and Analysis

Wenchao Li1, Sarah Schöttler2, James Scott-Brown2, Yun Wang3, 
Siming Chen4, Huamin Qu1, Benjamin Bach2

1 2 3 4



Network Exploration
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Challenging

Time-consuming



Semi-automatic Data Tours
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… … …

Network overview Community exploration Ego-network analysis



Slides in a Data Tour
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Each slide in a tour 
shows a piece of 
information (fact) 

… …

Network overview Community exploration



Main Characteristics of Data Tours
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1. Unlike guidance and recommender systems for visual 
analytics, our approach is goal-driven. 

… … …

Network overview Community exploration Ego-network analysis



Main Characteristics of Data Tours
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2. Tours are primarily sequential.



Main Characteristics of Data Tours
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3. The implemented 10 complementary example data tours can 
be linked so an analyst can pivot between them



NetworkNarratives User Interface
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Please visit:
https://networknarratives.github.io
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Discussions
Data tours are complementary to free-form tools
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Motivation

Need for Interactive Live Data Storytelling 
System for Node-link Diagram

Motivation Design System ConclusionResearch Gap

By interacting with the node-link diagram improvisationally, 
the presenter can deliver a more personalized and engaging
experience for the audience.
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Settings of TangibleNet

TangibleNet is a web-based application utilizing a webcam, a projector, 
magnets, and a whiteboard

Motivation Design System ConclusionResearch Gap
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Supported Interactions Motivation Design System ConclusionResearch Gap
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TangibleNet Motivation Design System ConclusionResearch Gap



In the AI era, how can AI help in efficient and 
creative data storytelling creation?

68



69



Where Are We So Far?

Improve data story creation efficiency

Data Science: Notable1 (CHI '23), 
InkSight2 (VIS '23), OutlineSpark3 (CHI '24) 
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Sports: VisCommentator4 (VIS '21)



Where Are We So Far?
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Animation: DancingWords5 ( JoV '21), Wakey-Wakey6 (UIST ‘23),
Emordle7 (TVCG '23), Dynamic Typograph (ICCV ‘25)

Cinematography: GeoCamera8 (CHI '23)

Unleash creativity in data storytelling



Where Are We So Far?

We provides a comprehensive review on how 
existing tools amplify humans’ and AI’s 
advantages through collaboration (CHI2024)25.

72



Human-AI Collaborative Tools

We need a systematic reflection to review the research progress and ignite 
new ideas with powerful AI systems.

• We collected 60 tools between 2010 and 
2023 in top HCI and visualization venues.

• Since 2019, human-AI collaborative tools 
have gained interest from researchers.
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Characterizing Human-AI Collaboration

We characterize human-AI collaborative data storytelling tools from:
• The covered stages in the workflow to contextualize the collaboration

Analysis Planning CommunicationImplementation

Data Storytelling Stages

Data Presentation

Human-AI Collaborative Data Storytelling Tools
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Characterizing Human-AI Collaboration

We characterize human-AI collaborative data storytelling tools from:
• The covered stages in the workflow to contextualize the collaboration
• Humans’ and AI’s roles in each stage to reflect the work distribution and 

their advantages and disadvantages

Analysis Planning CommunicationImplementation

AssistantCreator Optimizer Reviewer

Data Storytelling Stages

Human Collaborator Roles

AI Collaborator Roles

Data Presentation

Human-AI Collaborative Data Storytelling Tools

Collaborate in

Collaborate in

Collaborate with

Collaborate with
AssistantCreator Optimizer Reviewer



Observations and Lessons

We identify common collaboration patterns between two roles in individual 
stages.

AssistantCreator Optimizer Reviewer

AssistantCreator Optimizer Reviewer

Data Storytelling Stages

Human Collaborator Roles

AI Collaborator Roles

Analysis Planning CommunicationImplementation

Human creators often receive assistance from AI in the analysis stage. 
76



Observations and Lessons

AssistantCreator Optimizer Reviewer

AssistantCreator Optimizer Reviewer

Data Storytelling Stages

Human Collaborator Roles

AI Collaborator Roles

Analysis Planning CommunicationImplementation

We identify common collaboration patterns between two roles in individual 
stages.

AI creators often collaborate with human optimizers at the implementation stage.
77[Li et al., Data Storytelling Survey, CHI 2024]



Observations and Lessons

Beyond collaboration in an individual stage, we notice an interesting trace when 
investigating the collaboration across all stages:

Human-
creator
(2018)

7

78[Li et al., Data Storytelling Survey, CHI 2024]



Observations and Lessons

Beyond collaboration in an individual stage, we notice an interesting trace when 
investigating the collaboration across all stages:

Human-
creator
(2018)

AI-creator
(2019)

7

19

79[Li et al., Data Storytelling Survey, CHI 2024]



Observations and Lessons

Beyond collaboration in an individual stage, we notice an interesting trace when 
investigating the collaboration across all stages:

Human-
creator
(2018)

AI-creator
(2019)

Mix-creator
(2023)

7

19

17

80[Li et al., Data Storytelling Survey, CHI 2024]



Creative Design of Animated Text

• Leverage AI to transfer motion design

L. Xie, Z. Zhou, K. Yu, Y. Wang, H. Qu, S. Chen. 2023. Wakey-Wakey: Animate Text by Mimicking 
Characters in a GIF. Proc. UIST.



Creative Design of Animated Text

L. Xie, Z. Zhou, K. Yu, Y. Wang, H. Qu, S. Chen. 2023. Wakey-Wakey: Animate Text by Mimicking 
Characters in a GIF. Proc. UIST.

Animated TextStatic Text

Wakey Wakey!
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Establishment of Division of Arts and Machine Creativity



Conclusions

● AI can help with graph visualization in many aspects, such as style 
transfer, layout generation, and more.

● Communication will be more important than analytics, and storytelling is 
key.

● Human-AI co-creation is a growing trend. 



HKUST 
VisLab Thank you!

Learn more about our latest 
research by scanning the QR code

Contact: huamin@cse.ust.hk
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