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HKUST VisLab

The HKUST VisLab is dedicated to advancing the frontiers of visual analytics, driven by a passion for transformative research with far-
reaching impact.

Big Data Analytics, Data Visualization, Visual Analytics, Human Computer Interaction, Explainable Al, Al for Vis, Urban Computing/Smart City, E-Learning, Social Media, Social
Network/Graph, Fintech, Multimodal Human Communication, and eXtended Reality
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Home > Graph Drawing > Conference paper

Controllable and Progressive Edge
Clustering for Large Networks

Conference paper

pp 399—-404 | Cite this conference paper Graph

Drawing

(GD 2006)

Huamin Qu, Hong Zhou & Yingcai Wu




Huamin Qu M ey

Chair Professor, Hong_Kong_University of Science and Technology
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Data visualization Human-Computer Interaction Explainable Al E-Learning
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Textflow: Towards better understanding of evolving topics in text 539 2011

W Cui, S Liu, L Tan, C Shi, Y Song, Z Gao, H Qu, X Tong
IEEE transactions on visualization and computer graphics 17 (12), 2412-2421

Context preserving dynamic word cloud visualization 476 2010
W Cui, Y Wu, S Liu, F Wei, MX Zhou, H Qu
2010 IEEE Pacific Visualization Symposium (PacificVis), 121-128

Geometry-based edge clustering for graph visualization
W Cui, H Zhou, H Qu, PC Wong, X Li

IEEE transactions on visualization and computer graphics 14 (6), 1277-1284




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
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Graph | Control Mesh Generation Edge Clustering Visualization

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]



Air Line

graph
US airlines graph (235 nodes, 2101 edges) cors 255

(a) not bundled and bundled using (b) FDEB with inverse-linear model,
(c) GBEB, and (d) FDEB with inverse-quadratic model.

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



Lambert et al. EuroVis 2010

Winding roads routing edges into bundles



Evaluation of Graph Sampling: A Visualization Perspective

Yanhong Wu, Nan Cao, Daniel Archambault, Qiaomu Shen, Huamin Qu, and Weiwei Cui
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Figure 1. Comparison between two sampling strategies: (a) The original graph, (b) the graph sampled using Random Walk, and (c)
the graph sampled using Forest Fire. The upper right corner of each subfigure shows the degree distribution. Subfigures (b) and (c)
have similar degree distributions and an average degree of 2.4. However, the resulting visualizations of the samples are extremely
different, indicating that the sampling strategy chosen can greatly influence the visual features present in the graph.



How can Al help graph visualization ?



Evaluating the Readabillity
of Force Directed Graph
Layouts: A Deep Learning

Approach

Hammad Haleem
The Hong Kong University of Science and
Technology, Hong Kong, China

Yong Wang
The Hong Kong University of Science and
Technology, Hong Kong, China

Abishek Puri
The Hong Kong University of Science and
Technology, Hong Kong, China

Sahil Wadhwa
Blackrock, New Delhi, India

Huamin Qu
The Hong Kong University of Science and
Technology, Hong Kong, China

Existing graph layout algorithms are usually not able to
optimize all the aesthetic properties desired in a graph
layout. To evaluate how well the desired visual features are
reflected in a graph layout, many readability metrics have
been proposed in the past decades. However, the
calculation of these readability metrics often requires
access to the node and edge coordinates and is usually
computationally inefficient, especially for dense graphs.
Importantly, when the node and edge coordinates are not
accessible, it becomes impossible to evaluate the graph
layouts quantitatively. In this paper, we present a novel
deep learning-based approach to evaluate the readability of
graph layouts by directly using graph images. A
convolutional neural network architecture is proposed and
trained on a benchmark dataset of graph images, which is
composed of synthetically-generated graphs and graphs
created by sampling from real large networks. Multiple
representative readability metrics (including edge crossing,
node spread, and group overlap) are considered in the
proposed approach. We quantitatively compare our
approach to traditional methods and qualitatively evaluate
our approach by showing usage scenarios and visualizing
convolutional layers. This work is a first step towards using
deep learning based methods to quantitatively evaluate
images from the visualization field.

Figure 6. Given the graph layouts in (A), the proposed model can predict
their M;. The graph layouts with top-2 maximum and minimum A/; are
present in (B) & (C), respectively.

IEEE CG&A 2019

17




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

» Deep learning techniques have shown a powerful capability of modelling
the training data and further making predictions in many applications

» Can we model graph drawing as a learning and prediction problem and
further generate drawings for input graphs directly?

4 )

{Graph Structures} :> Graph Drawing Model using l:>
Deep Learning

19



Overall Idea

Training Stage

/ Graph Drawing Samples




Challenges

» 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



Challenges

> Model Architecture

» Loss Function Design
- How to evaluate whether a drawing for an input graph is “correct” or not?



Challenges

» Model Architecture
» Loss Function Design

» Training Datasets
- There are no publicly-available high-quality datasets for graph drawing



DeepDrawing
» Model Architecture
» Model Input

» Loss Function Design

> Dataset Generation



DeepDrawing — Model Architecture

A B C D E F G

Forward

Hwoww{wt“wt

A B C D E F G

Backward

We propose a bi-directional graph-LSTM based model for graph drawing.



DeepDrawing — Model Input

» 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 sequencelll!

[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.



DeepDrawing — Model Input

w
G
(a)
A D E F G
Forward
»(FC N , FC »(FC »(FC » FC »(FC
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Backward



DeepDrawing — Loss Function Design

» 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

(a) . (b) 28



DeepDrawing — Loss Function Design

> Procrustes Statistic

(tr(CTCCT C)1/2)2

R* =1 —
tr(CTC)tr(CTC)

o lItis transformation-invariant

It is between O and 1
o Zero means the drawings are exactly the same; while one means

they are totally different

O



DeepDrawing — Dataset Generation

» 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



Evaluations

» 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)



Evaluations — Qualitative Evaluation

Ground-Truth Our Approach Ground-Truth

Our Approach

32



Evaluations — Quantitative Evaluation

» Procrustes Statistic-based similarity:
Our approach is significantly better than the baseline model

0.4
= 1 Baseline

0.35 I
™ Ours
0.3

0.25

—x
I
0.2
0.15
0.1
0.05
0

ForceAtlas2 PivotMDS



Limitations

» Lack Interpretability

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

» The performance of DeepDrawing has a dependence on the input
node ordering and the structure similarity with the training graphs

34



Take Home Message

» We propose a graph-LSTM based approach to graph drawing and
investigate its effectiveness on small graphs

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

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



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

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



E Problem Definition

+ Custom Style
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m Challenges

;&: Reference Image ’©») Saliency Map {,4 Sketch Drawing

-

How to define visual styles of
graph visualization?

.

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

4

Output Graph

&

Custom Results

[j ) Topological Data ,*\

8 How to balance the aesthetics and
e - N7 functionality of graph visualization?

38



E Formative Study

Style Type Style Aspect Total Ratio
Color Scheme 26 86.67%

Global Style Layout 22 73.33%
Sparsity 8 26.67%
Node Radius Scale 13 43.33%
Edge Width Scale 13 43.33%
Node Fill 10 33.33%
Edge Linearity 8 26.67%

Local Style Label Status 7 23.33%
Legend Location 3 10.00%
Font Type 2 6.67%
Node Shape 2 6.67%
Font Size 1 3.33%
Arrow Size 1 3.33%

«We limited our research scope to styles that were shared by more than 20% of respondents,

providing generally accepted guidelines for graph design.

39
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m Global Style Extraction

. Saliency-based graph '.’;‘f.-....'...

clustering

« Node sparsity adjustment

Aesthetics

« Color coordination
« Background and highlights

« Proportional distribution

///).
71t

pe /8 ‘ W » Ly : o.. .
\ ° ....:.. 0.0 . .
.:... ] \J .. .. A o .: .. o °
iy .. P :o 2 SRR = {
‘ [ ] . s AN .o. ¢

Layout Extraction

Computational
Aesthetics

Color Scheme Extraction

layout
« Force-directed layout

within clusters

Functionality

™

« Community-based

color matching

« Data adaptability

« Cluster-based clustering

41



m Local Style Extraction
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Output
I/ __________________________ N
Classification
= Y Node Fill Solid
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E Style Transfer

Reference

Global Style

Node Fill: True
Label: True

Edge Linear.: False
Node Var.: False

Edge Var.: False

Node Fill : True
Label : True

Edge Linear. . True
Node Var. : False

Edge Var. . False

Max Node Scale:
Min Node Scale:
Max Edge Scale:
Min Edge Scale:

0.476
0.476

0.001
0.001

Node Sparsity: 0.336

Max Node Scale
Min Node Scale
Max Edge Scale
Min Edge Scale :
Node Sparsity

Local Style

- 0.451
0.069

- 0.001

0.001
0.639

Mapping

43



m Application

< C  ® localhost:8081/#/
* Node Status >
@ Link Status >
[® Label Status >
2 Sparsity >

Upload Graph File

L

@

a e Guest

Input Graph
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Application
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How can graph visualization be
more interesting ?



Data Storytelling

Hans Rosling's 200 Countries, 200 Years, 4 Minutes -
BBC Four

10M views + 13 years ago

BBC @

#bbc All our TV channels and S4C are available to watch live through BBC iPlay

CC

3 moments The World 200 Years Ago in 1810 | World in 1948 | C




Data Storytelling is Everywhere

Estimating Global
COVID-19 Excess Mortality

While 1 812 123 COVID-19 deaths were reported
cent WHO estimates suggest an excess

at least 3 000 000.

> 12 million views

x

7R
Source: World Health Organization (WHO), 20 May 2021 3 E/World.Hea'Ith
WY Organization

Public health communication @WHO

Q @ Gerhard Sommer

— o> 12 million views

COVID-19

> 2 million views

Get the latest information from the TCDC about coronavir

G See more resources on Google [2

How coronavirus charts can mislead us The Fallen of World War Il

1 views + Apr 28, 2020 5 59K G DISLIKE > SHARE i DOWNLOAD =4 SAVE ... 11,375,800 views - Oct 26, 2016 e 412K GJ DISLIKE > SHARE . DOWNLOAD =+ SAVE

Covid19, Public Health @Vox Wars @Neil Halloran




Definition of Data Storytelling

Data storytelling leverages
the art of visual and
narratives to make data
communication
understandable, engaging,
and enlighten, ultimately
driving changes.

Effective data storytelling
@Brent Dykes




NetworkNarratives: Data Tours for
Visual Network Exploration and Analysis

Wenchao Li', Sarah Schoéttler?, James Scott-Brown?, Yun Wang?,
Siming Chen#, Huamin Qu’, Benjamin Bach?
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Network Exploration
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Semi-automatic Data Tours

Network overview Community exploration

Number of Nodes - .,' 5 1 ot o | Node Clusters

This networks has 388 cities. This network can be divided into 4 clusters.

Hamburg, Germany | Hybrid
April 23-28, 2023
e ..

reCHInnecting

.

Ego-network analysis

Sum of Link Weight

et
et

The city (Amsterdam) has 129,100 incoming flow
weight and 326,200 outgoing flow weight.

53



Slides in a Data Tour

Network overview

’This networks has 388 cities.
e

Community exploration

Node Clusters

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

54



Main Characteristics of Data Tours

Number of Nodes &5 faster ' Node Clusters R o o oo b Sum of Link Weight

This networks has 388 cities. This network can be divided into 4 clusters. The city (Amsterdam) has 12.9‘160 mcomlngflo:/v

weight and 326,200 outgoing flow weight.

1. Unlike guidance and recommender systems for visual
analytics, our approach is goal-driven.

55



Main Characteristics of Data Tours

@ Network Overview Tour g slide / Fact

ialustad

Amste
®

3rd most
connected nodi

2nd most
Most connected node connected nod

Number of nodes Number of links Most connected nodes

7 D)
Jelbufq Hertogehbosch

Breda

Rotterdam is the 2nd most  Utrecht is the 3rd most

7 3 ¢/ connected city, with 266 connected city, with 256
This networks has 388 It has 11,126 commuter These cities are the 39 Amsterdam is the most IfT(;:xsmmg and 146 outgr” bt our ﬂrgi-r:ngﬂzr‘;vclnf)
cities. flows. (10%) most connected connected city, with 273 : Joing :
. cities. incoming and 143 fl01 2
g Start of tour New section 2 outgoing flows. . -

L (9) (10) X
ST €) e © etttiL | (0 (10 >

—

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

I Tour continues ... l
Subgraph Exploration Tour I © Ego-Network Tour I
Number of nodes Link density 7 Link density Node Geography Sum of link weight Connectivity Ranking *
/R comparison | I T v W e I
A (/

. I I
I & Nethertands I

The subgraph has 39 ci- The subgraph has a density It is 236.52% denser than This city is located at [4.89, This city (Amsterdam) has  Amsterdam is the most

ties, which is 10.05% of all  of 66.60%. (Density = the entire network. I 52.37]. 129,100 incoming flow connected node in the
the cities in this network. Actual link(s) / Possible weight and 326,200 entire network. I

link(s)) outgoing flow yugight.
® ® O— ® © ®

\/ o/ S ' I I

3. The implemented 10 complementary example data tours can
be linked so an analyst can pivot between them
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NetworkNarratives User Interface

Configuration

B Select example dataset ‘ [M

Topics
Selected dataset: [local] Netherlands Co

geography

Select a tour: [ v Fitter | [ nodes

= ;
None 2 density

[overall] Centrality Exploration |
[overall] Community Exploration
[subgraph] Subgraph Overview

Follow the tour, using the navigation panel on the right
or the overviews below:

i= Outline [1 Bookmarks

v General Information (4)
[ Geographic position
(3 Number of nodes
[ Number of links
[ Network density
v Link Information (4)
[ Total link weight
[ Average link weight
[ Strongest link )
[ Weakest link
v Node Centrality (5)
[ Top connected nodes (highest degree)
[ Most connected node ()
[ Node with most incoming links ()
, 3 Node with most outgoing links (©

[) Least connected nodes (lowest degree)

2 Edit the tour

CHlI

Hamburg, Germany | Hybrid
April 23-28, 2023
reCHInnecting

General Information: Number of links

statistics

connectivity

% Papenburg Bremen
weight X
overview
Norwich
. Neustadt ¢
L ngen Riibenber
H
Minden
)
o Bielefeld
Miinster .
ter K
Paderborn
Dortmund
.9 Essen .
d .
Hagen
terbury . ‘”/' 5 Kas'.sc\
¢ Bruges =~ “Antwerp Dusseldorf
Dover %
Dunkirk Ghent
Ca£3'5 Hasselt >
Brussels X
Boulogne- ) Cologne Marburg
sur-Mer ANaE
o Lille . Euskirchen I
. o GieBen x_/
A A © Mapbox © OpenStreetMap @)

The network has 11,216 flow(s).

|4 Previous slide M Next slide

’ © More about [General Information]

/
2 Leer
NiT= Oldenburg

de
Briemerhaven
Aurich
Emden

[3/14]
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Please visit:
https://networknarratives.github.io

Subgraph Overview Ego-Network Exploration Centrality Exploration

This data tour explores nodes based on different centrality measures (e.g., degree or betweenness). For example, we
compute the node with the Highest centrality for both Betweenness centrality and Closeness centrality. Possible
extensions include the comparison of several centrality measures. Subgraph Comparison compares two specified

Subgraph Overview is similar to Network Overview but focuses on a specific subgraph. It shows the subgraph's size
and the percentage of the network's nodes it comprises, important nodes, density, and important links to the rest of
the network. After selecting the templates, a user is asked to select a subgraph using a lasso selection tool.

This data tour explores the network around a selected node and its neighbors. The tour starts with the selected node
and its position within the entire network. The template then explores the node's direct neighborhood (nodes, links,

Number of Nodes

The subgraph has 27 cities,
which is 6.96% of all the
cities in this network.

Connectivity Ranking

Heerlen has 69 connections,
which make it the 39th most
connected node in the entire
network.

Weakest Link

X

The weakest flow is between
Landgraaf and Onderbanken
(100 flow weight).

Most C

Link Density Link Density Ct¢

Naticiands

Itis 185.51% denser than the
entire network.

The subgraph has a density
of 53.85%.
(Density = Actual link(s) /
Possible link(s))

Link Weight Ranking Total Link Weight

v

The sum of weight of all the
flows in the subgraph is
166,700.

The total weight of Heerlen’s
flows is 54,300, which put it
the 28th place compared to
the entire subgraph

Outside Connections

This subgraph has 492 flows with cities outside
this subgraph (compared to 378 flows within this
subgraph)

Node

Heerlen is the most con-
nected city in the subgraph,
with 26 incoming and 22
outgoing flows

Strongest Link

N

The strongest flow is be-
tween Eijsden-Margraten
and Maastricht (4,500 flow
weight).

Node Clusters

This subgraph can be divided
into 2 clusters

strong connections), then their mutual connections, and finally, its neighbors' neighbors. Possible Paths explores a set
of possible paths between two selected nodes. The tour reports on path length, combined weights along each path,
and the minimum link weight within each path. This data tour was motivated by Archaeologist's desire to explore

historical travel costs between cities.

Node Name

R TP S Netheriants” ..

The selected city is Amsterdam.

Connectivity Ranking

N

Amsterdam is the most connected
node in the entire network.

Neighboring Link
Weight Proportion -

The neighboring flows include Rotterdam has the most con-  The neighboring cities has
nections within this neighbor-

10.42% of all flow weights in
the network.

Node Geography

The selected city is located at

[4.89, 52.37].

Neighboring Nodes .. 3

Amsterdam has 273 direct
neighbors.

Sum of Link Weight

The city (Amsterdam) has 129,100 incoming flow
weight and 326,200 outgoing flow weight.

Neighboring Nodes Farthest Link 5
Proportion %z > oy

These neighboring cities

includes 70.36% of all cities
in the dataset.

The farthest city that con-
nects Amsterdam is
Gulpen-Wittem.

ing Nodes Neighboring Nodes

Most C Node

hood, with 269 connections.

of the Neighborhood " Proportion

These neighboring cities
includes 28.09% of all cities
in the network.

109 external neighbors.

subsets of nodes and links (e.g., regions, subgraphs). Selecting this template prompts the user to select two sets of
nodes. The tour first mentions the Number of nodes and the Number of links for each subgraph, then details important
nodes such as the Most connected node in each, and finally shows links between the two subgraphs (e.g., Number of
links, their Total link weight, and the Strongest link among them).

Smallest Cluster

Node Clusters Largest Cluster

Nether

The smallest cluster is clu-
ster-1 with 20 cities (5.15% of
all cities).

The largest cluster is cluster-2
with 174 cities (44.85% of all
cities).

This network can be divided into 4 clusters.

Least Connect Cluster

Most Connected Node Link Number between Most Connect Cluster .
I Gt v with Outside

with Outside

Cluster-3 is the least connected
cluster with 391 external links.

Cluster-2 is the most con-
nected cluster with 1,966
external links.

There are 225 (2.01%) flows
connecting the largest and
smallest clusters.

The most connected city (by
flow number) in this network
is Amsterdam, located in
cluster-0.
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Discussions

Data tours are complementary to free-form tools

CHlI

Cond. Advantages Disadvantages
Tours Orients users with a narrative. | Can limit thinking and feel pas-
Automatically provides facts. | sive. Explanationsneed to be cho-
Can inspire deepened explo- | sen carefully. Supports arich set
ration. May lead to additional | of views.
discoveries. Easy navigation.
Saves time. Helps learn about
analysis.
FREE- Provides greater flexibility for ex- | Harder to obtain deep insights
FORM ploration. or spot patterns with low promi-

nence. Requires more time and
effort to interact. Requires users
to know where to look/have an
exploration strategy.

Hamburg, Germany | Hybrid
April 23-28, 2023
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TangibleNet

Synchronous Network Data Storytelling through @] UNIVERSITY OF SCIENCE
Tangible Interactions in Augmented Reality AND TECHNOLOGT
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MOtlvathn Motivation Research Gap Design System Conclusion

Need for Interactive Live Data Storytelling
System for Node-link Diagram
By interacting with the node-link diagram improvisationally,

the presenter can deliver a more personalized and engaging
experience for the audience.



Settings Of Ta ngibleNet Motivation Research Gap Design System Conclusion

TangibleNet is a web-based application utilizing a webcam, a projector,

magnets, and a whiteboard

_ Marker Recognition Hand Recognition
Whiteboard JS-ARUCO2 MediaPipe

@

///
m

Webcam Projector ) i | 51



Supported InteraCtionS Motivation Research Gap Design System Conclusion
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Ta ngibleNet Motivation Research Gap Design System Conclusion
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In the Al era, how can Al help in efficient and
creative data storytelling creation!?



Where Are We So Far? Understanding Data
Storytelling Tools from the Perspective of
Human-Al Collaboration

Haotian Li' Yun Wang? Huamin Qu'
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Where Are We So Far?

Improve data story creation efficiency

Data Science: Notable! (CHI '23),
InkSight2 (VIS '23), OutlineSpark?® (CHI '24)

Sports: VisCommentator* (VIS '21)



Where Are We So Far?

Unleash creativity in data storytelling

Camars Ubwwy

SUTTERFLY
merci R =
tha n K K you

I)S_w salamat Cﬂ EL o e wen
fél ﬁt e,‘ ' '"“"“"W "“;‘w Undoined + Gmphosis « Ovarview + Comparses + Sepptement + Oysemic (& |G

Animation: DancingWords> (JoV 21), Wakey-Wakey® (UIST 23), Cinematography: GeoCamera® (CHI '23)
Emordle’ (TVCG '23), Dynamic Typograph (ICCV ‘25)



Where Are We So Far?

We provides a comprehensive review on how
existing tools amplify humans’ and Al’s
advantages through collaboration (CHI2024)%>-

Year Tool Analysis Pl Impl ion C ion
2016 Data-Driven Guides [51] N/A N/A H-C N/A
2017  ChartAccent [92] N/A N/A H-C N/A
2018 Datalnk [139] N/A N/A H-C N/A
2019  Timeline Storyteller [7] N/A N/A H-C N/A
2020 Infomages [22] N/A N/A H-C A-A N/A
2020  DataQuilt [145) N/A N/A H-C AA N/A
2021  Chartreuse [26] N/A N/A H-C ‘A-A N/A
2021 InfoColorizer [144] N/A N/A H-C A-A N/A
2021 CAST [38] N/A N/A H-C A-A N/A
2022 Vistylist [103] N/A N/A H-C A-A N/A
2013 Contextifier [45] N/A N/A A-C N/A
2014  NewsViews [37] N/A N/A A-C N/A
2018  Metoyer et al. [80] N/A N/A A-C N/A
2019 Chen et al. [15] N/A N/A A-C N/A
2020  Retrieve-then-Adapt [90] N/A N/A A-C N/A
2021 AutoClips [100] N/A N/A A-C N/A
2021 Datamations [89] N/A N/A A-C N/A
2019  DataSelfie [50] N/A N/A A-C H-A N/A
2010  Click2Annotate [13] N/A N/A A-C H-O N/A
2010  Touch2Annotate [14] N/A N/A A-C H-O N/A
2018  Voder [108] N/A N/A A-C H-O N/A
2019 Text-to-Viz [27] N/A N/A A-C H-0 N/A
2021  InfoMotion [129] N/A N/A A-C H-O N/A
2022  Infographics Wizard [120] N/A N/A A-C H-O N/A
2019 Fu et al. [36] N/A N/A AR N/A
2022 Fan et al. [34] N/A N/A AR N/A
2022 Liu et al. [72] N/A N/A AA N/A
2014 Ellipsis [96] N/A H-C H-C N/A
2016  DataClips [3] N/A H-C H-C N/A
2021 Idyll Studio [23] N/A H-C H-C N/A
2021  VizFlow [111] N/A H-C H-C A-A N/A
2021  Kori [57] N/A H-C H-C A-A N/A
2021 Data Animator [116] N/A H-C H-C A-A N/A
2023  GeoCamera [67] N/A H-C H-C A-A N/A
2021  VisCommentator [17] N/A H-C A-C H-O N/A
2022  SmartShots [115] N/A H-C A-C H-O N/A
2022 Sporthesia [16] N/A H-C A-C H-O N/A
2023  DataParticles [9] N/A H-C A-C H-O N/A
2021 Gemini? [52] N/A H-C A-A H-C AA N/A
2020  Gravity [83] N/A H-C A-O H-C H-C
2022  Gravity++ [84] N/A H-C A-O H-C N/A
2021  ChartStory [146] N/A A-C H-O A-C H-O N/A
2016 CLUE [39) H-C H-C H-C H-C
2019 Insidelnsights 78] HC H-C H-C H-C
2021 ToonNote [48] H-C H-C H-C N/A
2018 InfoNice [132] H-C N/A H-C N/A
2023 SlidedN [124] H-C H-C A-A A-C H-O N/A
2022 NB2Slides [148] H-C A-C A-C H-O N/A
2019 DataToon [49] H-C A-A H-C H-C A-A N/A
2022  Erato [113] H-C A-A H-C A-A A-C H-O N/A
2023  Notable [64] H-C A-A A-C H-O A-C H-O N/A
2020  Brexble [21] AC N/A AC H-A N/A
2019 DataShot [131] A-C A-C H-O A-C H-0 N/A
2016  TSI[8] A-C H-A A-C H-O A-C H-O N/A
2020 Calliope [101] A-C H-O A-C H-O A-C H-O N/A
2020 data2video [75] A-C H-O A-C H-O A-C H-A N/A
2021 Lu et al. [74] A-C H-0 AC H-O AC H-0 N/A
2022  Roslingifier [104] A-C H-O A-C H-O A-C H-O N/A
2013 SketchStory [58] N/A N/A N/A H-C A-A
2022 Hall et al. [40] N/A N/A N/A H-C A-A




Count of Tools

Human-Al Collaborative Tools

Development of Data Storytelling Tools
Collaboration

B Alonly
[ Collaborative

% FHuman ony * We collected 60 tools between 2010 and
2023 in top HCI and visualization venues.

15

e
o
|

(&)
|

* Since 2019, human-Al collaborative tools
have gained interest from researchers.

- T - - - - - - |

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



Characterizing Human-Al Collaboration

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

Human-Al Collaborative Data Storytelling Tools

Data Storytelling Stages

Eqi —»3 L Analysis Planning Implementation Communicationw 3 — |>Q£;

Data 3 Presentation

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,



Characterizing Human-Al Collaboration

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

Human-Al Collaborative Data Storytelling Tools

Human Collaborator Roles

' Collaborate with m _ o .
| = Creator Assistant Optimizer Reviewer

Collaborate in
Data Storytelling Stages ‘ |

Eqi —»3 L Analysis Planning Implementation Communicationw 3 - |>Q£;

Presentation

1 Collaborate in

o]
Creator Assistant Optimizer Reviewer tﬂ; o
P ao Collaborate Wlth:

Al Collaborator Roles

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,



Observations and Lessons

We identify common collaboration patterns between two roles in individual

Human Collaborator Roles ‘@‘ Creator Assistant Optimizer Reviewer
Creator Assistant Optimizer Reviewer tm Al Collaborator Roles
aD
Data Storytelling Stages Analysis Planning Implementation ~ Communication
Count - Count Count p Count
5I Ie 10I 15 2°I I 20 I 3
10 2
JILH = s 1B _ Ji-H B I10 , l
Creatox n - 2 Creator n - Creator | m - Creator
Assistant q | - 0 Assistant l 0 Assistant h - 0 Assistant - 0
< OptimiZEF; < Optimizer I < Optimizer < Optimizer
Reviewer 1 Reviewer Reviewer ‘{ I Reviewer
— I v L —
E’???? o 5 5 € 58S 0 10 52585 o 20 Tse'ss < o 2
§5g3° 83 €3 - 83 €3 - 83 €38 -
S I S 2 & 3 S 8 &8 8 S 8 & 3
< O @ < O @ < 0 @ < O @
Huma Human Human Huma
(a) Analysis (b) Planning (c) Implementation (d) Communication

Human creators often receive assistance from Al in the analysis stage.



Observations and Lessons

We identify common collaboration patterns between two roles in individual

stages.
Human Collaborator Roles 9‘ Creator Assistant Optimizer Reviewer
N . . . b
Creator Assistant Optimizer Reviewer Y-m Al Collaborator Roles
[ o o]
Data Storytelling Stages Analysis Planning Implementation ~ Communication

ceaw] R 1 o] @ 1
Assistant - Assistant l
<< Optimizer < Optimizer I
Reviewer Review
N/A I N/A L
5% 5 5 0 5 5 E 8 & o 10
S 4 S 3 3 3
< 0« < 0
Humai Human
(a) Analysis (b) Planning

oo | | E] |2 N o
2| = o Asisan m
< Optimizer < Optimizer
Reviewer | Review:
o | = .
T T T T 1 r T T 1 r T
8§ E 58 5 < 0 20 S €E 5 & < 0 2
s &8 N = 2 T & N =2 2
o 2 E o @& E
S 85 S 8 &
< 0« < 0
Humal Humal

(c) Implementation (d) Communication

Al creators often collaborate with human optimizers at the implementation stage.

[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:

Analysis Planning Implementation Communication
InfoNice 7
* N/A N/A N/A N/A I Human-
ax in i :ff, |I| l. II
Q - - . - - creator
reator reator = :
Data I.l e S 25
g plots charts to N/A produces infographics N/A ; (201 8)
explores data based on charts Infographics

[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:

Implementation Communication

Analysis Planning
I/nfoNlce 7
% N/A N/A N/A N/A TE — e Human-
= Inin ) .|||.|.|||..
Q - - . e S S T creator
reator reator [ S | iag
Data ll" v S =22
g plots charts to N/A produces infographics N/A a (201 8)
based on charts Infographics

explores data

~
DataShot
-
Creator Creator Creator - ‘:‘“; M E 19
mines data facts selects and arranges generates posters N/A —=31s | | £
Q from datasets facts in clusters with charts and texts AI -creator
— —
Optimizer Optimizer ARp L (2019)
N / A = 1w W9

Data
customizes the
styles of posters Data Poster

ED fge

N/A adjusts fact selection
and organization

[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:

Implementation

Communication

2 B
Data g

& -

Data

Analysis Planning
InfoNice
N/A N/A N/A N/A
Creator Creator
plots charts to N/A produces infographics N/A
explores data based on charts
DataShot
& Creator Creator Creator
N/A
mines data facts selects and arranges generates posters
an from datasets facts in clusters with charts and texts
Optimizer Optimizer
g N/A adjusts fact selection customizes the N/A
and organization styles of posters
Notable
Assistant Creator Creator
suggests data facts arranges the sequence generates slides N/A
of facts in slides with charts and texts
Optimizer
N/A

& -

Data

Creator

explores data with
charts in notebooks

B
L in created charts

Optimizer

adjusts the
fact organization

customizes texts or edits
slides with PowerPoint

IIIII
—

[ii‘i‘izi‘ =

Infographics

Slides

17

Human-

creator
(2018)

Al-creator
(2019)

Mix-creator

(2023)

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



Creative Design of Animated Text

* Leverage Al to transfer motion design
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Creative Design of Animated Text
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Dynamic Typography: Bringing Text to Life via Video

Diffusion Prior
A camel walks steadily across the desert o o o s * .
Zichen Liu *, Yihao Meng *, Hao Ouyang, Yue Yu, Bolin Zhao,
c A M E l Daniel Cohen-Or, Huamin Qu
- IEEE/CVF International Conference on Computer Vision (ICCV),
2025
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Conclusions

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

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

e Human-Al co-creation is a growing trend.
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